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Preface

Our purpose in writing this book is to provide a gentle introduction to a subject
that is enjoying a surge in interest. We believe that the subject is fascinating
in its own right, but the increase in interest can be attributed to several factors.
One factor is the realization that networks are “everywhere”. From social net-
works such as Facebook, the World Wide Web and the Internet to the complex
interactions between proteins in the cells of our bodies, we face the challenge
of understanding their structure and development. By and large natural net-
works grow in an unpredictable manner and this is often modeled by a random
construction. Another factor is the realization by Computer Scientists that NP-
hard problems are often easier to solve than their worst-case suggests and that
an analysis of running times on random instances can be informative.

History

Random graphs were used by ErdSs [274] to give a probabilistic construction
of a graph with large girth and large chromatic number. It was only later that
Erd6s and Rényi began a systematic study of random graphs as objects of
interest in their own right. Early on they defined the random graph G, ,, and
founded the subject. Often neglected in this story is the contribution of Gilbert
[367] who introduced the model G, ,, but clearly the credit for getting the
subject off the ground goes to Erd6s and Rényi. Their seminal series of papers
[275], [277], [278], [279] and in particular [276], on the evolution of random
graphs laid the groundwork for other mathematicians to become involved in
studying properties of random graphs.

In the early eighties the subject was beginning to blossom and it received a
boost from two sources. First was the publication of the landmark book of Béla
Bollobas [130] on random graphs. Around the same time, the Discrete Math-
ematics group in Adam Mickiewicz University began a series of conferences
in 1983. This series continues biennially to this day and is now a conference
attracting more and more participants.

The next important event in the subject was the start of the journal Random
Structures and Algorithms in 1990 followed by Combinatorics, Probability and

vi
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Computing a few years later. These journals provided a dedicated outlet for
work in the area and are flourishing today.

Scope of the book

We have divided the book into four parts. Part one is devoted to giving a de-
tailed description of the main properties of G, ,, and G, ,. The aim is not
to give best possible results, but instead to give some idea of the tools and
techniques used in the subject, as well to display some of the basic results
of the area. There is sufficient material in part one for a one semester course
at the advanced undergraduate or beginning graduate level. Once one has fin-
ished the content of the first part, one is equipped to continue with material of
the remainder of the book, as well as to tackle some of the advanced mono-
graphs such as Bollobés [130] and the more recent one by Janson, Luczak and
Rucinski [432].

Each chapter comes with a few exercises. Some are fairly simple and these
are designed to give the reader practice with making some the estimations that
are so prevalent in the subject. In addition each chapter ends with some notes
that lead through references to some of the more advanced important results
that have not been covered.

Part two deals with models of random graphs that naturally extend G, ,,, and
Gp,p. Part three deals with other models. Finally, in part four, we describe some
of the main tools used in the area along with proofs of their validity.

Having read this book, the reader should be in a good position to pursue
research in the area and we hope that this book will appeal to anyone interested
in Combinatorics or Applied Probability or Theoretical Computer Science.

Acknowledgement

Several people have helped with the writing of this book and we would like to
acknowledge their help. First there are the students who have sat in on courses
based on early versions of this book and who helped to iron out the many typo’s
etc.

We would next like to thank the following people for reading parts of the
book before final submission: Andrew Beveridge, Deepak Bal, Malgosia Bed-
narska, Patrick Bennett, Mindaugas Blozneliz, Antony Bonato, Boris Bukh,
Fan Chung, Amin Coja-Oghlan, Colin Cooper, Andrzej Dudek, Asaf Ferber,



viii Preface

Nikolas Fountoulakis, Catherine Greenhill, Dan Hefetz, Paul Horn, Hsien—
Kuei Hwang, Jerzy Jaworski, Tony Johansson, Mihyun Kang, Michael Kriv-
elevich, Tomasz fuczak, Colin McDiarmid, Andrew McDowell, Hosam Mah-
moud, Mike Molloy, Tobias Miiller, Rajko Nenadov, Wesley Pegden, Boris Pit-
tel, Dan Poole, Pawel Prafat, Andrzej Rucifiski, Katarzyna Rybarczyk, Yilun
Shang, Matas Silekis, Greg Sorkin, Joel Spencer, Dudley Stark, Angelika Ste-
ger, Prasad Tetali, Andrew Thomason, Linnus Wistlund, Nick Wormald, Stephen
Young.
Thanks also to Béla Bollobas for his advice on the structure of the book.

Conventions/Notation

Often in what follows, we will give an expression for a large positive integer. It
might not be obvious that the expression is actually an integer. In which case,
the reader can rest assured that he/she can round up or down and obtained any
required property. We avoid this rounding for convenience and for notational
purposes.

In addition we list the following notation:
Mathematical relations

(x) = 0(g(x)): | f(x)] < K|g(x)| for some constant K > 0 and all x € R.

(x) = ©(g(x): £(n) = O(g(x)) and g(x) = O(F(x)).
(x) =0(g(x)) asx — a: f(x)/g(x) > 0asx —a.

A < B: A/B is sufficiently small for the succeeding arguments.

A > B: A/B is sufficiently large for the succeeding arguments.

A~ B: A/B — 1 as some parameter converges to 0 or oo or another limit.

[n]: This is {1,2,...,n}. In general, if a < b are positive integers, then

[a,b] = {a,a+1,...,b}.

If S is a set and k is a non-negative integer then (i) denotes the set of k-

f
f
f

element subsets of S. In particular, ([Z]) dnotes the set of k-sets of {1,2,...,n}.
Graph Notation

G = (V,E): V =V(G) is the vertex set and E = E(G) is the edge set.
e(G): |E(G)|.

N(S) = Ng(S) where S CV(G). {w ¢ S: 3v € Ssuch that {v,w} € E}.
For a graph H, aut(H) denotes the number of automorphisms of H.

Random Graph Models
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[n]: The set {1,2,...,n}.

4, m: The family of all labeled graphs with vertex set V = [n] = {1,2,...,n}
and exactly m edges.

Gy m:A random graph chosen uniformly at random from ¥, ,,.
Enm=E(Gypm).

Gy,p: A random graph on vertex set [n] where each possible edge occurs
independently with probability p.

Ewp=E(G,)).

(G,ffnk : Gy m, conditioned on having minimum degree at least k.

Gnn,p: A random bipartite graph with vertex set consisting of two disjoint
copies of [n] where each of the n” possible edges occurs independently with
probability p.

Gy r: A random r-regular graph on vertex set [n].

%,.a: The set of graphs with vertex set [n] and degree sequence
d=(d,da,...,dy).

Gn,a: A random graph chosen uniformly at random from %, 4.

H, mk: A random k-uniform hypergraph on vertex set [1] and m edges of
size k.

H,, p.: A random k-uniform hypergraph on vertex set [n] where each of the
(’Z) possibles edge occurs independently with probability p.

Gr_our: A random digraph on vertex set [n] where each v € [n] independently
chooses k random out-neighbors.

Gg—our: The graph obtained from @k,am by ignoring orientation and coa-
lescing multiple edges.

Probability

P(A): The probability of event A.

EZ: The expected value of random variable Z.

h(Z): The entropy of random variable Z.

Po(A): A random variable with the Poisson distribution with mean A.
N(0,1): A random variable with the normal distribution, mean 0 and vari-
ance 1.

Bin(n, p): A random variable with the binomial distribution with parameters
n, the number of trials and p, the probability of success.

EXP(A): A random variable with the exponential distribution, mean 4 i.e.
P(EXP(1) > x) = e~ **. We sometimes say rate 1/A in place of mean A.
w.h.p.: A sequence of events o7,,n = 1,2,..., is said to occur with high
probability (wh.p.) if lim, . P(<7,) = 1.
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d . d . . N
e —: We write X,, — X to say that a random variable X,, converges in distribu-
. . . . d
tion to a random variable X, as n — oo. Occasionally we write X, — N(0, 1)

(resp. X, KN Po(A)) to mean that X has the corresponding normal (resp. Pois-
son) distribution.
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BASIC MODELS






1
Random Graphs

Graph theory is a vast subject in which the goals are to relate various graph
properties i.e. proving that Property A implies Property B for various proper-
ties A,B. In some sense, the goals of Random Graph theory are to prove results
of the form “Property A almost always implies Property B”. In many cases
Property A could simply be “Graph G has m edges”. A more interesting exam-
ple would be the following: Property A is “G is an r-regular graph, r > 3” and
Property B is “G is r-connected”. This is proved in Chapter 10.

Before studying questions such as these, we will need to describe the basic
models of a random graph.

1.1 Models and Relationships

The study of random graphs in their own right began in earnest with the sem-
inal paper of Erd6és and Rényi [276]. This paper was the first to exhibit the
threshold phenomena that characterize the subject.

Let ¢, ,, be the family of all labeled graphs with vertex set V = [n] =
{1,2,...,n} and exactly m edges, 0 < m < (4). To every graph G € &, ., we

assign a probability
)
P(G) = .
@-(1)

Equivalently, we start with an empty graph on the set [r], and insert m edges
in such a way that all possible ((,’3?) choices are equally likely. We denote such
a random graph by G, ,, = ([n], E, ) and call it a uniform random graph.

We now describe a similar model. Fix 0 < p < 1. Then for 0 < m < (3),
assign to each graph G with vertex set [n] and m edges a probability

P(G) = p"(1—p)&) =,

where 0 < p < 1. Equivalently, we start with an empty graph with vertex set
[n] and perform (%) Bernoulli experiments inserting edges independently with
probability p. We call such a random graph, a binomial random graph and
denote it by G, , = ([n], E, ). This was introduced by Gilbert [367]

3



4 Random Graphs

As one may expect there is a close relationship between these two models
of random graphs. We start with a simple observation.

Lemma 1.1 A random graph G, p, given that its number of edges is m, is

equally likely to be one of the ((:}?) graphs that have m edges.
Proof Let Gy be any labeled graph with m edges. Then since
{Gnp = Go} C{[Enp| =m}

we have

IPG :G7E’ =m
P(Gn,p:G0‘|En7p|:m): ( np O| ",P| )

P(|En.,p| =m)
_ P(G,,p, = Go)
P(|Enp| =m)

p(1—p)&)
((r%))pm(] -p) (3)-m

_ ((33)?

Thus G, , conditioned on the event {G,, , has m edges} is equal in distri-

bution to G, ,, the graph chosen uniformly at random from all graphs with m
edges.
Obviously, the main difference between those two models of random graphs
is that in G, ,, we choose its number of edges, while in the case of G, , the
number of edges is the Binomial random variable with the parameters (g) and
p. Intuitively, for large n random graphs G,,,, and G,,, should behave in a
similar fashion when the number of edges m in G, , equals or is “close” to the
expected number of edges of G, ,, i.e., when

O

n n’p
= ~ — 1.1
m (2> PR (.1
or, equivalently, when the edge probability in G, ,
2m
pr 2 (1.2)
n

Throughout the book, we will use the notation f = g to indicate that f = (1+
o(1))g, where the o(1) term will depend on some parameter going to 0 or co.
We next introduce a useful “coupling technique” that generates the random
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graph G, , in two independent steps. We will then describe a similar idea in
relation to G,, ,,. Suppose that p; < p and p; is defined by the equation

l—p=(1-=p1)(1—-p2), (1.3)
or, equivalently,
p=p1+p2—pip2.

Thus an edge is not included in G, , if it is not included in either of G, p, or
Gnp,-
It follows that

Gnp =Gnp, UGy p,,
where the two graphs G, p, , G, p, are independent. So when we write

G"al’l < G”aP’

we mean that the two graphs are coupled so that G,, , is obtained from G,, ,, by
superimposing it with G, ,, and replacing eventual double edges by a single
one.

We can also couple random graphs G, ,,, and G, ,,, Where my > mp via

Gnmy = Gpymy UHL

Here H is the random graph on vertex set [n] that has m = my — m; edges
chosen uniformly at random from ( [;’]) \Epm,-

Consider now a graph property & defined as a subset of the set of all labeled
graphs on vertex set [n], i.e., & C 2(). For example, all connected graphs (on
n vertices), graphs with a Hamiltonian cycle, graphs containing a given sub-
graph, planar graphs, and graphs with a vertex of given degree form a specific
“graph property”.

We will state below two simple observations which show a general relation-
ship between G, ,, and G,, ,, in the context of the probabilities of having a given
graph property &.

Lemmal.2 Let & be any graph property and p=m/ (;) where m=m(n)— o,
(g) —m — oo. Then, for large n,

P(Gpm € P) < 10m'*P(G, , € 2).
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Proof By the law of total probability,

(5)
P(Gup€ P)=Y P(Gup€ P ||En,| =k)P(|Ey,| =k)
k=0
(3)
=Y P(Gux € P)P(|En,| =k)
k=0

>P(Gum € P)P(|Enp| =m).

Recall that the number of edges |E, ,| of a random graph G,, , is a random
n

variable with the Binomial distribution with parameters (2) and p. Applying
Stirling’s Formula:

k
k= (1+0(1)) (’;) V2rk, (1.4)

and putting N = (}), we get

it = (a9
NN\27N p™(1—p)N—m

=(1+0(1 1.5
o) N 2 =) )
N
=(1 +o(1)),/72m(N7m),
Hence
1
P(>|En,p| =m) > T0ym’
SO
P(Gpm € P) < 10m'*P(G, , € 2).
O

We call a graph property &2 monotone increasing if G € & implies G+ e €
2, i.e., adding an edge e to a graph G does not destroy the property. For ex-
ample, connectivity and Hamiltonicity are monotone increasing properties. A
monotone increasing property is non-trivial if the empty graph K, ¢ & and
the complete graph K, € Z.

A graph property is monotone decreasing if G € &2 implies G—e € £, i.e.,
removing an edge from a graph does not destroy the property. Properties of a
graph not being connected or being planar are examples of monotone decreas-
ing graph properties. Obviously, a graph property &7 is monotone increasing if
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and only if its complement is monotone decreasing. Clearly not all graph prop-
erties are monotone. For example having at least half of the vertices having a
given fixed degree d is not monotone.

From the coupling argument it follows that if &7 is a monotone increasing
property then, whenever p < p’ orm < ',

P(G,p € ) <P(G,y € Z), (1.6)
and
P(Gum € ) <P(G,,w € P), 1.7)

respectively.

For monotone increasing graph properties we can get a much better upper
bound on P(Gy,, € &), in terms of P(G,,, € &), than that given by Lemma
1.2.

Lemma 1.3 Let & be a monotone increasing graph property and p = 4.
Then, for large n and p such that Np,N(1 — p)/(Np)'/? — oo,

P(Gum e P) <3P(G, ), € &).

Proof Suppose & is monotone increasing and p = §, where N = (g) Then

P(Gyp€ P) = ZIP nk € P)P(|E, p| = k)

> . B(Gox € 2)Bl(Eny| )

k=m

However, by the coupling property we know that for k > m,
P(Gui € P) > P(Gym € Z).
The number of edges |E, ,| in G, , has the Binomial distribution with param-

eters N, p. Hence

N
P(Gup e P)>P(Gume 2) Z P(|Enp| = k)
k=m

N
=P(Gume 2) Y u, (1.8)
k=m

where
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Now, using Stirling’s formula,

NVp"(1—pN" 1+o(1)
mm(N —m)N-m(2zm)l/2 — (2wm)1/2’

um = (14o0(1))
Furthermore, if k = m +¢ where 0 < t < m!/? then

Uk+1 (N—k)p 1- Ntfm

we  (k+1)(1—-p) 1441
1
>exp{—t—t+} =1-o0(1),

N—m—t m

after using Lemma 21.1(a),(b) to obtain the first inequality and our assumptions
on N, p to obtain the second.
It follows that

1/2
m-rm-'=

1—o(1) /! 2
Z u 2 0( ) / efx /2d.XZ
= Jx=0

(USRI

and the lemma follows from (1.8). O]

Lemmas 1.2 and 1.3 are surprisingly applicable. In fact, since the G, )
model is computationally easier to handle than G, ,,, we will repeatedly use
both lemmas to show that P(G, , € &) — 0 implies that P(G,,,, € &) = 0
when n — oo. In other situations we can use a stronger and more widely appli-
cable result. The theorem below, which we state without proof, gives precise
conditions for the asymptotic equivalence of random graphs G, , and G, .. It
is due to Luczak [535].

Theorem 1.4 Let 0 < pg < 1, s(n) = ny/p(1 — p) — oo, and ®(n) — o ar-
bitrarily slowly as n — oo,

(i) Suppose that & is a graph property such that P(G,, ,, € &) — po for all

me [(’;) p—on)s(n), (Z) P+ a)(n)s(n)] :

Then P(G, , € &) — po as n — oo,

(ii) Let p— = p—(n)s(n)/n® and p; = p+ @(n)s(n)/n’ Suppose that 2 is
a monotone graph property such that P(G,, ,_ € &) — poand P(G,,p, €
P) = po. Then P(G,,,y € P) — po, as n — oo, where m = \_(g)pj
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1.2 Thresholds and Sharp Thresholds

One of the most striking observations regarding the asymptotic properties of
random graphs is the “abrupt” nature of the appearance and disappearance of
certain graph properties. To be more precise in the description of this phe-
nomenon, let us introduce threshold functions (or just thresholds) for mono-
tone graph properties. We start by giving the formal definition of a threshold
for a monotone increasing graph property &.

Definition 1.5 A function m* = m*(n) is a threshold for a monotone increas-
ing property & in the random graph G, ,, if

lim P(G, € P) =

n—oo

0 ifm/m*—0,
1 ifm/m* — oo,

as n — oo,

A similar definition applies to the edge probability p = p(n) in a random
graph G,, ..

Definition 1.6 A function p* = p*(n) is a threshold for a monotone increas-
ing property & in the random graph G, , if

{O if p/p* =0,

lim P(G, , € &) =
(Gnp e 2) 1 if p/p* — oo,

n—so0
as n — oo,

It is easy to see how to define thresholds for monotone decreasing graph
properties and therefore we will leave this to the reader.

Notice also that the thresholds defined above are not unique since any func-
tion which differs from m* (n) (resp. p*(n)) by a constant factor is also a thresh-
old for .

A large body of the theory of random graphs is concerned with the search for
thresholds for various properties, such as containing a path or cycle of a given
length, or, in general, a copy of a given graph, or being connected or Hamilto-
nian, to name just a few. Therefore the next result is of special importance. It
was proved by Bollobds and Thomason [150].
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Theorem 1.7 Every non-trivial monotone graph property has a threshold.

Proof Without loss of generality assume that &2 is a monotone increasing
graph property. Given 0 < € < 1 we define p(€) by

P(G}LP(S) e P)=¢.
Note that p(€) exists because
P(Gupe?)= Y pF p)N I
Ge

is a polynomial in p that increases from O to 1. This is not obvious from the
expression, but it is obvious from the fact that & is monotone increasing and
that increasing p increases the likelihood that G, , € &.

We will show that p* = p(1/2) is a threshold for &. Let G1,Ga,...,Gi
be independent copies of G, ,. The graph G; UG, U ... U Gy is distributed as

Gn717<]7p)k. Now 1 —(1— p)k < kp, and therefore by the coupling argument

Gn,lf(lfp)k - G’Lkﬂ’
and so G, , ¢ & implies G1,Gy,...,Gr ¢ . Hence
P(Guip ¢ ) < [P(Gup ¢ 2))".

Let @ be a function of n such that @ — oo arbitrarily slowly as n — oo, @® <
loglogn. (We say that f(n) < g(n) or f(n) = o(g(n)) if f(n)/g(n) — 0 as
n — oo. Of course in this case we can also write g(n) > f(n).) Suppose also
that p = p* = p(1/2) and k = @. Then

P(Gpop € P) <27?=0(1).

On the other hand for p = p*/ @,

% =P(Cup ¢ P) < [P(Gyprjo & 2)]°
So
P(Guprjof P) =27/ =1-0(1).
O

In order to shorten many statements of theorems in the book we say that a
sequence of events &;, occurs with high probability (w.h.p.) if
lim P(&,) =1
n—eo
Thus the statement that says p* is a threshold for a property &7 in G, , is the
same as saying that G, , ¢ & w.h.p. if p < p*, while G, , € & w.h.p. if
p>pt.
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In many situations we can observe that for some monotone graph properties
more “subtle” thresholds hold. We call them “sharp thresholds”. More pre-
cisely,

Definition 1.8 A function m* = m*(n) is a sharp threshold for a monotone
increasing property & in the random graph G, if for every € > 0,

. O if m/m*<1-¢
JﬂP(G”*’”E%_{l if m/m*>1+e.

A similar definition applies to the edge probability p = p(n) in the random
graph G,, ..

Definition 1.9 A function p* = p*(n) is a sharp threshold for a monotone
increasing property & in the random graph G, ,, if for every € >0

. _J O if p/pr<l-e¢
}Eﬂp(@”*’e%_{l if p/p*>1+e.

We will illustrate both types of threshold in a series of examples dealing with
very simple graph properties. Our goal at the moment is to demonstrate basic
techniques to determine thresholds rather than to “discover” some “striking”
facts about random graphs.

We will start with the random graph G,, ;, and the property

& = {all non-empty (non-edgeless) labeled graphs on n vertices}.

This simple graph property is clearly monotone increasing and we will show
below that p* = 1/n? is a threshold for a random graph Gp,p of having at least
one edge (being non-empty).

Lemma 1.10 Let & be the property defined above, i.e., stating that G, ,
contains at least one edge. Then

lim P(G, , € 2) =

n—oo

0 if p<n?
1 if p>n2
Proof Let X be a random variable counting edges in G, ,. Since X has the

Binomial distribution, then EX = (5) p, and VarX = (5) p(1—p) = (1-p) EX.
A standard way to show the first part of the threshold statement, i.e. that
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w.h.p. arandom graph G,, ,, is empty when p = o(n=?), is a very simple conse-
quence of Markov’s inequality, called the First Moment Method, see Lemma
20.2. It states that if X is a non-negative integer valued random variable, then

P(X > 0) < EX.

Hence, in our case

2
P(X>O)§%p—>0

as n — oo, since p K n2.

On the other hand, if we want to show that P(X > 0) — 1 as n — oo then
we cannot use the First Moment Method and we should use the Second Mo-
ment Method, which is a simple consequence of the Chebyshev inequality,
see Lemma 20.3. We will use the inequality to show concentration around the
mean. By this we mean that w.h.p. X ~ EX. The Chebyshev inequality states
that if X is a non-negative integer valued random variable then

Var X
(EX)*

PX>0)>1-—

Hence P(X > 0) — 1 as n — o whenever VarX /(EX)? — 0 as n — o. (For
proofs of both of the above Lemmas see Section 20.1 of Chapter 20.)
Now, if p > n~2 then EX — oo and therefore

VarX 1-p

EX)2 EX 0

as n — oo, which shows that the second statement of Lemma 1.10 holds, and
so p* = 1/n? is a threshold for the property of Gp,p being non-empty. O

Let us now look at the degree of a fixed vertex in both models of random
graphs. One immediately notices that if deg(v) denotes the degree of a fixed
vertex in G, p, then deg(v) is a binomially distributed random variable, with
parameters n — 1 and p, i.e., ford =0,1,2....n—1,

prgeets) =) = (" )1 p

while in Gy, the distribution of deg(v) is Hypergeometric, i.e.,

()
((3)) '

m

P(deg(v) = d) =
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Consider the monotone decreasing graph property that a graph contains an
isolated vertex, i.e. a vertex of degree zero:

& = {all labeled graphs on n vertices containing isolated vertices}.

We will show that m* = %nlogn is the sharp threshold function for the above
property & in Gy, .

Lemma 1.11 Let & be the property that a graph on n vertices contains at
least one isolated vertex and let m = yn(logn+ ®(n)). Then

lim P(Gym € P) = {1 if o(n) = —eo

n—yeo 0 if o(n)— oo

Proof To see that the second statement of Lemma 1.11 holds we use the First
Moment Method. Namely, let Xy = X, o be the number of isolated vertices in
the random graph Gy, ,,. Then X; can be represented as the sum of indicator
random variables

Xo= Y L,

veV

where

1 if v is anisolated vertex in Gy,
0 otherwise.

" (nf)m mol (1‘ n(n—l)(n—4zf>—2i<n—2>> -

() (o)), 0o

assuming that @ = o(logn).
Hence,

n—2\" _m —o
EXo<n|—— <ne n =e *,
n

for m = {n(logn+ o(n)).
(1+x < € is one of the basic inequalities stated in Lemma 21.1.)
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So EXy — 0 when @(n) — o as n — o and the First Moment Method im-
plies that Xo = 0 w.h.p.

To show that Lemma 1.11 holds in the case when @ — —oo we first observe
from (1.9) that in this case

EXo = (1—o(1)n (”_2>m

> (1—0(1))nexp{—2’”2}
> (1= 0(1))e® — oo, (1.10)

The second inequality in the above comes from Lemma 21.1(b), and we have
once again assumed that @ = o(logn) to justify the first equation.

We caution the reader that EXy — oo does not prove that Xp > 0 w.h.p. In
Chapter 5 we will see an example of a random variable Xz, where EXpy — oo
and yet Xy = 0 w.h.p.

We will now use a stronger version of the Second Moment Method (for
its proof see Section 20.1 of Chapter 20). It states that if X is a non-negative
integer valued random variable then

P(X > 0) > (1.11)

Notice that

2
EX;=E <Z 1V> = Y E(b)

veV u,vevV
=Y PU,=11=1)
u,veV
=Y P(l,=1,1,=1)+ Y P(,=1,1,=1)
u#v u=v

= (140(1))(EXy)*> +EX,.

The last equation follows from (1.9).



1.2 Thresholds and Sharp Thresholds 15

Hence, by (1.11),

(EXp)?
1+0(1)(EXo)2 +EXo)
1
" (I+o(1)+(EXy) !
=1 _0(1)7

on using (1.10). Hence P(Xy > 0) — 1 when @(n) — —co as n — oo, and so we
can conclude that m = m(n) is the sharp threshold for the property that G, ,,
contains isolated vertices. O

For this simple random variable, we worked with G,, ,,. We will in general
work with the more congenial independent model G, , and translate the results
to Gy, if so desired.

For another simple example of the use of the second moment method, we
will prove

Theorem 1.12  Ifm/n — oo then w.h.p. G,, ,, contains at least one triangle.

Proof Because having a triangle is a monotone increasing property we can
prove the result in G, , assuming that np — oo.

Assume first that np = @ < logn where ® = @(n) — o and let Z be the
number of triangles in G, ,. Then

3

EZ = (Z),ﬁ > (1 _0(1))% S oo

We remind the reader that simply having [EZ — o is not sufficient to prove that
Z >0 w.h.p.
Nextlet 7y, Ts,..., Ty,M = (3) denote the triangles of K. Then

M
EZ*= Y P(T,T; € G,p)
i,j=1
M
= IP>(Ti € Gn,p)

i=1 j

g

P(Tj € Gnp | T; € Gy ) (1.12)

—_

Mz T

=MP(Ti €G,p) ) P(T;€G,p, | T €Gypp) (1.13)

~
I

M
= ]EZX ZP(T} e Gnm | T1 S Gn,p)~
j=1
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Here (1.13) follows from (1.12) by symmetry.
Now suppose that 7}, T} share o; edges. Then
M
Z P(T; € Gup | Th € Gyp)
j=1
=1+ Y P(T;€Gup|Ti €Gup)+

j:Uj:I

Y P(T;€G,,|Ti€G,p)

J:0;=0

—143(n—3)p* + <('3l> 3n+8) 7

302
<1+2=4EZ
n

It follows that

3w? )
VarZ < (EZ) |1+ —+EZ ) —(EZ)" <
n

Applying the Chebyshev inequality we get

VarZ 60>
<

PZz=0)<P(|Z-EZ >EZ) <
(z=0)<P(Z-EZ|>E2)< e < o

=o(1).
This proves the theorem for p < k’%. For larger p we can use (1.6). ]

We can in fact use the second moment method to show that if m/n — co then
w.h.p. G, ,, contains a copy of a k-cycle C for any fixed k > 3. See Theorem
5.3, see also Exercise 1.4.7.

1.3 Pseudo-Graphs

We sometimes use one of the two the following models that are related to G, ,
and have a little more independence. (We will use Model A in Section 7.3 and
Model B in Section 6.4).

Model A: We let x = (x1,x2,...,X,) be chosen uniformly at random from
[n] 2m.

Model B: We let x = (x1,x2,...,X2,) be chosen uniformly at random from
()"

The (multi-)graph G%Z, X € {A,B} has vertex set [n] and edge set E,, =
{{x2i-1,%2:} : 1 <i < m}. Basically, we are choosing edges with replacement.
In Model A we allow loops and in Model B we do not. We get simple graphs
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from by removing loops and multiple edges to obtain graphs G,(g;) with m*

edges. It is not difficult to see that for X € {A, B} and conditional on the value
of m* that G,%f) is distributed as G,, ,,+, see Exercise (1.4.11).
More importantly, we have that for G1,G2 € 9, n,
P(anm =G | GSIX,,), is simple) = ]P((G,(IX,,), =G, | Gﬁ,x,,l is simple),  (1.14)

for X =A,B.
This is because fori = 1,2,

m!2" m!2"

(5) 2"
Indeed, we can permute the edges in m! ways and permute the vertices within
edges in 2" ways without changing the underlying graph. This relies on GS,X,,),
being simple.

Secondly, if m = cn for a constant ¢ > 0 then with N = (;) , and using Lemma
21.2,

PG = Gi) =

N\ m!2"
]P(G,(ﬁ is simple) > ( )m2m >
m n

N™ m?>  m | mm
e e

— (1—0(1))e €@+, (1.15)

It follows that if &2 is some graph property then

P(Gym e &) = ]P’(sz,z eZ| G,gf,), is simple) <
(1+0(1))e” T P(G) € 2). (1.16)

Here we have used the inequality P(A | B) <P(A)/P(B) for events A, B.

We will use this model a couple of times and (1.16) shows that if ]P(G,SX,,)Z IS
P) =o0(1) then P(G,, 1, € &) = 0(1), for m = O(n).

Model G,(f,zl was introduced independently by Bollobas and Frieze [140] and
by Chvatal [187].

1.4 Exercises

We point out here that in the following exercises, we have not asked for best
possible results. These exercises are for practise. You will need to use the in-
equalities from Section 21.1.
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1.4.1 Suppose that p = d/n where d = o(n'/?). Show that w.h.p. G, , has no
copies of Kj.

1.4.2 Suppose that p = d/n where d > 1. Show that w.h.p. G, , contains an
induced path of length (logn)'/2.

1.4.3 Suppose that p = d/n where d = O(1). Prove that for all S C [n], S| <
n/logn, we have e(S) < 2|S|, where ¢(S) is the number of edges con-
tained in S.

1.4.4 Suppose that p = logn/n. Let a vertex of G, , be small if its degree is
less than logn/100. Show that w.h.p. there is no edge of G, , joining
two small vertices.

1.4.5 Suppose that p = d/n where d is constant. Prove that w.h.p. no vertex
belongs to more than one triangle.

1.4.6 Suppose that p = d/n where d is constant. Prove that w.h.p. G, , con-
tains a vertex of degree at least (logn)'/2.

1.4.7 Suppose that k > 3 is constant and that np — co. Show that w.h.p. G, ,
contains a copy of the k-cycle, Cy.

1.4.8 Suppose that 0 < p < 1 is constant. Show that w.h.p. G, , has diameter
two.

1.4.9 Let f : [n] — [n] be chosen uniformly at random from all n” functions
from [n] — [n]. Let X = {j:Ais.t. f(i) = j}. Show that w.h.p. |X| =
e 'n.

1.4.10 Prove Theorem 1.4.
1.4.11 Show that conditional on the value of m** that fo’,‘n is distributed as
Gpm*, where X =A,B.

1.5 Notes

Friedgut and Kalai [315] and Friedgut [316] and Bourgain [154] and Bourgain
and Kalai [153] provide much greater insight into the notion of sharp thresh-
olds. Friedgut [314] gives a survey of these aspects. For a graph property <7
let u(p,o7) be the probability that the random graph G, , has property 7. A
threshold is coarse if it is not sharp. We can identify coarse thresholds with
p%f{) < C for some absolute constant 0 < C. The main insight into coarse
thresholds is that to exist, the occurrence of .o can in the main be attributed
to the existence of one of a bounded number of small subgraphs. For exam-
ple, Theorem 2.1 of [314] states that there exists a function K(C,€) such that
the following holds. Let o7 be a monotone property of graphs that is invariant
under automorphism and assume that p%};w < C for some constant 0 < C.
Then for every € > 0 there exists a finite list of graphs G1,Ga,..., G, all of
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which have no more than K(&,C) edges, such that if 4 is the family of graphs
having one of these graphs as a subgraph then y(p, #A%) < ¢.
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Evolution

Here begins our story of the typical growth of a random graph. All the results
up to Section 2.3 were first proved in a landmark paper by Erdds and Rényi
[276]. The notion of the evolution of a random graph stems from a dynamic
view of a graph process: viz. a sequence of graphs:

Gy = ([n],@),@l,Gz,...,Gm,...7GN =K,.

where G, is obtained from G,, by adding a random edge ¢,,. We see that
there are (;)' such sequences and G,, and G, ,, have the same distribution.
In process of the evolution of a random graph we consider properties possessed
by Gy or Gy w.h.p., when m = m(n) grows from 0 to (}), while in the case
of G, , we analyse its typical structure when p = p(n) grows from 0 to 1 as
n — oo,

In the current chapter we mainly explore how the typical component struc-
ture evolves as the number of edges m increases.

2.1 Sub-Critical Phase

The evolution of Erd8s-Rényi type random graphs has clearly distinguishable
phases. The first phase, at the beginning of the evolution, can be described
as a period when a random graph is a collection of small components which
are mostly trees. Indeed the first result in this section shows that a random
graph G, is w.h.p. a collection of tree-components as long as m = o(n), or,
equivalently, as long as p = o(n~') in Gy,p. For clarity, all results presented
in this chapter are stated in terms of G, ,,. Due to the fact that computations
are much easier for G, , we will first prove results in this model and then the
results for G, ,, will follow by the equivalence established either in Lemmas
1.2 and 1.3 or in Theorem 1.4. We will also assume, throughout this chapter,
that ® = @(n) is a function growing slowly with n, e.g. @ = loglogn will
suffice.

Theorem 2.1 Ifm < n, then G, is a forest w.h.p.

20
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Proof Suppose m=n/® and let N = (3), so p=m/N <3/(wn). Let X be
the number of cycles in G, ,. Then

ton\ (k—1)! 4
e £ )5
L) 2
n nk 3k
< -
~ & 2k oknk

=0(w3) = 0.

Therefore, by the First Moment Method, (see Lemma 20.2),
P(Gy,p is not a forest) =P(X > 1) <EX = o(1),
which implies that
P(G,,, is a forest) — 1 as n — oo.

Notice that the property that a graph is a forest is monotone decreasing, so by
Lemma 1.3

P(Gy, is a forest) — 1 as n — oo.

(Note that we have actually used Lemma 1.3 to show that P(G,,, is not a
forest)=o(1) implies that P(G,, is not a forest)=0(1).) O

We will next examine the time during which the components of G, are
isolated vertices and single edges only, w.h.p.

Theorem 2.2 Ifm < n'/? then G, is the union of isolated vertices and edges
w.h.p.

Proof Letp=m/N, m=n'/?/® and let X be the number of paths of length
two in the random graph G,, ,,. By the First Moment Method,

P(X >0)<EX=3(" 2o
=EAT6)P =N T

as n — oo. Hence
P(G,,, contains a path of length two) = o(1).

Notice that the property that a graph contains a path of a given length two is
monotone increasing, so by Lemma 1.3,

P(Gy, contains a path of length two) = o(1),
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and the theorem follows. O
Now we are ready to describe the next step in the evolution of G,,.

Theorem 2.3 [fm> n'/2, then G,, contains a path of length two w.h.p.

Proof Let p="2m = wn'/? and X be the number of paths of length two in
Gy,p. Then

Ex:3(;l>p2z2w2—>m,

as n — o=. This however does not imply that X > 0 w.h.p.! To show that X > 0
w.h.p. we will apply the Second Moment Method

Let &, be the set of all paths of length two in the complete graph K,,, and let
X be the number of isolated paths of length two in Gy,p i.e. paths that are also
components of G, ,. We will show that w.h.p. G, , contains such an isolated
path. Now,

X=Y Ircg,,
PePy

We always use I¢ to denote the indicator for an event &. The notation C; in-
dicates that P is contained in G, , as a component (i.e. P is isolated). Having
a path of length two is a monotone increasing property. Therefore we can as-
sume that m = o(n) and so np = o(1) and the result for larger m will follow
from monotonicity and coupling. Then

EX —_ 3 <;l) pz(] _p)3(n73)+1

as n — oo,
In order to compute the second moment of the random variable X notice
that,

562 _ *
X - Z Z IPgiGn.pIQgiGn.p - ZEngzlpgiGn.p[Qgith.177

PPy Qe P,
where the last sum is taken over P,Q € &2, such that either P = Q or P and
Q are vertex disjoint. The simplification that provides the last summation is
precisely the reason that we introduce path-components (isolated paths). Now

P

EX*=Y {Z]P’(Q CiGup| PCiGyyp) } P(P C; Gyp).
0
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The expression inside the brackets is the same for all P and so

EX*=EX |1 + Z ]P)(Q G Gn,p‘ P(1’2,3) G Gn,p) s
QmP(l.Zﬁ):@

where Py 5 3) denotes the path on vertex set [3] = {1,2,3} with middle vertex
2. By conditioning on the event P15 3) C; Gy p, i.e, assuming that P15 3) is a
component of Gy, p, we see that all of the nine edges between Q and Py 5 3)
must be missing. Therefore

n
3

So, by the Second Moment Method (see Lemma 20.5),

EX?><EX <1+3( >p2(l —p)3("—6>+1) <EX(1+(1-p) EX).

) (E

P(X >0) > (EX)*
E

)22 5 5
2 TEX(1+(1-p)EX)

X
X

as n — oo, since p — 0 and EX — oo. Thus
P(Gp,p contains an isolated path of length two) — 1,

which implies that P(G,,, contains a path of length two) — 1. As the property
of having a path of length two is monotone increasing it in turn implies that

P(G,, contains a path of length two) — 1
for m > n'/? and the theorem follows. O
From Theorems 2.2 and 2.3 we obtain the following corollary.

Corollary 2.4 The function m*(n) = n'/? is the threshold for the property
that a random graph G,, contains a path of length two, i.e.,

; 1/2
P(G,y, contains a path of length two) = {0(1) if m<n'l2.
1—o(1) if m>n'/2
As we keep adding edges, trees on more than three vertices start to appear.
Note that isolated vertices, edges and paths of length two are also trees on one,
two and three vertices, respectively. The next two theorems show how long we
have to “wait” until trees with a given number of vertices appear w.h.p.
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Theorem 2.5 Fixk>3. Ifm< n%, then w.h.p. Gy, contains no tree with k

vertices.

k=2
Proof Letm=ntT1 /@ and then p = § ~ —fry < ——. Let X denote

the number of trees with k vertices in Gy, ,. Let 1, T, . . ., Ty be an enumeration
of the copies of k-vertex trees in Kj,. Let

A; = {T; occurs as a subgraph in G, , }.

The probability that a tree T occurs in G, , is 1) where e(T) is the number
of edges of T'. So,

M
EX, =Y P(A) =Mp-".
t=1

But M = (Z) k*=2 since one can choose a set of k vertices in (Z) ways and then

by Cayley’s formula choose a tree on these vertices in k¥~ ways. Hence

EX, = (Z) K2 pht, 2.1)

Noting also that (see Lemma 21.1(c))

we see that

ne\k . 5 3 k=l
EXe< () # (wnk/<k—1>)

3kflek
T Rok1

as n — oo, seeing as k is fixed.
Thus we see by the first moment method that,

— 0,

P(G,,, contains a tree with k vertices) — 0.
This property is monotone increasing and therefore

P(Gy, contains a tree with k vertices) — 0.

O

Let us check what happens if the number of edges in G,, is much larger than
k=2

nk-1,

-2

k
Theorem 2.6 Fix k > 3. If m > nk-1, then w.h.p. G, contains a copy of every
fixed tree with k vertices.
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Proof Let p = §,m= @ntT where ® = o(logn) and fix some tree T with k
vertices. Denote by X; the number of isolated copies of T (T-components) in
Gy,p. Let aut (H) denote the number of automorphisms of a graph H. Note that
there are k!/aut(T) copies of T in the complete graph K;. To see this choose
a copy of T with vertex set [k]. There are k! ways of mapping the vertices of
T to the vertices of K;. Each map f induces a copy of T and two maps f1, f»
induce the same copy iff f>f| !'is an automorphism of 7.

k=2
=

So,
k—1
(1 +o<1>>(jj;2T) =

In (2.2) we have used the fact that @ = o(logn) in order to show that (1 —
p)k(nfk)+(§)fk+1 -1 _"_0(]).

Next let .7 be the set of copies of T in K, and Tjy) be a fixed copy of T on
vertices [k] of K,,. Then, arguing as in (2.3),

EX{)= Y, P(T2CiGup| Ti CiGryp)P(Ti S G p)
T],TzEE?

= EXI{ 1+ Z P(TZ - Gn,pl T[k] - Gn,p)
Tzeﬂ
V(Ty)N[k]=0

< EX/( (1 + (1 —p)_kz EXk) .
Notice that the (1 — p)”‘2 factor comes from conditioning on the event

Ty Ci Gp,p which forces the non-existence of fewer than k? edges.
Hence, by the Second Moment Method,

" EX;)?
P(X; > 0) > — (EX) —
EXk (1+(1*]7)7k EXk)

Then, by a similar reasoning to that in the proof of Theorem 2.3,
P(Gy, contains a copy of T) — 1,
asn — oo, O

Combining the two above theorems we arrive at the following conclusion.
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k=2

Corollary 2.7 The function m*(n) = nk=1 is the threshold for the property
that a random graph G, contains a tree with k > 3 vertices, i.e.,

=~
[N

o(1) if m<n
1—o(1) if m>nit

>~

P(G,, D k-vertex-tree) = {

In the Illﬁ)z(t theorem we show that “on the threshold” for k vertex trees, i.e.,
if m = cn¥=1, where c is a constant, ¢ > 0, the number of tree components of a
given order asymptotically follows the Poisson distribution. This time we will
formulate both the result and its proof in terms of G,,.

Theorem 2.8 Ifm = cnﬁ%l, where ¢ > 0, and T is a fixed tree with k > 3

vertices, then

o

P(G,y, contains an isolated copy of tree T) — 1 — e,

(2c)%1
aut(T) *
More precisely, the number of copies of T is asymptotically distributed as

as n — oo, where A =

the Poisson distribution with expectation A.

Proof Let T1,T,,...,Ty be an enumeration of the copies of some k vertex
tree T in K,.
Let

A; = {T; occurs as a component in G, }.

Suppose J C [M] = {1,2,...,M} with |J| =, where ¢ is fixed. Let A; =
NjesAj. We have P(A;) = 0 if there are i, j € J such that T;,T; share a ver-
tex. Suppose T;,i € J are vertex disjoint. Then

(n;kt)
2m= (k=1

N

()
Note that in the numerator we count the number of ways of choosing m edges
so that A; occurs.
If, say, r <logn, then

(3 =(-) (=35) = (o (%)),

P(A)) =

and so
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Then from Lemma 21.1(f),

("3 YL W(1-o(%
<m—é—m)0+“”) (m— (k= 1)1)]
(

(m— (k= 1)1)!
Nm— (k=)
= (o)) ==

Similarly, again by Lemma 21.1,

m
and so
m! m\ (k=1)t
P(A)) = (140(1))—————N"® D = (14 0(1)) (= .
(A1) = (o) == (1+0(1) (%)
Thus, if Zr denotes the number of components of G,, that are copies of T,
then,
! ! k—1
E Zr ~ 1 n k! (ﬂ)( )t
t I \k,k,k,...,k) \ aut(T) N
nkt K\ [ en2)/(k=1) (k=1
T (k) \ aut (T) N
A’t
~ F’
where
- (Zc)k—l
~ aut(T)’

So by Corollary 20.11 the number of copies of 7-components is asymptotically
distributed as the Poisson distribution with expectation A given above, which
combined with the statements of Theorem 2.1 and Corollary 2.7 proves the the-
orem. Note that Theorem 2.1 implies that w.h.p. there are no non-component
copies of T. O

We complete our presentation of the basic features of a random graph in
its sub-critical phase of evolution with a description of the order of its largest
component.
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Theorem 2.9 [fm= %cn, where 0 < ¢ < 1 is a constant, then w.h.p. the order
of the largest component of a random graph G, is O(logn).

The above theorem follows from the next three lemmas stated and proved in
terms of G, , with p =c¢/n, 0 < ¢ < 1. In fact the first of those three lemmas
covers a little bit more than the case of p=c/n, 0 <c < 1.

Lemma 2.10 [fp < % — n“%’ where @ = @ (n) — oo, then w.h.p. every com-
ponent in G, , contains at most one cycle.

Proof Suppose that there is a pair of cycles that are in the same component.
If such a pair exists then there is minimal pair Cy, (>, i.e., either C; and C, are
connected by a path (or meet at a vertex) or they form a cycle with a diagonal
path (see Figure 2.1). Then in either case, C; UC, consists of a path P plus
another two distinct edges, one from each endpoint of P joining it to another
vertex in P. The number of such graphs on & labeled vertices can be bounded
by kk!.

Let X be the number of subgraphs of the above kind (shown in Figure 2.1) in
the random graph G, ,. By the first moment method (see Lemma 20.2),

n
P(X >0)<EX<Y <Z> 12k pk 2.3)

k=4

2 w \k+1
< ka K (km)

[ Eor(- )
SJo w SPUTn)
2
sl

=o(1).

We remark for later use that if p = ¢/n, 0 < ¢ < 1 then (2.3) implies

P(X >0) < i Bt = om™). (2.4)

Hence, in determining the order of the largest component we may con-
centrate our attention on unicyclic components and tree-components (isolated
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Figure 2.1 C,UC,

trees). However the number of vertices on unicyclic components tends to be
rather small, as is shown in the next lemma.

Lemma 2.11 [f p =c/n, where 0 < ¢ < 1 is a constant, then in G, , w.h.p.
the number of vertices in components with exactly one cycle, is O(®) for any
growing function @.

Proof Let X} be the number of vertices on unicyclic components with k ver-
tices. Then

= <k> e @ kpk(1 = py B+ (), 25)
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The factor k=2 (%) in (2.5) is the number of choices for a tree plus an edge on k
vertices in [k]. This bounds the number C(k, k) of connected graphs on [k] with
k edges. This is off by a factor O(k'/2) from the exact formula which is given
below for completeness:

_ (kR (r=1)! krlN\/E k—1/2
C(k,k)_r[g(r)zrk ~ gk . (2.6)

The remaining factor, other than (7), in (2.5) is the probability that the k edges
of the unicyclic component exist and that there are no other edges on G,
incident with the k chosen vertices.
Noting also that by Lemma 21.1(d),

and so we get

ko k=1 k ck(k—1) | ¢
EX, < o St gk 1€~k Sl ok
~ k! nk
k
< & D e ket M) g
SE
1-e\k ¢
Sk(ce ) e2.
So,
n n k ¢
EY X <Y k(ce' ) ez =0(1), (2.7
k=3 k=3

since ce! ~¢ < 1 for ¢ # 1. By Markov’s inequality, if ® = @(n) — oo, (see

Lemma 20.1)
u 1
PlY X>o :0<)—>Oasn—><>o,
k=3 @

and the Lemma follows. O

After proving the first two lemmas one can easily see that the only remaining
candidate for the largest component of our random graph is an isolated tree.

Lemma 2.12 Let p = 1, where ¢ # 1 is a constant, & = ¢ — 1 —logc, and
o = w(n) — o, 0 =o(loglogn). Then

(i) w.h.p. there exists an isolated tree of order

1 5
k_ = « <logn— 2loglogn) -0,
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(ii) w.h.p. there is no isolated tree of order at least
k _1 Io n—§10 logn | +
+ =5 2 2 g10g

Proof Note that our assumption on ¢ means that « is a positive constant.
Let X} be the number of isolated trees of order k. Then

To prove (i) suppose k = O(logn). Then by using Lemma 21.1(a),(b) and Stir-
lings approximation (1.4) for k! we see that

n kk72

EX; = (1 +o(1));7(ce*0)k (2.9)
—(1+0(1))L(06176)k
o2m K2

(I+o(1)) n o
V2w k5/2e

Putting k = k_ we see that

(e70) 5/2
(] +0<1)) n e (logn) >AeO!(D’ (210)

EX, = n
YT o2 R n =

for some constant A > 0.

We continue via the Second Moment Method, this time using the Chebyshev
inequality as we will need a little extra precision for the proof of Theorem
2.14. Using essentially the same argument as for a fixed tree T of order k (see
Theorem 2.6), we get

EX2 <EX, (1 T —p)*kz]Exk) .
So
VarX, < EX; + (EXp)? ((1 )R- 1)
< EX; +2ck*(EX;)? /n.

Thus, by the Chebyshev inequality (see Lemma 20.3), we see that for any fixed
£>0,

1 2ck?

PX, —EXi| > eEXy) < ——+ —— =o0(1). 2.11
(1 Xk k| > k)_ngXk+£2n o(1) 2.11)

Thus w.h.p. X; > A¢*®/2 and this completes the proof of (i).
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For (ii) we go back to the formula (2.8) and write, for some new constant

A>0,
k—1
EX (ne>kkk_2 175 (E)kile—ckﬁ-%
= Vk 2n n

2An (E\kel ‘k)k
B a(kS/Z ’

where ¢ = ¢ (1 — £).
In the case ¢ < 1 we have ¢ye! =% < ce!~¢ and ¢ ~ ¢ and so we can write

3an { (e )" 3an ¢

Z ]EXk<Tk:Zk.+ or = i/z Y

=k, K=k,
3Ane %+ 3A+0 ad/2e— 00
= — _ | iz) - =o(1). (2.12)
cky/"(1—e"?) c(l—e®)

If ¢ > 1 then for k < @ we use ¢rel "% = ¢~ @ 01/logn) and for k > @ we
use ¢ > ¢/2 and ¢ye' % < 1 and replace (2.12) by

3An "ogn +o(1/logm)k , 6An ¢ 1
ka: BXes on Z (oerotiiozn) o L e el
+ = =n/logn

O

Finally, applying Lemmas 2.11 and 2.12 we can prove the following useful
identity: Suppose that x = x(c) is given as

x=x<c>={c - o=l

The solution in (0,1) toxe ™ =ce ¢ ¢> 1

Note that xe™™ increases continuously as x increases from 0 to 1 and then de-
creases. This justifies the existence and uniqueness of x.

Lemma 2.13 Ifp= < andc >0, ¢ # 1 is a constant, and x = x(c) is defined
above, then
1 & kk—l

k!

- (ce_c)k =1.
Y =1
Proof Assume first that ¢ < 1 and let X be the total number of vertices of

Gy,p that lie in non-tree components. Let X; be the number of tree-components
of order k. Then,

n= ikaJrX.
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So,

n= kEX,+EX.

k=1
Now,

(1) by (2.4) and (2.7), EX = O(1),

(i1) by (2.9),if k < k4. then

EX, = (1 +o(1))£k’<*2 (ce )"

So, by Lemma 2.12,

ky 7k—1
n=o(n)+ g Z % (cefc)k
k=1

_ nan KTk
_0<n)+;]§17<ce ) .

Now divide through by n and let n — .
This proves the identity for the case ¢ < 1. Suppose now that ¢ > 1. Then,

since x is a solution of equation ce ¢ =xe ™, 0 < x < 1, we have

oo kk—l N oo kk—l ok
Z i (ce )" = Z - (xe™)" =x,
k=1 " k=1 "~
by the first part of the proof (for ¢ < 1). O

We note that in fact, Lemma 2.13 is also true for ¢ = 1.

2.2 Super-Critical Phase

The structure of a random graph G,, changes dramatically when m = %cn
where ¢ > 1 is a constant. We will give a precise characterisation of this phe-
nomenon, presenting results in terms of G, and proving them for G, , with
p=c/n, c>1.

Theorem 2.14 If m = cn/2, ¢ > 1, then w.h.p. G, consists of a unique gi-

ant component, with (1 —*+o0(1))n vertices and (1 - f—i +0(1)) G edges.
Here 0 < x < 1 is the solution of the equation xe ™ = ce”“. The remaining

components are of order at most O(logn).



34 Evolution

Proof Suppose that Z; is the number of components of order k in Gy, ,. Then,
bounding the number of such components by the number of trees with k ver-
tices that span a component, we get

EZ < (’;) K2 ph (1= p)®) (2.13)
A (ne\k k=2 (€ k=1 —ck+ck?/n
< [ = _
~Vk ( k ) k (n) ¢

A k
< 165772 (Cel—c+ck/n)

Now let 8; = Bi(c) be small enough so that
Cel*C“rCﬁl < 1’

and let By = Po(c) be large enough so that

(celchrO(l))BOlogn < i2
n

If we choose B; and By as above then it follows that w.h.p. there is no compo-
nent of order k € [Bylogn, Bin].
Our next task is to estimate the number of vertices on small components i.e.
those of size at most fylogn.

We first estimate the total number of vertices on small tree components, i.e.,
on isolated trees of order at most By logn.
Assume first that 1 < k < kg, where ky = ﬁ logn, where « is from Lemma
2.12. It follows from (2.9) that

(5 fiﬂww

k
n S ke
227

using k=1 /k! < e, and ce=¢ < e~ ! for ¢ # 1 to extend the summation from kq
to infinity.

Putting € = 1/logn and using (2.11) we see that the probability that any
X, 1 <k < ko, deviates from its mean by more than 1+ € is at most

3, [ o (L2 oy,

k=1

where the n'/27°()) term comes from putting @ = ko /2 in (2.10).
Thus, if x = x(¢), 0 < x < 1 is the unique solution in (0, 1) of the equation
xe * =ce™¢, then w.h.p.,
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ko n & gkl o
k;lka%Ekglv(Xe )C)

nx

)

c

by Lemma 2.13.
Now consider kg < k < fBplogn.

Bologn n Bologn k
E Z kx| < Z (celfﬁ»ck/n)

k=ko+1 k=ko+1
=0 (n(celfc)ko)
o (n1/2+o(1)> '

So, by the Markov inequality (see Lemma 20.1), w.h.p.,

Bologn

Z kX;. = o(n).

k=ko+1

Now consider the number Y; of non-tree components with k vertices, 1 <k <
Bologn.

(Em) 8 O (6 0

Bologn

k
< Z k (Cel—c+ck/n)
k=1
=0(1).
So, again by the Markov inequality, w.h.p.,

Bologn
Z kY, = o(n).
k=1
Summarising, we have proved so far that w.h.p. there are approximately =
vertices on components of order k, where 1 < k < fplogn and all the remaining
giant components are of size at least f;n.
We complete the proof by showing the uniqueness of the giant component. Let

C1

logn
cr=c— and p; = —.
n
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Define p; by
l—p=(1-p))(1-p2)
. Then, see Section 1.2,

Gnp =Gnp, UG p, -

logn
n2

and note that py >

If xje™ = c1e !, then x| ~ x and so, by our previous analysis, w.h.p.,
Gy, p, has no components with number of vertices in the range [y logn, Bin].
Suppose there are components Cy,Cs, .. .,C; with |C;| > Bin. Here [ < 1/f;.
Now we add edges of G, ;, to G, ,,. Then

[
P(3i,j: no G, ), edge joins C; with C;) < (2> (1 ,pz)(ﬁm)z
< lze—ﬁlzlogn

=o(1).

So w.h.p. G, ,, has a unique component with more than fylogn vertices and it
has ~ (1— %) n vertices.

We now consider the number of edges in the giant Cy. Now we switch to
G = Gy, . Suppose that the edges of G are ey, e3,..., e, in random order. We
estimate the probability that e = e; = {x,y} is an edge of the giant. Let G,
be the graph induced by {ez,e3,...,e,}. Gy is distributed as G, ,—1 and so
we know that w.h.p. G has a unique giant C; and other components are of
size O(logn). So the probability that e is an edge of the giant is o(1) plus the

probability that x or y is a vertex of Cy. Thus,

P(e¢Co\|C1|zn(1—g>> :P(mcl:m |C1|zn(17;>)

_{, _I&] G 1Y a2
_(1 n) (1 = )~<C). (2.14)

It follows that the expected number of edges in the giant is as claimed. To
prove concentration, it is simplest to use the Chebyshev inequality, see Lemma
20.3. So, now fix i, j < m and let C; denote the unique giant component of
Gom— {ei,ej}. Then, arguing as for (2.14),

P(eje; CCo) =
o(1)+P(e;NCr # 0| e;NCy #0)P(e; NCa # 0)
= (140(1))P(e; € Co)P(e; C Cp).
In the o(1) term, we hide the probability of the event

{eiﬁCQ 7é(2),ejﬁC2 20,(3[06]'750}
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which has probability o(1). We should double this o(1) probability here to
account for switching the roles of i, j.
The Chebyshev inequality can now be used to show that the number of edges
is concentrated as claimed. O
We will see later, see Lemma 2.17, that w.h.p. each of the small components
have at most one cycle.

From the above theorem and the results of previous sections we see that,
when m = cn/2 and ¢ passes the critical value equal to 1, the typical structure of
arandom graph changes from a scattered collection of small trees and unicyclic
components to a coagulated lump of components (the giant component) that
dominates the graph. This short period when the giant component emerges
is called the phase transition. We will look at this fascinating period of the
evolution more closely in Section 2.3.

We know that w.h.p. the giant component of G, ,,,m = cn/2, ¢ > 1 has ~
1 — % vertices and ~ (1 — f—i) 5 edges. So, if we look at the graph H induced
by the vertices outside the giant, then w.h.p. H has ~ n; = 7% vertices and
~ m = xn; /2 edges. Thus we should expect H to resemble Gny.m,» which is
sub-critical since x < 1. This can be made precise, but the intuition is clear.

Now increase m further and look on the outside of the giant component.
The giant component subsequently consumes the small components not yet
attached to it. When m is such that m/n — oo then unicyclic components dis-
appear and a random graph G,, achieves the structure described in the next
theorem.

Theorem 2.15 Let @ = @(n) — o as n — oo be some slowly growing func-
tion. If m > @n but m < n(logn — ) /2, then Gy, is disconnected and all com-
ponents, with the exception of the giant, are trees w.h.p.

Tree-components of order k die out in the reverse order they were born, i.e.,
larger trees are “swallowed” by the giant earlier than smaller ones.

Cores

Given a positive integer k, the k-core of a graph G = (V,E) is the largest set
S C V such that the minimum degree Js in the vertex induced subgraph GIS]
is at least k. This is unique because if 8s > k and &7 > k then 8sur > k. Cores
were first discussed by Bollobés [129]. It was shown by Luczak [539] that for
k > 3 either there is no k-core in Gy, ;, or one of linear size, w.h.p. The precise
size and first occurrence of k-cores for k > 3 was established in Pittel, Spencer
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and Wormald [627]. The 2-core, C, which is the set of vertices that lie on at
least one cycle behaves differently to the other cores, k > 3. It grows gradually.
We will need the following result in Section 16.2.

Lemma2.16 Suppose that ¢ > 1 and that x < 1 is the solution to xe™™* = ce™ .
Then w.h.p. the 2-core Cy of Gy p, p = c/n has (1—x) (1 =% +0(1)) n vertices
and (1% +0(1))2 G edges.

Proof Fix v € [n]. We estimate P(v € C3). Let C; denote the unique giant
component of G; = G, , —v. Now G is distributed as G,_1,, and so C; ex-
ists w.h.p. To be in C,, either (i) v has two neighbors in C; or (ii) v has two

neighbors in some other component. Now because all components other than
C) have size O(logn) w.h.p., we see that

P((if)) =0(1)+n<0(l‘;‘°’”)) (%)2 —o(1).

Now w.h.p. |C}| ~ (1 — ’L—‘) n and it is independent of the edges incident with v
and so

P((i)) = o(1) + 1 —P(0 or 1 neighbors in Cy) =

=o(1)+(140(1))E (1 - ((1 - %)'Cl‘ +la| (1 - %)'CIH ;)) 2.15)
o(1)+1— (e~ 4 (c—x)e )

o()+(1-2) (1-3),

Cc

where the last line follows from the fact that e ¢ = f Also, one has to be

careful when estimating something like E (1 — %)‘Cll. For this we note that
Jensen’s inequality implies that

E (1 _ 5)\C1| > (1 _ E)Elcl‘ _ pctrto(l).

On the other hand, if n, = (1—2)n,

c\ I
E(1-7) <
B ((1- )" lei= 1 —otmg ) Plicil = (1ot

+P(|Cl| < (1 —0(1))ng) — e*CerJr()(l)_

It follows from (2.15) that E(|C5|) = (1 —x) (1 — £) n. To prove concentra-
tion of |C;|, we can use the Chebyshev inequality as we did in the proof of
Theorem 2.14 to prove concentration for the number of edges in the giant.
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To estimate the expected number of edges in C, we proceed as in Theorem
2.14 and turn to G = G, and estimate the probability that e; C C;. If G =
G\ e and Cj is the giant of G’ then e; is an edge of C; iff e; C C] or e; is
contained in a small component. This latter condition is unlikely. Thus,

P(ey CCy) =o(1)+E ('i”)z —o(1)+ (1 - %)2

The estimate for the expectation of the number of edges in the 2-core follows
immediately and one can prove concentration using the Chebyshev inequality.
O

2.3 Phase Transition

In the previous two sections we studied the asymptotic behavior of G, (and
Gy,p) in the “sub-critical phase” whenm = cn,c <1/2 (p=c/n,c < 1), as well
as in the “super-critical phase” when m > n/2 (p = ¢/n,c > 1) of its evolution.

We have learned that when m = cn, ¢ > 1/2 our random graph consists w.h.p.
of tree components and components with exactly one cycle (see Theorem 2.1
and Lemma 2.11). We call such components simple while components which
are not simple, i.e. components with at least two cycles, will be called complex.

All components during the sub-critical phase are rather small, of order logn,
tree-components dominate the typical structure of G,,, and there is no sig-
nificant gap in the order of the first and the second largest component. This
follows from Lemma 2.12. The proof of this lemma shows that w.h.p. there
are many trees of height k_. The situation changes when m > n/2, i.e., when
we enter the super-critical phase and then w.h.p. G,, consists of a single giant
complex component (of the order comparable to n), and some number of sim-
ple components, i.e., tree components and components with exactly one cycle
(see Theorem 2.14). One can also observe a clear gap between the order of the
largest component (the giant) and the second largest component which is of the
order O(logn). This phenomenon of dramatic change of the typical structure
of a random graph is called its phase transition.

A natural question arises as to what happens when m/n — 1/2, either from
below or above, as n — oo. It appears that one can establish, a so called, scaling
window or critical window for the phase transition in which G, is undergoing
a rapid change in its typical structure. A characteristic feature of this period is
that a random graph can w.h.p. consist of more than one complex component
(recall: there are no complex components in the sub-critical phase and there is
a unique complex component in the super-critical phase).



40 Evolution

Erdds and Rényi [276] studied the size of the largest tree in the random
graph G, ,, when m = n/2 and showed that it was likely to be around n?/3.
They called the transition from O(logn) through ®(n?/3) to Q(n) the “dou-
ble jump”. They did not study the regime m = n/2 + o(n). Bollobds [128]
opened the detailed study of this and Luczak [537] continued this analysis.
He established the precise size of the “scaling window” by removing a log-
arithmic factor from Bollobds’s estimates. The component structure of Gy,
for m = n/2 + o(n) is rather complicated and the proofs are technically chal-
lenging. We will begin by stating several results that give a an idea of the
component structure in this range, referring the reader elsewhere for proofs:
Chapter 5 of Janson, Luczak and Rucinski [432]; Aldous [15]; Bollobas [128];
Janson [419]; Janson, Knuth, Luczak and Pittel [436]; Luczak [537], [538],
[542]; Luczak, Pittel and Wierman [545]. We will finish with a proof by Nach-
mias and Peres that when p = 1/n the largest component is likely to have size
of order n?/3.

The first theorem is a refinement of Lemma 2.10.

Theorem 2.17 Let m = 5 —s, where s = s(n) > 0.

(a) The probability that Gy, ,, contains a complex component is at most n? / 4s3.
(b) If s> n2/3 then w. h.p. the largest component is a tree of size asymptotic to

The next theorem indicates when the phase in which we may have more than
one complex component “ends”, i.e., when a single giant component emerges.

Theorem 2.18 Let m = 5 +s, where s = s(n) > 0. Then the probability that
Gn,m contains more than one complex component is at most 6n*/° / s1/3,

O
For larger s, the next theorem gives a precise estimate of the size of the
largest component for s > n%/3. For s > 0 we let § > 0 be defined by

(2)wf)- (2ol 2)

Theorem 2.19 Let m = 5 +s where s >> n2/3. Then with probability at least
1—Tn?% /5113,

223
< -
-5

’L _ 2(s+5)n
n+2s
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where Ly is the size of the largest component in G, ,,. In addition, the largest
component is complex and all other components are either trees or unicyclic
components.

To get a feel for this estimate of L; we remark that

452 $3
-——4+0| ).
" (n2>

The next theorem gives some information about /-components inside the
scaling window m = n/2 + O(n*/3). An {-component is one that has ¢ more
edges than vertices. So trees are (-1)-components.

s§==s

Theorem 2.20 Let m = 5 + O(n*3) and let ry denote the number of (-
components in Gy . For every 0 < 6 < 1 there exists Cg such that if n is
sufficiently large, then with probability at least 1 — 6, Y y>3lry < Cs and the

number of vertices on complex components is at most Csn®/3.

One of the difficulties in analysing the phase transition stems from the need
to estimate C(k, £), which is the number of connected graphs with vertex set [£]
and ¢ edges. We need good estimates for use in first moment calculations. We
have seen the values for C(k,k — 1) (Cayley’s formula) and C(k, k), see (2.6).
For ¢ > 0, things become more tricky. Wright [726], [727], [728] showed that
Ciire = YkFHBED/2 for £ = o(k'/3) where the Wright coefficients 7y satisfy
an explicit recurrence and have been related to Brownian motion, see Aldous
[15] and Spencer [688]. In a breakthrough paper, Bender, Canfield and McKay
[71] gave an asymptotic formula valid for all k. Luczak [536] in a beautiful
argument simplified a large part of their argument, see Exercise (4.3.6). Bol-
lobés [130] proved the useful simple estimate Cy jyp < cl~t2pk+BE-1)/2 for
some absolute constant ¢ > 0. It is difficult to prove tight statements about
G m in the phase transition window without these estimates. Nevertheless, it
is possible to see that the largest component should be of size order n%/3
ing a nice argument from Nachmias and Peres. They have published a stronger
version of this argument in [599].

, us-

Theorem 2.21 Let p = % and A be a large constant. Let Z be the size of the
largest component in Gy, p. Then

U)P@Siﬂﬁzomly

w)P@zmﬁﬁ=0m4)
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Proof We will prove part (i) of the theorem first. This is a standard application
of the first moment method, see for example Bollobas [130]. Let X; be the
number of tree components of order k and let k € [1n?/3, An?/3]. Then, see
also (2.8),

EX, — (Z) K2 k11 _p)k(n—k)+(’§)—k+1.

But
(1 _p)k(zz—k)+<§>—k+1 ~ (1 _p)knsz/Z
= exp{(kn—k’/2)log(1 - p)}

{ kn—k2/2}
NeXxpy—— .

n

Hence, by the above and Lemma 21.2,

EX, ~ (2.16)

o R
Va2 P e [
So if

An2/3

X=1Y X

123

then

—3/6
e)C

A
\/275 / x5/2

:7A3/2 Al
NG +0(A7)

Arguing as in Lemma 2.12 we see that

EX? <EX;+ (1+0(1))(EXp)%,

EXX1) < (1+0(1))(EX)(EX;), k#1.

It follows that
EX? <EX+(1+0(1))(EX)%

Applying the second moment method, Lemma 20.6, we see that

1

PX>0)2 (EX)~'+1+40(1)
1
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which completes the proof of part (i).

To prove (ii) we first consider a breadth first search (BFS) starting from, say,
vertex x. We construct a sequence of sets S| = {x},S>,..., where

Sit1 ={v&S;:3Iwes; suchthat (v,w) € E(G,)}.

We have
E(|Sis1] 150 < (n=Isil) (1= (1= p))
< (n—|Si])[Silp
<8l
So
E|Sit1| <E[Si]| <. <E|S|=1. (2.17)

We prove next that

T =P(Sp #£0) < —. (2.18)

ENTIN

This is clearly true for k < 4 and we obtain (2.18) by induction from

n—1 _ . ) )
M1 < Z (n ) 1>p'(l —p)" (1= (1= m)h. (2.19)

i=1 \ !

To explain the above inequality note that we can couple the construction of
S1,82,...,Sx with a (branching) process where 7} = {1} and T}, is obtained
from 7} as follows: each T} independently spawns Bin(n — 1, p) individuals.
Note that |7}| stochastically dominates |Si|. This is because in the BFS process,
each w € Sy, gives rise to at most Bin(n — 1, p) new vertices. Inequality (2.19)
follows, because ;.1 # 0 implies that at least one of 1’s children give rise to
descendants at level k. Going back to (2.19) we get

et 1= (1=p)" ' = (1=p+p(1=m))" ' +(1-p)""
=1—(1—pm)"!

<1—1+(n—1)pm— (n2 1)p27r/?+ (n31)1>37f1§’
<m- (3 rom) @+ (3 +o) &

_ (1 _x ((;—&-0(1)) - (é+o(1)> 7rk>>

< m (l_zllﬁk) .
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This expression increases for 0 < m; < 1 and immediately gives 5 < 3/4 <
4/5. In general we have by induction that

I ST W
=% k) = k+1

completing the inductive proof of (2.18).

Let C, be the component containing x and let py = max{k : Sy # 0} in the
BFS from x. Let

X = ’{x: G| Zn2/3}‘ <X+ X,

where

X :Hx:|CX| >n?3 and px§n1/3}‘,

X, = Hx:px>nl/3}‘.

It follows from (2.18) that

4
P(p, > n'/?) < pYa

and so
EX, < 4n*/3.
Furthermore,

IP’{|CX| 2n2/3 andpxgnm}

g]P(|Sl|+...+|Sn1/3| Zn2/3>

< E(Stl+-- -+ 18,150)
s 273

< 1
_ma

after using (2.17). So EX; < n?/3 and EX < 5n2/3.

Now let Cy4x denote the size of the largest component. Now
Cmax < |X| +n2/3

where the addition of n2/3

So we have

accounts for the case where X = 0.

ECpr < 6n%/3
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and part (ii) of the theorem follows from the Markov inequality (see Lemma

20.1).

24.1
242

243
244

245

24.6

24.7

24.8

249

O

2.4 Exercises

Prove Theorem 2.15.

Show that if p = @/n where @ = w(n) — oo then w.h.p. G,, , contains no
unicyclic components. (A component is unicyclic if it contains exactly
one cycle i.e. is a tree plus one extra edge).

Prove Theorem 2.17.

Suppose that m = cn/2 where ¢ > 1 is a constant. Let C; denote the giant
component of G, ,,, assuming that it exists. Suppose that C; has n’ <n
vertices and m’ < m edges. Let G, G, be two connected graphs with n’
vertices from [n] and m’ edges. Show that

P(C; = G) = P(C) = Gy).

(Le. C1 is a uniformly random connected graph with n’ vertices and m’
edges).

Suppose that Z is the length of the cycle in a randomly chosen connected
unicyclic graph on vertex set [n]. Show that, where N = (5),

n"2(N—n+1)
C(n,n)

Suppose that ¢ < 1. Show that w.h.p. the length of the longest path in
Gn’p,p:%iszlolz%.

Let Gy, denote the random bipartite graph derived from the complete
bipartite graph K, , where each edge is included independently with
probability p. Show that if p = ¢/n where ¢ > 1 is a constant then w.h.p.
Gy n,p has a unique giant component of size ~ 2G(c)n where G(c) is as
in Theorem 2.14.

Consider the bipartite random graph G, ,—/,» With constant ¢ > 1. De-
fine 0 < x < 1 to be the solution to xe ™ = ce™¢. Prove that w.h.p. the
2-core of G, , ¢/ has = 2(1 —x) (1 — %) n vertices and ~ ¢ (1 — f)zn
edges.

Let p= . Show that if € is a small positive constant then w.h.p. G, ,
contains a giant component of size (2& + O(£%))n.

EZ=

1+e
n
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2.4.10

24.11

24.12

24.13

24.14

2.4.15

2.4.16

24.17

2.4.18

Evolution

Let m = 4 +s, where s = s(n) > 0. Show that if s > n2/3 then w.h.p. the
random graph G, contains exactly one complex component. (A compo-
nent C is complex if it contains at least two distinct cycles. In terms of
edges, C is complex iff it contains at last |C| + 1 edges).

Let my(n) =n(logn+ (k—1)loglogn+ m)/(2k), where |@| — oo, |®| =
o(logn). Show that

1 if @— —oo
P(G,y, 2 k-vertex-tree-component) = o(1) ) .
I1—0o(1) if @ — oo

Let k be fixed and let p = 1. Show that if ¢ is sufficiently large, then
w.h.p. the k-core of G, ,, is non-empty.

Let k be fixed and let p = ¢. Show that there exists 6 = 6(c, k) such that
w.h.p. all vertex sets S with |S| < On contain fewer than &|S|/2 edges.
Deduce that w.h.p. either the k-core of G, , is empty or it has size at

least On.

Suppose that p = © where ¢ > 1 is a constant. Show that w.h.p. the giant
component of G, , is non-planar. (Hint: Assume that ¢ = 1+ € where €
is small. Remove a few vertices from the giant so that the girth is large.
Now use Euler’s formula).

Show that if @ = w(n) — oo then w.h.p. G, , has at most @ complex
components.

Suppose that np — oo and 3 < k = O(1). Show that G, , contains a k-
cycle w.h.p.

Suppose that p = ¢/n where ¢ > 1 is constant and let 8 = B(c) be the
smallest root of the equation

%cﬁ +(1—B)ce P =1og (c(l —B)(ﬁfl)/ﬁ) .

1 Show that if @ — o0 and ® < k < fBn then w.h.p. Gp,p contains no
maximal induced tree of size k.

2 Show that w.h.p. G, contains an induced tree of size (logn)?.

3 Deduce that w.h.p. G,,, contains an induced tree of size at least Sn.

Show that if ¢ # 1 and xe™ = ce™ where 0 < x < 1 then

k2 1-35 c<1.

1 & ek
ke )k_{’;u—x

k=1 5) c>1.



2.5 Notes 47
2.5 Notes

Phase transition

The paper by Luczak, Pittel and Wierman [545] contains a great deal of in-
formation about the phase transition. In particular, [545] shows that if m =
n/2 4+ An?/? then the probability that G, is planar tends to a limit p(A),
where p(1) — 0 as A — . The landmark paper by Janson, Knuth, fuczak
and Pittel [436] gives the most detailed analysis to date of the events in the
scaling window.

Outside of the critical window 5 - 0(n2/ 3) the size of the largest component
is asymptotically determined. Theorem 2.17 describes G, ,, before reaching
the window and on the other hand a unique “giant” component of size = 4s
begins to emerge at around m = 5 + s, for s >> n2/3. Ding, Kim, Lubetzky and
Peres [245] give a useful model for the structure of this giant.

Achlioptas processes

Dimitris Achlipotas proposed the following variation on the basic graph pro-
cess. Suppose that instead of adding a random edge e¢; to add to G;_; to create
G, one is given a choice of two random edges ¢;, f; and one chooses one of
them to add. He asked whether it was possible to come up with a choice rule
that would delay the occurrence of some graph property &?. As an initial chal-
lenge he asked whether it was possible to delay the production of a giant com-
ponent beyond 7n/2. Bohman and Frieze [113] showed that this was possible
by the use of a simple rule. Since that time this has grown into a large area of
research. Kang, Perkins and Spencer [463] have given a more detailed analy-
sis of the “Bohman-Frieze” process. Bohman and Kravitz [120] and in greater
generality Spencer and Wormald [690] analyse “bounded size algorithms” in
respect of avoiding giant components. Flaxman, Gamarnik and Sorkin [306]
consider how to speed up the occurrence of a giant component. Riordan and
Warnke [648] discuss the speed of transition at a critical point in an Achlioptas
process.

The above papers concern component structure. Krivelevich, Loh and Su-
dakov [505] considered rules for avoiding specific subgraphs. Krivelevich, Lu-
betzky and Sudakov [506] discuss rules for speeding up Hamiltonicity.

Graph Minors

Fountoulakis, Kiihn and Osthus [312] show that for every € > 0 there exists C¢
such that if np > C¢ and p = o(1) then w.h.p. G, , contains a complete minor
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of size (1+¢) (lg’gzs p). This improves earlier results of Bollobds, Catlin and
Erd6s [134] and Krivelevich and Sudakov [511]. Ajtai, Komlds and Szemerédi
[9] showed that if np > 14 and np = o(n'/?) then w.h.p. Gn,p contains a top-
logical clique of size almost as large as the maximum degree. If we know that
Gy, p is non-planar w.h.p. then it makes sense to determine its thickness. This is
the minimum number of planar graphs whose union is the whole graph. Cooper
[197] showed that the thickness of G, , is strongly related to its arboricity and

is asymptotic to np/2 for a large range of p.
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Vertex Degrees

In this chapter we study some typical properties of the degree sequence of a
random graph. We begin by discussing the typical degrees in a sparse random
graph i.e. one with O(n) edges and prove some results on the asymptotic dis-
tribution of degrees. Next we look at the typical values of the minimum and
maximum degrees in dense random graphs. We then describe a simple canoni-
cal labelling algorithm for the graph isomorphism problem on a dense random
graph.

3.1 Degrees of Sparse Random Graphs

Recall that the degree of an individual vertex of G, , is a Binomial random
variable with parameters n — 1 and p. One should also notice that the degrees
of different vertices are only mildly correlated.

We will first prove some simple but often useful properties of vertex degrees
when p = o(1). Let Xo = X, 0 be the number of isolated vertices in G, ,. In
Lemma 1.11, we established the sharp threshold for “disappearance” of such
vertices. Now we will be more precise and determine the asymptotic distribu-

CLINT3

tion of Xy “below”, “on” and “above” the threshold. Obviously,
EXo=n(1-p)"",

and an easy computation shows that, as n — oo,

oo if np—logn — —oo
EXo— e ¢ if np—logn—c, ¢ <eoo, 3.1
0 if np—1logn — oo

We denote by Po(A) a random variable with the Poisson distribution with
parameter A, while N(0, 1) denotes the random variable with the Standard Nor-
mal distribution. We write X, 2 X to say that a random variable X, converges
in distribution to a random variable X, as n — oo.

The following theorem shows that the asymptotic distribution of Xy passes
through three phases: it starts in the Normal phase; next when isolated vertices

49
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are close to “dying out”, it moves through a Poisson phase; it finally ends up
at the distribution concentrated at 0.

Theorem 3.1 Let Xg be the random variable counting isolated vertices in a
random graph G,, ,. Then, as n — oo,

(i) Xo = (Xo—EXo)/(VarXo)'/2 B N(0, 1),
if n*p — oo and np —logn — —oo,
(ii) Xo 2 Po(e™), if np —logn — ¢, ¢ < oo,
(iii) Xo 20, if np —logn — .
Proof For the proof of (i) we refer the reader to Chapter 6 of Janson, Luczak
and Rucinski [432] (or to [60] and [500]).

To prove (ii) one has to show that if p = p(n) is such that np —logn — ¢,
then

lim P(Xg=k) = —e ¢ ", (3.2)

n-so k!

fork=0,1,.... Now,

Xo=Y L,

vev
where
B 1 if v isanisolated vertex in G,
! 0 otherwise.
So
EXo= Y EL=n(1—p)""!
veV
=nexp{(n—1)log(1 —p)}
ok

_ o r-

—nexp{ (n 1)/(;1 ’

=nexp{—(n—1)p+0(np’)}

1 2
= nexp {—(logn+c) +0 (( oin) ) }
~e . (3.3)

The easiest way to show that (3.2) holds is to apply the Method of Moments
(see Chapter 20). Briefly, since the distribution of the random variable Xj is
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uniquely determined by its moments, it is enough to show, that either the kth
factorial moment EXo(Xo — 1)--- (Xo —k + 1) of Xp, or its binomial moment
E ()20), tend to the respective moments of the Poisson distribution, i.e., to either
ek or ek /k!. We choose the binomial moments, and so let

n X()
s (),

then, for every non-negative integer k,

B = y Py, =1L, =1,....L, =1),
1<i|<ip<-<ir<n
_ (k) (1= pro—0+().
Hence
—ck
L pn) € °
m B =

and part (ii) of the theorem follows by Theorem 20.11, with A = e °.

For part (iii), suppose that np = logn + @ where @ — . We repeat the
calculation estimating E Xy and replace ~ ¢ ¢ in (3.3) by < (1+o0(1))e ® =0
and apply the first moment method. O

From the above theorem we immediately see that if np —logn — ¢ then

lim P(Xo=0) = . (3.4)

n—so0

We next give a more general result describing the asymptotic distribution
of the number X; = X, 4, d > 1 of vertices of any fixed degree d in a random
graph.

Recall, that the degree of a vertex in G, , has the binomial distribution
Bin(n— 1, p). Hence,

n—1 1
EXd:n( J )pd(l—p)” 1= (3.5)
Therefore, as n — oo,

0 if pgn@th/d

A if paen—@tD/d,
oo if —(d+1)/d) pyt

EX, — p=>n B (3.6)
pn—logn—dloglogn — —oo,

c < oo,

Ay if pn—logn—dloglogn — ¢, ¢ < oo,

0 if pn—logn—dloglogn — oo,
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where

d —c

C e
}Ll == E and 2.2 = W (37)

The asymptotic behavior of the expectation of the random variable X; sug-
gests possible asymptotic distributions for X, for a given edge probability p.

Theorem 3.2  Let X; = X,, 4 be the number of vertices of degree d,
d>1,in G, p and let Ay, Ay be given by (3.7). Then, as n — oo,

(i) Xg 20 if p<n@t/d
(ii) X B Po(Ay) if paen @/ ¢ < oo,

(iii) Xy := (X; —EX,)/(VarX,)/2 B N(0,1) if p>>n=@+D/d pys
pn—logn—dloglogn — —oo

(iv) Xy 2>Po(7Lz) if pn—1logn—dloglogn — ¢, —o < ¢ < oo,

v) X430 if pn—logn—dloglogn — o

Proof The proofs of statements (i) and (v) are straightforward applications of

the first moment method, while the proofs of (ii) and (iv) can be found in Chap-

ter 3 of Bollobds [123] (see also Karonski and Ruciniski [471] for estimates of
the rate of convergence). The proof of (iii) can be found in [60].

O

The next theorem shows the concentration of X; around its expectation when

in G, , the edge probability p = c/n, i.e., when the average vertex degree is c.

Theorem 3.3 Let p = c¢/n where c is a constant. Let X; denote the number
of vertices of degree d in Gy, . Then, for d = O(1), w.h.p.

cdec
d!

Xd ~ n.

Proof Assume that vertices of G,,, are labeled 1,2,...,n. We first compute
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EXd. Thus,

EX; =nP(deg(l) =d) =
() -9
:n’;—i (l—i—O(ij)) (Z)dexp{—(n—l—d) (;—&-0 (};))}
- n"d;_c (1 +0 <i)> .
We now compute the second moment. For this we need to estimate

P(deg(1) = deg(2) = d)
~1 cn—1-d\ 2
() 0-9")
n—2-d\ 2
-G 0-97)
— P(deg(1) = d) P(deg(2) = d) (1 +0 (;)) .

The first line here accounts for the case where {1,2} is an edge and the second
line deals with the case where it is not.
Thus

+

for some constant A = A(c).
Applying the Chebyshev inequality ( Lemma 20.3), we obtain
A
P(|Xg —EXy| > tn'/?) < et
which completes the proof. O

We conclude this section with a look at the asymptotic behavior of the max-
imum vertex degree, when a random graph is sparse.

Theorem 3.4 Let A(G,, ) (6(Gy,p)) denotes the maximum (minimum) degree
of vertices of Gy p.
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(i) If p = c/n for some constant ¢ > 0 then w.h.p.

logn
loglogn’

A(Gy,p) =

(ii) If np = wlogn where @ — oo, then w.h.p. 6(G, ) = A(G, p) = np.

PrOOf (l) Let di = [m—l . Then, ifd = d_,
1 d
P(Jv:deg(v) >d) < n<n J ) (%)
ce\d
< -
—”(d)
=exp{logn—dlogd +0(d)} (3.8)

__ logloglogn
Let A = Toglogn - Lhen

1
dlogd > ogn

oglogn T (loglogn —logloglogn+o(1))

1
ogn (1421 +0(A?))(loglogn —logloglogn+o(1))

- loglogn
_ logn
~ loglogn

(loglogn +logloglogn+o(1)). (3.9)

Plugging this into (3.8) shows that A(G,, ,) < d_ w.h.p.
Now let d = d and let X; be the number of vertices of degree d in G, .
Then

o=, () (-5
=exp{logn—dlogd+0(d)}

logn
loglogn

= exp {logn - (loglogn —logloglogn+o(1)) 4+ O(d)} (3.10)
— oo,

Here (3.10) is obtained by using —A in place of A in the argument for (3.9).
Now, for vertices v, w, by the same argument as in the proof of Theorem 3.3,
we have

B(deg(v) = deg(w) = d) = (1+0(1)) P(deg(v) = d) P(deg(w) = d),

and the Chebyshev inequality implies that X; > 0 w.h.p. This completes the
proof of (i).
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Statement (ii) is an easy consequence of the Chernoff bounds, Corollary
21.7. Lete = @~'/3. Then

P(Jv: |deg(v) —np| > enp) < 2ne€np/3 = 00" /3 = o(n™h).

3.2 Degrees of Dense Random Graphs

In this section we will concentrate on the case where edge probability p is con-
stant and see how the degree sequence can be used to solve the graph isomor-
phism problem w.h.p. The main result deals with the maximum vertex degree
in dense random graph and is instrumental in the solution of this problem.

Theorem 3.5 Letdy = (n—1)p+(1+€)\/2(n—1)pglogn, where g=1—

p. If p is constant and € > 0 is a small constant, then w.h.p.

(i) d— < A(Gp)p) < d,.
(ii) There is a unique vertex of maximum degree.

Proof We break the proof of Theorem 3.5 into two lemmas.

Lemma3.6 Letd=(n—1)p+x\/(n—1)pq, p be constant, x < n'/3(logn)?,
where g =1 — p. Then

n—1\ 4 n—1-d L ep
By = - = (1+0(1 .
o= (") = o) e

Proof Stirling’s formula gives

Bd:(1+0(1))\/$<<(n—d1)p>ﬂl(m>1nd1>n_1.

@3.11)




56 Vertex Degrees

whereas

(i) () oo ()

and lemma follows from (3.11). O]
The next lemma proves a strengthing of Theorem 3.5.

Lemma 3.7 Let € =1/10, and p be constant and g =1 — p. If
diy=m—1)p+(1+e)\/2(n—1)pglogn.
then w.h.p.

(i) A(Gnp) <ds,
(ii) There are Q(n*¢(1=8)) vertices of degree at least d_,
(iii) Au v such that deg(u),deg(v) > d_ and |deg(u) — deg(v)| < 10.

Proof We first prove that as x — oo,
1 1 oo 1
—e (1 - 2) < / e Pdy < —e VN (3.12)
X X ¥ X
To see this notice
) } ) 1 /
/ ey = _/ 5 (e*yZ/Z) dy

= [16—;2/2} _ /oo ize—yz/Zdy
y X x Yy

= 16*’52/2_'_ |:13€y2/2} _|_3/oq i4e*y2/2dy
x y x Jx Y

1 2 1 1 2
_ L —x"2 - S —xt/2
—xe (1 x2>+0( e )

We can now prove statement (i).
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Let X; be the number of vertices of degree d. Then EX; = nB; and so Lemma
3.6 implies that

2
EX; = (1 +0(1))\/ECXP _% <d_(n(n—_1)11)?i]))

assuming that

d<dp=(n- 1)p—|—(10gn)2 (n—1)pq
Also, if d > (n—1)p then

Basi  (n—d—1)p

= <1
Bd (d+1>q

andsoifd > dp,
EX; <EX,, <nexp{—Q(logn)*}.
It follows that
A(G,p) <dp w.h.p. (3.13)

Now if Yy =Xy + X1 +---+ Xy, ford =d. then

L{I—-(n—1)
s Z 2“1”1 2 (\/ (n— 1)1%1)
2
~ 71 I—(n—1)p
Z anq 3 ((n_ 1)pq> (3.14)
~ /L/‘” o] _L(A==1p)’
TV 2700 Ji=a 7P T2\ Vi g

The justification for (3.14) comes from

2
Z _1 I—(n—=1)p B
2”1”1 2\ (n=1)pq
=o(n) Y o2 — 0(e—<10gn)2/3)7
x=(logn)?

2
n exp _1 di—(n—1)p — o).
V' 27pq 2\ Vn=Dpg

and
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Ifd = (n—1)p+xy/(n—1)pq then, from (3.12) we have

2
EY, ~ L/ exp 1 w da
V 27pg Jaa 2\ V(n=T)pq

n ® 2
- 1 -¥/24
1/27:qu(” )pq/y:xe y
n 1 _»

—x=/2

~
~

—e
V2 x
{S n72£(1+8) d= d+

-0 g_g (3.15)

Part (i) follows from (3.15).
When d = d_ we see from (3.15) that EY,; — . We use the second moment
method to show that ¥;_ # 0 w.h.p.

dp
EY;(Ys—1)=n(n—1) Y, P(deg(1)=di,deg(2) = d»)
d<dy,d
dr
=n(n—1) ), (pPd(1)=di—1,d(2)=dr—1)
d<dy,d,

+(1=p)P(d(1) = d1,d(2) = b)),

where d(x) is the number of neighbors of x in {3,4,...,n}. Note that d(1) and
d(2) are independent, and

P =di-1) (3 )0-P) _ a(1-p)
P(d(1) =d,) ".D)p (n—1—dy)p
=1+0(n""?).
In O we ignore polylog factors.
Hence
E(Yy(Y;—1))
dr,
=n(n=1) Y [B(d(1) =d)B(d(2) = dr)(1+0(n /)]
d<d,.d
d,
—n(n—1) Y, [P(deg(1) = di)P(deg(2) = o) (1 + O(n~"1))]
d<dy,d>

—EY,(EY,— 1)(1+0(n"?)),
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since
Pd=a) (),
mmm:@_@ﬁup)
=14+0(n"'?).
So, withd =d_

1
P (Yd < ZIEYd)

E(Y;(Y;—1))+EY; — (EYy)?
(EYq)?/4

This completes the proof of statement (ii). Finally,
n\ &
pei) <o)+ (5) ¥ T Pldes(n) = ddes() =)
dy=d_ |dy—d,|<10
n 4 ~ ~
—o(1)+ (2) Y Y [pEd)=a-DEEQ)=d 1)
dy=d_ |dy—d;|<10

+(1=p)P(d(1) = 1) P(d(2) = ),

Now

dL

and by Lemma 3.6 and by (3.12) we have with

wm(lfe)x/ﬂogn,

(n—1)pq
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2 1 © 2
H=d 1) =~ / e Ydy
dy=d_ M )} 27pgn Jy=x

g
=
=,

1 i 2
- - —z /Zd
= e Z
V81 pgn /zzxﬁ
1 L oi-ep

N———n ,
V8 pgn xv/2
We get a similar bound for ):Zf:[L Lldr—dy|<10 [P(ci(l) =d| > Thus

P(=(iii)) =0 <n2*1*2(1*8)2>
=o(1).

Application to graph isomorphism
In this section we describe a procedure for canonically labelling a graph G. It
is taken from Babai, Erd6s and Selkow [42]. If the procedure succeeds then
it is possible to quickly tell whether G = H for any other graph H. (Here =
stands for graph isomorphism).
Algorithm LABEL
Step 0: Input graph G and parameter L.
Step 1: Re-label the vertices of G so that they satisfy

dg(vi) 2 dg(v2) = -+ = dg(va).

If there exists i < L such that dg(v;) = dg(vit1), then FAIL.
Step 2: For i > L let

X;={je{1,2,....L} : {vi,v;} € E(G)}.
Re-label vertices vy 41,vr42,. ..,V so that these sets satisfy
X1 = Xppo = = Xy

where > denotes lexicographic order.
If there exists i < n such that X; = X; ;| then FAIL.

Suppose now that the above ordering/labelling procedure LABEL succeeds
for G. Given an n vertex graph H, we run LABEL on H.

(i) If LABEL fails on H then G 22 H.



3.3 Exercises 61

(ii) Suppose that the ordering generated on V(H) is wi,wa,...,w,. Then
G = H & v; — wj is an isomorphism.

It is straightforward to verify (i) and (ii).

Theorem 3.8 Let p be a fixed constant, g = 1 — p, and let p = p* + ¢* and
let L =3log, , n. Then w.h.p. LABEL succeeds on Gy,p.

Proof Lemma 3.7 implies that Step 1 succeeds w.h.p. We must now show that
w.h.p. X; # X for all i # j > L. There is a slight problem because the edges
from v;,i > L to v}, j < L are conditioned by the fact that the latter vertices are
those of highest degree.

Now fix i, j > L and let G = G,,, \ {vi,v;}. It follows from Lemma 3.7 that
w.h.p. the L largest degree vertices of G and Gp,p coincide. So, w.h.p., we can
compute X;, X; with respect to G and therefore avoid our conditioning problem.
Denote by Ng(v) the set of the neighbors of vertex v in graph G. Then

P(Step 2 fails)
< O<1) +P(E|V[,Vj :NG(Vi) m{vlv" 'aVL} :NG(V]) m{Vl,.. '7VL})

<o)+ (3) 07+
—o(1).

Application to edge coloring
The chromatic index y'(G) of a graph G is the minimum number of colors that
can be used to color the edges of G so that if two edges share a vertex, then
they have a different color. Vizing’s theorem states that

A(G) < x'(G) <A(G) +1.

Also, if there is a unique vertex of maximum degree, then x'(G) = A(G). So, it
follows from Theorem 3.5 (if) that, for constant p, w.h.p. we have x'(G,, ) =
A(Gyp).

3.3 Exercises

3.3.1 Suppose that m = dn/2 where d is constant. Prove that the number of
vertices of degree d in G, is asymptotically equal to ddde; 1 for any

fixed positive integer d.
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3.3.2 Suppose that ¢ > 1 and that x < 1 is the solution to xe ™ = ce™“. Show
that if d = O(1) is fixed then w.h.p. the giant component of G, ,,p =
has ~ ydj;yn vertices of degree d, where y = ¢ — x.

3.3.3 Suppose that p < % where n'/*g, — 0. Show that if I is the sub-graph
of G, induced by the 2-core C,, then I" has maximum degree at most
three.

334 Let p= w, d > 1. Using the method of moments, prove

that the number of vertices of degree d in G, ,, is asymptotically Poisson

<
n

with mean “’d;,c

3.3.5 Prove parts (i) and (v) of Theorem 3.2.

3.3.6 Show thatif 0 < p < I is constant then w.h.p. the minimum degree & in
Gp,p satisfies

|6 —(n—1)q—/2(n—1)pglogn| < &\/2(n— 1)pqlogn,

where ¢ =1—pand € = 1/10.

3.4 Notes

For the more detailed account of the properties of the degree sequence of G, ,
the reader is referred to Chapter 3 of Bollobas [130].

Erd6s and Rényi [275] and [277] were first to study the asymptotic distribu-
tion of the number X, of vertices of degree d in relation with connectivity of
a random graph. Bollobds [127] continued those investigations and provided
detailed study of the distribution of X; in G, , when 0 < liminfrnp(n)/logn <
limsupnp(n)/logn < . Palka [610] determined certain range of the edge
probability p for which the number of vertices of a given degree of a ran-
dom graph G, , has a Normal distribution. Barbour [57] and Karofiski and
Rucinski [471] studied the distribution of X; using the Stein—Chen approach.
A complete answer to the asymptotic Normality of X; was given by Barbour,
Karonski and Rucinski [60] (see also Kordecki [500]). Janson [425] extended
those results and showed that random variables counting vertices of given de-
gree are jointly normal, when p = ¢/n in G, , and m ~ cn in Gy, ,, where c is
a constant.

Ivchenko [414] was the first to analyze the asymptotic behavior the kth-
largest and kth smallest element of the degree sequence of G, . In particular
he analysed the span between the minimum and the maximum degree of sparse
Gy, p. Similar results were obtained independently by Bollobds [125] (see also
Palka [611]). Bollobds [127] answered the question for what values of p(n),
Gy,p w.h.p. has a unique vertex of maximum degree (see Theorem 3.5).
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Bollobds [122], for constant p, 0 < p < 1, i.e., when G, , is dense, gave
an estimate of the probability that maximum degree does not exceed pn +
O(y/nlogn). A more precise result was proved by Riordan and Selby [645]
who showed that for constant p, the probability that the maximum degree
of G,,, does not exceed pn+ b\/np(1—p), where b is fixed, is equal to
(c40(1))", for ¢ = c(b) the root of a certain equation. Surprisingly, c(0) =
0.6102... is greater than 1/2 and c(b) is independent of p.

McKay and Wormald [571] proved that for a wide range of functions p =
p(n), the distribution of the degree sequence of G, , can be approximated
by {(X1,...,X,)| L X; is even}, where Xi,...,X, are independent random vari-
ables each having the Binomial distribution Bin(n — 1, p'), where p’ is itself a
random variable with a particular truncated normal distribution
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Connectivity

We first establish, rather precisely, the threshold for connectivity. We then view
this property in terms of the graph process and show that w.h.p. the random
graph becomes connected at precisely the time when the last isolated vertex
joins the giant component. This “hitting time” result is the pre-cursor to several
similar results. After this we deal with k-connectivity.

4.1 Connectivity

The first result of this chapter is from Erd6s and Rényi [275].

Theorem 4.1 Let m = in(logn+c,). Then

0 if ¢y — —oo,
liln P(Gyy, is connected) = § e=¢ " if ¢, — ¢ (constant)
n—o0

1 if cp— oo.

Proof To prove the theorem we consider, as before, a random graph G,, . It
suffices to prove that, when p = log++c

b}

P(G,,, is connected ) — e

and use Theorem 1.4 to translate to G,, and then use (1.6) and monotonicity
for ¢, — *oo.

Let X = X;, be the number of components with k vertices in G, , and
consider the complement of the event that G,, , is connected. Then

P(Gy,p is not connected )

n/2
=P U (Gp,p has a component of order k) | =
k=1
n/2
P U {Xk > 0}
k=1

64
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Note that X; counts here isolated vertices and therefore

n/2
P(X; > 0) < P(Gy,p is not connected ) < P(X; > 0) + Z P(X; > 0).
k=2

Now
n/2 n/2

n/2 n/2
AN n—
Y PX:>0)< Y EX, <) (k)kk 2551 (] = p)knk) — Y u.
k=2 k=2 k=2 k=2
Now, for 2 <k < 10,

ik (logn+c “t —k(n—10) logr+e
u, <en | —— e n
n

< (1+o(1))e1- (1g)k 7

n

and for k > 10

k—1
e < (K)kkk—z (10gn+c) o—Kllogn+c)/2

k n
k
el—c/2+o(1)10gn
=\ )
So
n/2 —c n/2
I
Y < (1 fo(1) 8" Y nlto()-k/2
k=2 n k=10
-0 (no(l)fl) )
It follows that

P(G,,p is connected ) = P(X; = 0) +o(1).

But we already know (see Theorem 3.1) that for p = (logn+ c¢)/n the num-
ber of isolated vertices in G, ;, has an asymptotically Poisson distribution and
therefore, as in (3.4)

limP(X; =0)=e ¢ ",

n—oo
and so the theorem follows. O
It is possible to tweak the proof of Theorem 4.1 to give a more precise result

stating that a random graph becomes connected exactly at the moment when
the last isolated vertex disappears.



66 Connectivity
Theorem 4.2  Consider the random graph process {Gp,}. Let

m| =min{m: 6(G,,) > 1},

. ) .
m; =min{m : G,, is connected}.

Then, w.h.p.,
my = m.
Proof Let
1 1
my = Enlognj: Enloglogn7
and
by my logniloglogn.
N n
We first show that w.h.p.

(i) Gy,_ consists of a giant connected component plus a set V| of at most 2logn
isolated vertices,
(ii) Gy, is connected.

Assume (i) and (ii). It follows that w.h.p.
m_ <mj <m:<m.

Since G,,_ consists of a connected component and a set of isolated vertices V|,
to create G,,, we add m, —m_ random edges. Note that m] = m, if none of
these edges is contained in V;. Thus

B <) < o)+ (my —m_) 20
m; <m;) <o my —m_ N,
2n((logn)?)loglogn
<o(1) T
>n? — O(nlogn)
=o(1).

Thus to prove the theorem, it is sufficient to verify (i) and (ii).
Let
_ m__logn—loglogn
=N "
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and let X; be the number of isolated vertices in G, ,_. Then

EX; =n(1—p_)"!

~ne "P-

~ logn.
Moreover

EX? =EX; +n(n—1)(1—p_)*3
<EX;+ (EX)*(1—p_)~L.
So,
VarX; <EX; +2(EX;)’p_,

and

P(X| > 2logn) = P([Xi —EXi| > (1+0(1))EX))

< (o) (g +20-)

=o(1).

Having at least 2logn isolated vertices is a monotone property and so w.h.p.
Gy, has less then 2logn isolated vertices.

To show that the rest of G,, is a single connected component we let X;, 2 <
k < n/2 be the number of components with & vertices in G, . Repeating the
calculations for p_ from the proof of Theorem 4.1, we have

n/2
E (Zxk> —0 (n"<1)*1) .
k=2
Let
& = {3 component of order 2 < k < n/2}.
Then

P(Gn_ € &) <O0(Wn)P(G,, €48&)
o(1),

and this completes the proof of (i).
To prove (ii) (that G,,, is connected w.h.p.) we note that (ii) follows from
the fact that G, , is connected w.h.p. for np —logn — o ( see Theorem 4.1).
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By implication G,, is connected w.h.p. if n§; —logn — . But,

nmy n(%nlogn—i— %nloglogn)
N N
~ logn+loglogn.

4.2 k-connectivity

In this section we show that the threshold for the existence of vertices of degree
k is also the threshold for the k-connectivity of a random graph. Recall that a
graph G is k-connected if the removal of at most k — 1 vertices of G does not
disconnect it. In the light of the previous result it should be expected that a
random graph becomes k-connected as soon as the last vertex of degree k — 1
disappears. This is true and follows from the results of Erdés and Rényi [277].
Here is a weaker statement.

Theorem 4.3 Let m = in(logn+ (k—1)loglogn+cy,), k=1,2,.... Then

0 lf Cp — —
’}%P(Gm is k-connected) = { ¢~ W if ¢, — ¢
1 if ¢y —> oo,
Proof Let

logn+(k—1)loglogn+c
p= .
n

We will prove that, in G, ,, with edge probability p above,

(i) the expected number of vertices of degree at most k — 2 is o(1),

»—C

(ii) the expected number of vertices of degree k — 1 is, approximately e =V

We have

E(number of vertices of degree r <k — 1)

n—1\ , 1 n' (logn)! e~ ¢
— 1— n t ~n—
n( t )p (1=p) ST n(logn)k-1

and (i) and (ii) follow immediately.
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The distribution of the number of vertices of degree k — 1 is asymptotically
Poisson, as may be verified by the method of moments. (See Exercise 3.3.4).
We now show that, if

/(S,T) = {T is a component of G, \ S}

then
1
IF’(EIS,T, IS| <k, k—|S|+1<|T| < E(n— 1S]) :d(&T)) =o(1).

This implies that if §(G, ;) > k then G,, , is k-connected and Theorem 4.3
follows. The lower bound on |T'| arises from the fact that in this case each
vertex of S has at least k — |S| + 1 neighbors outside S. Also, |T'| > 2 because
if T = {v} then v has degree less than k.

We can assume that S is minimal and then N(7) = S and denote s = |S|, t =
|T|. We note that S minimal implies that T is connected, and so it contains a
tree with # — 1 edges. Also each vertex of S is incident with an edge from S to
T and so there are at least s edges between S and T'. Thus, if p = (14 0(1)) k’%
then

<p! (K (te)-p- & etp>s (@.p e—(n—t>p)t
s=1 r=max{2k—s+1} $ !
k—1 (n—s)/2
<p! Y A'B° 4.1)

where

A= nepe—(n—t)p — plto(l),—1+(t+o(1) /n logn

B— ne3tpetp _ 63+0(1>

o)/ og .

Now if 2 <t <logn then A = n~ (1) and B = O((logn)?). On the other hand,
if > logn then we can use A < n1/3 and B < n? to see that the sum in 4.1)
iso(1). O
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43.1

432

433

434

4.3.5

4.3.6

4.3.7

Connectivity
4.3 Exercises

Let m = mj be as in Theorem 4.2 and let e,, = (u,v) where u has degree
one. Let 0 < ¢ < 1 be a positive constant. Show that w.h.p. there is no
triangle containing u or v.

Let m = m] as in Theorem 4.2 and let e,, = (u,v) where u has degree
one. Let 0 < ¢ < 1 be a positive constant. Show that w.h.p. the degree of
vin G, is at least clogn.

Suppose that m > nlogn and let d = m/n. Let S;(v) be the set of vertices
at distance i from vertex v. Show that w.h.p. |S;(v)| > (d/2)' for all v €
[n]and 1 <i< g}ggg.

Suppose that m > nlogn and let d = m/n. Using the previous question,
show that w.h.p. there are at least d /2 internally vertex disjoint paths of
length at most ;‘igg; between any pair of vertices in Gy .

Suppose that m > nlogn and let d = m/n. Suppose that we randomly

color the edges of G, with g colors where g > E;gg;; . Show that w.h.p.
there is a rainbow path between every pair of vertices. (A path is rainbow
if each of its edges has a different color).

Let Cy ¢+ denote the number of connected graphs with vertex set [k] and

k+ ¢ edges where ¢ — oo with k and ¢ = o(k). Use the inequality

n N -
(k>Ck,k+epk+Z(1p)(2) k=ttbk(n=k) <

n
k

and a careful choice of p,n to prove (see Luczak [536]) that

02
B [e+0(\/{/k) (30—
<& [ e YK +(36-1)/2
Crp+e < £< 120 k

Let Gy, be the random bipartite graph with vertex bi-partition V =
A,B),A =[1,n],B = [n+ 1,2n] in which each of the n? possible edges

p g
appears independently with probability p. Let p = log#, where @ —
oo. Show that w.h.p. G, is connected.

4.4 Notes

Disjoint paths

Being k-connected means that we can find disjoint paths between any two sets
of vertices A = {ay,ay,...,a;} and B={by,by,...,b;}. In this statement there
is no control over the endpoints of the paths i.e. we cannot specify a path
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from a; to b; for i = 1,2,... k. Specifying the endpoints leads to the notion
of linkedness. Broder, Frieze, Suen and Upfal [163] proved that when we are
above the connectivity threshold, we can w.h.p. link any two k-sets by edge
disjoint paths, provided some natural restrictions apply. The result is optimal
up to constants. Broder, Frieze, Suen and Upfal [162] considered the case of
vertex disjoint paths. Frieze and Zhao [352] considered the edge disjoint path
version in random regular graphs.

Rainbow Connection

The rainbow connection rc(G) of a connected graph G is the minimum number
of colors needed to color the edges of G so that there is a rainbow path be-
tween every pair of vertices. Caro, Lev, Roditty, Tuza and Yuster [171] proved
that p = y/logn/n is the sharp threshold for the property rc(G) < 2. This
was sharpened to a hitting time result by Heckel and Riordan [402]. He and
Liang [401] further studied the rainbow connection of random graphs. Specif-
ically, they obtain a threshold for the property rc(G) < d where d is constant.
Frieze and Tsourakakis [351] studied the rainbow connection of G = G(n, p) at
the connectivity threshold p = log# where ® — « and @ = o(logn). They
showed that w.h.p. rc(G) is asymptotically equal to max {diam(G),Z;(G)},
where Z is the number of vertices of degree one.
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Small Subgraphs

Graph theory is replete with theorems stating conditions for the existence of a
subgraph H in a larger graph G. For example Turdn’s theorem [707] states that
a graph with n vertices and more than (1 — %) % edges must contain a copy of
K1 1. In this chapter we see instead how many random edges are required to
have a particular fixed size subgraph w.h.p. In addition, we will consider the
distribution of the number of copies.

5.1 Thresholds

In this section we will look for a threshold for the appearance of any fixed
graph H, with vyy = |V (H)| vertices and ey = |E(H )| edges. The property that
a random graph contains H as a subgraph is clearly monotone increasing. It
is also transparent that ”denser” graphs appear in a random graph “later” than
“sparser” ones. More precisely, denote by

d(H) = j—;’ (5.1)

the density of a graph H. Notice that 2d(H) is the average vertex degree in H.
We begin with the analysis of the asymptotic behavior of the expected number
of copies of H in the random graph G, .

Lemma 5.1 Let Xy denote the number of copies of H in Gy, ).

n vy!
EXy = ——p°H
" (VH) aut(H) P
where aut(H) is the number of automorphisms of H.

n
VH
of H, where ap is the number of copies of H in K,,,. Thus

EXH: <n )aHpeH7
VH

72

Proof The complete graph on n vertices K, contains ( )aH distinct copies
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and all we need to show is that
ag X aut(H) = vy!.

Each permutation ¢ of [vy| = {1,2,...,vy} defines a unique copy of H as
follows: A copy of H corresponds to a set of ey edges of K,,,. The copy Hs
corresponding to ¢ has edges { (X (i), Vo(i)) : 1 <i<epn}, where {(x;,y;): 1 <
j < en} is some fixed copy of H in K,,,. But H; = H;¢ if and only if for each
i there is j such that (x;5(;),Yz0(i)) = (Xo(j)»Yo(j)) i-€- if T is an automorphism
of H. O

Theorem 5.2 Let H be a fixed graph with egy > 0. Suppose p = o0 (n_l/d(H)).
Then w.h.p. G, contains no copies of H.

—1/d(H)

Proof Suppose that p = ©~'n where @ = @(n) — oo as n — oo. Then

Exy=(" i pH < n't o ¢tpen/AH) = gzen
vy ) aut(H)

Thus
P(XH>O) <EXy —0 as n— co.
O]

From our previous experience one would expect that when EXpy — o as
n — oo the random graph G, , would contain H as a subgraph w.h.p. Let us
check whether such a phenomenon holds also in this case. So consider the
case when pn!'/?H) _ oo ie. where p = wn'/?H) and ® = w(n) — o as
n — oo, Then for some constant cy > 0

EXy > C'H}’lvH (DeHn_eH/d(H) = CHCOeH — 0o,

However, as we will see, this is not always enough for G, , to contain a copy
of a given graph H w.h.p. To see this, consider the graph H given in Figure 5.1
below.

Here vy = 6 and ey = 8. Let p=n—>/7. Now 1/d(H) = 6/8 > 5/7 and so
EXy =~ CHn678X5/7 —> oo,
On the other hand, if A = K4 then

]EX]:[ Sn476><5/7 _>0’
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Figure 5.1 A Kite

and so w.h.p. there are no copies of A and hence no copies of H.

The reason for such “’strange” behavior is quite simple. Our graph H is in
fact not balanced, since its overall density is smaller than the density of one
of its subgraphs, i.e., of A = K4. So we need to introduce another density
characteristic of graphs, namely the maximum subgraph density defined as
follows:

m(H)=max{d(K): K CH}. (5.2)

A graph H is balanced if m(H) = d(H). It is strictly balanced if d(H) > d(K)
for all proper subgraphs K C H.

Now we are ready to determine the threshold for the existence of a copy
of H in G, . Erd6s and Rényi [276] proved this result for balanced graphs.
The threshold for any graph H was first found by Bollobds in [123] and an
alternative, deterministic argument to derive the threshold was presented in
[470]. A simple proof, given here, is due to Rucinski and Vince [658].
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Theorem 5.3 Let H be a fixed graph with ey > 0. Then

{0 if pn'/mH) 50

IimP(HCG
( nr) = 1 if pnt/mH) 5 oo,

n—oo

Proof Let @ = @(n) — o0 as n — 0. The first statement follows from Theo-
rem 5.2. Notice, that if we choose H to be a subgraph of H with d(H) = m(H)
(such a subgraph always exists since we do not exclude A = H), then p =
o~ 1p1/dH) implies that EX, — 0. Therefore, w.h.p. G, , contains no copies
of A, and so it does not contain H as well.

To prove the second statement we use the Second Moment Method. Sup-
pose now that p = on~ /") Denote by Hi,H,...,H, all copies of H in the
complete graph on {1,2,...,n}. Note that

n vy!
t= 5.3
(VH> aut(H)’ 53)
where aut (H) is the number of automorphisms of H. Fori = 1,2,...,¢ let

- 1 if H;CGy),
B 0 otherwise.

Let Xy = Z;:] I;. Then

t

Y Covitnty) = Y. Y (E(il;) — (EL)(EL))

j=1 i=1j=1

Y (P =) -Pli=1)P(;=1))

=
i 1)—p2€H).

Observe that random variables /; and /; are independent iff H; and H; are edge
disjoint. In this case Cov(/;,I;) = 0 and such terms vanish from the above
summation. Therefore we consider only pairs (H;, H;) with H;NH; = K , for
some graph K with ex > 0. So,

VarXy =0 Z n2VH—VK (p2ey—ek _ pZeH))
KCH,ex>0

—_ 0<n2va26H Z nvapfeK) .
KCH ,ex>0

VarXy =

=

[
- ll"%

Il
_
—_

i

I
MN

Il
_

i
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On the other hand,

n vy!
EXy = eH — Q (n"H pH
H (VH)am(H)p (n™ p),

thus, by Lemma 20.4,
Var Xy e —
P(XHZO)S :0 n VKp €K
(]EXH)Z KQL;K>O

1 eK
¢ (KCl-gloo (a)nl/d(K)l/m(H)> )

Hence w.h.p., the random graph G,, , contains a copy of the subgraph H when
pnt/MH) oo, O

5.2 Asymptotic Distributions

We will now study the asymptotic distribution of the number Xy of copies
of a fixed graph H in G, ,. We start at the threshold, so we assume that
np”’(H ) ¢, ¢ >0, where m(H) denotes as before, the maximum subgraph
density of H. Now, if H is not balanced, i.e., its maximum subgraph density
exceeds the density of H, then EXy — oo as n — oo, and one can show that
there is a sequence of numbers a,, increasing with n, such that the asymp-
totic distribution of Xy /a, coincides with the distribution of a random variable
counting the number of copies of a subgraph K of H for which m(H) = d(K).
Note that X is itself a balanced graph. However the asymptotic distribution of
balanced graphs on the threshold, although computable, cannot be given in a
closed form. The situation changes dramatically if we assume that the graph
H whose copies in G, , we want to count is strictly balanced, i.e., when for
every proper subgraph K of H, d(K) < d(H) =m(H).
The following result is due to Bollobds [123], and Karoriski and

Rucinski [469].

Theorem 5.4 If H is a strictly balanced graph and np™*) — ¢,
¢ >0, then Xy 3 Po(A), as n — e, where A = ¢"H /aut(H).

Proof Denote, as before, by Hi,H,,...,H; all copies of H in the complete
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graphon {1,2,...,n}. Fori=1,2,....1, let

1 if H;C G,y

Iy, = . '

0 otherwise

Then Xy = Y!_, Iy, and the kth factorial moment of Xy, k=1,2...,
EXp) =EXyg Xy —1)--- (Xyg —k+1)],

can be written as

EXpk= Y, Py, =11y =1,... Iy =1)

where the summation is taken over all k-element sequences of distinct indices
ijfrom{1,2,...,t}, while Dy and Dy denote the partial sums taken over all (or-
dered) k tuples of copies of H which are, respectively, pairwise vertex disjoint
(Dy) and not all pairwise vertex disjoint (D). Now, observe that

Dy = Z IED(IHil = 1)IP>(IH,.2 = 1)...[p>(1Hik =1)

il it
- <vH,vH7. . .,VH> (anp™)*
~ (EXp)*.

So assuming that np? ") = pp™(H) — ¢ ag n — oo,

c'H k

On the other hand we will show that
Dy —0asn— oo, (5.5)

Consider the family .%; of all (mutually non-isomorphic) graphs obtained
by taking unions of k not all pairwise vertex disjoint copies of the graph H.
Suppose F € % has vp vertices (vy < vp < kvyg — 1) and ep edges, and let
d(F) = e /vr be its density. To prove that (5.5) holds we need the following
Lemma.

Lemma 5.5 IfF € 7 thend(F)>m(H).

Proof Define
fr=m(H)vp —eF. (5.6)
We will show (by induction on k > 2) that fr < 0 for all F € .%;. First note that
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fu = 0 and that fx > O for every proper subgraph K of H, since H is strictly
balanced. Notice also that the function f is modular, i.e., for any two graphs
F1 and Fz,

frRuR = IR + R — R0k (5.7
Assume that the copies of H composing F are numbered in such a way that
H; NH;, #0.1f F = H;; UH,, then (5.6) and fy, = fu, = 0 implies

inl UI‘I,’2 = _.fI'I,'1 ﬁ[f,‘2 < O

For arbitrary k > 3, let F' = U’;;i HjandK =F "N Hj,. Then by the inductive
assumption we have fr» < 0 while fx > 0 since K is a subgraph of H (in
extreme cases K can be H itself or an empty graph). Therefore

Jr = fp + fu, = fk = frr = fk <0,
which completes the induction and implies that d(F) > m(H). O
Let Cr be the number of sequences H;,,H,,,...,H;, of k distinct copies of

H, such that

k
Hl'j):{l,z,...,VF} and UHing'
1 j=1

V(

T

J
Then, by Lemma 5.5,

. n
Féegk F

) ((npd<F>)”<F>) —o(1),

and so (5.5) holds.
Summarizing,

c'H k
=060~ (i)
and the theorem follows by the Method of Moments (see Theorem 20.11). [J
The following theorem describes the asymptotic behavior of the number of
copies of a graph H in G, , past the threshold for the existence of a copy of

H. Tt holds regardless of whether or not H is balanced or strictly balanced. We
state the theorem but we do not supply a proof (see Ruciriski [657]).

Theorem 5.6 Let H be a fixed (not-empty) graph. If np™H ) = 00 and n*(1—
p) = oo, then (X —EXy)/(VarXy)V? B N(0,1), as n — oo
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5.3 Exercises

5.3.1 Draw a graph which is : (a) balanced but not strictly balanced, (b) un-
balanced.

5.3.2 Are the small graphs listed below, balanced or unbalanced: (a) a tree, (b)
acycle, (c) a complete graph, (d) a regular graph, (d) the Petersen graph,
(e) a graph composed of a complete graph on 4 vertices and a triangle,
sharing exactly one vertex.

5.3.3 Determine (directly, not from the statement of Theorem 5.3) thresholds
p for G, , 2 G, for graphs listed in exercise (ii). Do the same for the
thresholds of G in G, ;.

5.3.4 For a graph G a balanced extension of G is a graph F, such that G C
F and m(F) = d(F) = m(G). Applying the result of Gydri, Rothschild
and Rucifiski [390] that every graph has a balanced extension, deduce
Bollobas’s result (Theorem 5.3) from that of Erdés and Rényi (threshold
for balanced graphs).

5.3.5 Let F be a graph obtained by taking a union of triangles such that not
every pair of them is vertex-disjoint, Show (by induction) that er > vr.

5.3.6 Let fr be a graph function defined as
fr=avr+ber,

where a,b are constants, while vy and er denote, respectively, the num-
ber of vertices and edges of a graph F. Show that the function fr is
modular.

5.3.7 Determine (directly, using exercise (v)) when the random variable count-
ing the number of copies of a triangle in G, , has asymptotically the
Poisson distribution.

5.3.8 Let X, be the number of isolated edges (edge-components) in G,, , and
let

o(n) =2pn—1logn—loglogn.
Prove that

0 if -2 o(n) — o
P(X, > 0) 40 Tp<n” or o)
1 ifp>n2 and @(n) — oo.

5.3.9 Determine when the random variable X, defined in exercise (vii) has
asymptotically the Poisson distribution.

5.3.10 Use Janson’s inequality, Theorem 21.12, to prove (5.8) below.
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5.4 Notes

Distributional Questions

In 1982 Barbour [57] adapted the Stein—Chen technique for obtaining esti-
mates of the rate of convergence to the Poisson and the normal distribution
(see Section 20.3 or [58]) to random graphs. The method was next applied by
Karonski and Ruciriski [471] to prove the convergence results for semi-induced
graph properties of random graphs.

Barbour, Karoniski and Ruciriski [60] used the original Stein’s method for
normal approximation to prove a general central limit theorem for the wide
class of decomposable random variables. Their result is illustrated by a variety
of applications to random graphs. For example, one can deduce from it the
asymptotic distribution of the number of k-vertex tree-components in G, , as
well as of the number of vertices of fixed degree d in G, p (in fact, Theorem
3.2 is a direct consequence of the last result).

Barbour, Janson, Karonski and Ruciniski [59] studied the number X}, of max-
imal complete subgraphs (cliques) of a given fixed size k > 2 in the random
graph G,, ,. They show that if the edge probability p = p(n) is such that the
E X, tends to a finite constant A as n — oo, then X} tends in distribution to the
Poisson random variable with the expectation A. When its expectation tends
to infinity, X converges in distribution to a random variable which is normally
distributed. Poisson convergence was proved using Stein—Chen method, while
for the proof of the normal part, different methods for different ranges of p
were used such as the first projection method or martingale limit theorem (for
details of these methods see Chapter 6 of Janson, Luczak and Ruciriski [432]).

Svante Janson in an a sequence of papers [415],[416], [417], [420] (see also
[433]) developed or accommodated various methods to establish asymptotic
normality of various numerical random graph characteristics. In particular, in
[416] he established the normal convergence by higher semi-invariants of sums
of dependent random variables with direct applications to random graphs. In
[417] he proved a functional limit theorem for subgraph count statistics in
random graphs (see also [433]).

In 1997 Janson [415] answered the question posed by Paul Erd6s: What is
the length Y, of the first cycle appearing in the random graph process G,,? He
proved that

1t
lim P(Y, = j) = E/ tj_let/2+t2/4m dt, for every j > 3.
0

n—soo
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Tails of Subgraph Counts in G, .

Often one needs exponentially small bounds for the probability that Xy devi-
ates from its expectation. In 1990 Janson [418] showed that for fixed € € (0, 1],

P(Xy < (1-€)EXy) = exp{—0O(Pp)}, (5.8)

where @ = mingcp.q,>0n"¥ pK.

The upper tail P(Xy > (1+€)EXy) proved to be much more elusive. To
simplify the results, let us assume that € is fixed, and p is above the exis-
tence threshold, that is, p > pL/mH ), but small enough to make sure that
(1+€)EXy is at most the number of copies of H in Kj,.

Given a graph G, let Ag be the maximum degree of G and a; the fractional
independence number of G, defined as the maximum of Y,cy () w(v) over all
functions w : V(G) — [0, 1] satisfying w(u) +w(v) < 1 for every uv € E(G).

In 2004, Janson, Oleszkiewicz and Rucinski [430] proved that

exp{—O(Mylog(1/p))} <P(Xy > (1+€)EXpy) <exp{—Q(Mp)}, (5.9)
where

IIlil’lKCH(I’lvkpe’()l/()‘l?7 ifn_l/m<H) Spgn—l/AH’
Mu =9 5 a . A
n-p ", lprn H

For example, if H is k-regular, then My = n’p* for every p.

The logarithms of the upper and lower bounds in (5.9) differ by a multi-
plicative factor log(1/p). Recent results suggest that the following conjecture
(stated in [232] for € = 1) is likely to be true.

Conjecture: For any H and € > 0,

P(Xy > (1+¢€)EXy) = exp(—O (min{®y,Mylog(1/p)})). (5.10)

A careful look reveals that in the minimum in (5.10) is @ just in the tiny range
above the threshold of existence, that is, when p < n~!/"(H) (logn)“H for some
ap > 0. So, only in this range does the upper tail behave similarly to the lower
tail.

DeMarco and Kahn [232] proved (5.10) for cliques H = Ky, k = 3,4,....
Adamczak and Wolff [6] proved a polynomial concentration inequality which
confirms (5.10) for any cycle H = Cy, k=3,4,... and p > niﬁ. Moreover,
Lubetzky and Zhao [534], via a large deviations framework of Chatterjee and
Dembo [174], showed that (5.10) holds for any H and p > n~“ for a sufficiently
small constant ¢t > 0.



6
Spanning Subgraphs

The previous chapter dealt with the existence of small subgraphs of a fixed size.
In this chapter we concern ourselves with the existence of large subgraphs,
most notably perfect matchings and Hamilton Cycles. The celebrated theo-
rems of Hall and Tutte give necessary and sufficient conditions for a bipartite
and arbitrary graph respectively to contain a perfect matching. Hall’s theorem
in particular can be used to establish that the threshold for having a perfect
matching in a random bipartite graph can be identified with that of having no
isolated vertices.

For general graphs we view a perfect matching as half a Hamilton cycle and
prove thresholds for the existence of perfect matchings and Hamilton cycles in
a similar way.

Having dealt with perfect matchings and Hamilton cycles, we turn our at-
tention to long paths in sparse random graphs, i.e. in those where we expect a
linear number of edges. We then analyse a simple greedy matching algorithm
using differential equations.

We then consider random subgraphs of some fixed graph G, as opposed to
random subgraphs of K,,. We give sufficient conditions for the existence of long
paths and cycles.

We finally consider the existence of arbitrary spanning subgraphs H where
we bound the maximum degree A(H).

6.1 Perfect Matchings

Before we move to the problem of the existence of a perfect matching, i.e., a
collection of independent edges covering all of the vertices of a graph, in our
main object of study, the random graph G,, ,,, we will analyse the same problem
in a random bipartite graph. This problem is much simpler than the respective
one for G, ,, but provides a general approach to finding a perfect matching in
a random graph.

82
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Bipartite Graphs

Let G, ,p be the random bipartite graph with vertex bi-partition V = (A, B),
A = [1,n],B = [n+1,2n] in which each of the n? possible edges appears inde-
pendently with probability p. The following theorem was first proved by Erd&s
and Rényi [278].

Theorem 6.1 Let @ = @(n), ¢ > 0 be a constant, and p = log#. Then

0 if @— —o
ILm P(Gp,n,p has a perfect matching) = e ifo—c
n—oo ’
1 if @ — oo,
Moreover,

lim P(G,, ., has a perfect matching) = liﬁm P(6(Gupnp) > 1).
n—oo

n—yoo

Proof We will use Hall’s condition for the existence of a perfect matching in
a bipartite graph. It states that a bipartite graph contains a perfect matching if
and only if the following condition is satisfied:

WS C A, IN(S)| > |S], (6.1)

where for a set of vertices S, N(S) denotes the set of neighbors of S.
It is convenient to replace (6.1) by

VS CA,IS|< 3 IN©) > IS, (6.2)
VT CB, |T| < g IN(T)| > |T]. (6.3)
This is because if S| > n/2 and |[N(S)| < |S| then T = B\ N(S) will violate
(6.3).
Now

P(Jv: vis isolated) < P( A a perfect matching)
<P(Jv:visisolated) +2P(SCA,T CB,2<k=|S| <n/2,
|T|=k—1,N(S) CTand e(S:T) > 2k—2).

Here e(S : T) denotes the number of edges between S and T, and to see why

e(S : T) must be at least 2k — 2, take a pair S,7 with |S| + |T| as small as
possible. Next

(i) if |S| > |T|+ 1, remove |S| — |T| — 1 vertices from |S].
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(i1) Suppose dw € T such that w has less than 2 neighbors in S. Remove w and
its (unique) neighbor in |S].

Repeat until (i) and (ii) do not hold. Note that |S| will stay at least 2 if the
minimum degree & > 1.

Suppose now that p = % for some constant c¢. Then let Y denote the
number of sets S and T satisfying the conditions (6.2), (6.3). Then

EY < zli (Z) (k” 1) (kg/z_;)>p2k2(1 _ p)kln—b)

n/2

<2Z<E>k ne k=1 ke(logn+c) 2kizefnpk(lfk/n)
= 4k ) k=i 2n

Case 1: 2§k§n3/4.

. = n((®Dn~"logn)?)k.

So

Case 2: n3/* <k< n/2.

So
n/2 34
Z u, =0 (nf”\ /3)
n3/4

So

P( A a perfect matching) = IP(3 isolated vertex) + o(1).
Let Xp denote the number of isolated vertices in G, ,. Then
EXy=2n(1—p)* = 2e "
By previously used techniques we have

—c

P(Xo=0) ~ e %
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To prove the case for |®| — e we can use monotonicity and (1.6) and the fact
_,—2c . _,—2c .
thate™®  —0ifc— —cande™®  — 1if c — oo. O

Non-Bipartite Graphs

We now consider G, ,. We could try to replace Hall’s theorem by Tutte’s the-
orem. A proof along these lines was given by Erdds and Rényi [279]. We can
however get away with a simpler approach based on simple expansion proper-
ties of Gy, ,. The proof here can be traced back to Bollobés and Frieze [140].
By a perfect matching, we now mean a matching of size |n/2].

Theorem 6.2 Let @ = (n), ¢ > 0 be a constant, and let p = "€ Thep

0 if cp— —oo
lim P(G,,, has a perfect matching) = e ifcp—oc
n—soo ’
1 if ¢, —> oo
Moreover,

li_r}n P(G,,,, has a perfect matching) = lim P(6(G,, ,) > 1).
n—oo

n—soo
Proof We will for convenience only consider the case where ¢, = @ — o and
o = o(logn). If ¢, — —oo then there are isolated vertices, w.h.p. and our proof
can easily be modified to handle the case ¢, — c.
Our combinatorial tool that replaces Tutte’s theorem is the following: We
say that a matching M isolates a vertex v if no edge of M contains v.
For a graph G we let

1(G) =max {|M|: M is a matching in G} . (6.4)

Let G = (V,E) be a graph without a perfect matching i.e. u(G) < [|V|/2].
Fix v € V and suppose that M is a maximum matching that isolates v. Let
So(v,M) ={u#v:Misolates u}. If u € So(v,M) and e = {x,y} € M and [ =
{u,x} € E then flipping e, f replaces M by M' = M + f — e. Here e is flipped-
out. Note that y € So(v,M").

Now fix a maximum matching M that isolates v and let

A(v,M) =JSo(v.M")
M/
where we take the union over M’ obtained from M by a sequence of flips.
Lemma 6.3 Let G be a graph without a perfect matching and let M be a

maximum matching and v be a vertex isolated by M. Then |Ng(A(v,M))| <
A(v, M)|.
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Proof Suppose that x € Ng(A(v,M) and that f = {u,x} € E whereu € A(v,M).
Now there exists y such that e = {x,y} € M, else x € So(M) C A(v,M). We
claim that y € A(v,M) and this will prove the lemma. Since then, every neigh-
bor of A(v, M) is the neighbor via an edge of M.

Suppose that y ¢ A(v,M). Let M’ be a maximum matching that (i) isolates
u and (ii) is obtainable from M by a sequence of flips. Now e € M’ because
if e has been flipped out then either x or y is placed in A(v,M). But then we
can do another flip with M’, e and the edge f = {u,x}, placing y € A(v,M),
contradiction. 0

We now change notation and write A(v) in place of A(v,M), understanding
that there is some maximum matching that isolates v. Note that if u € A(v)
then there is some maximum matching that isolates u and so A(u) is well-
defined. Furthermore, it always that case that if v is isolated by some maximum
matching and u € A(v) then (G + {u,v}) = u(G) +1.

Now let

_ logn+6loglogn+ ®
b= n
where 6 > 0 is a fixed integer and @ — oo and @ = o(loglogn).
We have introduced 0 so that we can use some of the following results for
the Hamilton cycle problem.

We write
Gnﬁp = Gn,m UGn,pzv
where
_ logn+6loglogn+ /2
p1= "
and

0]
1—p=(1=p1)(1-p2) sothat py ~ o
Note that Theorem 4.3 implies:
The minimum degree in G, ,, is at least 6 + 1 w.h.p. (6.5)

We consider a process where we add the edges of G, ,, one at a time to
Gp,p, - We want to argue that if the current graph does not have a perfect match-
ing then there is a good chance that adding such an edge {x, y} will increase the
size of a largest matching. This will happen if y € A(x). If we know that w.h.p.
every set § for which [Ng, , (S)| < [S| satisfies |S| > an for some constant
o > 0, then

an) - 2
Py € A(x)) > (z) > % (6.6)
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provided i = O(n).

This is because the edges we add will be uniformly random and there will
be at least (%') edges {x,y} where y € A(x). Here given an initial x we can
include edges {x’,y'} where x’ € A(x) and y' € A(x). We have subtracted i to
account for not re-using edges in f1, f2,..., fi—1-

In the light of this we now argue that sets S, with |Ng, , ()| < (1+6)]S]|

are w.h.p. of size Q(n).

Lemma 6.4 Let M =100(6+7). Wh.p.SC [n],[S| < 5,

W implies [N(S)| >
(6 +1)|S], where N(S) = Ng,,,, (S).

Proof Let a vertex of graph G| = G, p, be large if its degree is at least A =
%, and small otherwise. Denote by LARGE and SMALL, the set of large and
small vertices in Gy, respectively.

Claim 1 W.h.p. if vyw € SMALL then dist(v,w) > 5.

Proof 1If v,w are small and connected by a short path P, then v,w will have
few neighbors outside P and conditional on P existing, v having few neighbors
outside P is independent of w having few neighbors outside P. Hence,

P(3v,w € SMALL in G, p,, such that dist(v,w) < 5)

n 3 e 2
<(5)(E) (5 (o)

A (logn)" (10gn)(9+1)/100_ew/2>2

< n(logn)* <Z i

= nlogn
2
logn)l (logn)(9+l)/100 Le—0/2

- af ! . '
< 2n(logn) ( T nlogn (6.7)

o) "
—0 (“Og”) (100e)210%>

n

=0(n /%)

=o(1).
The bound in (6.7) holds since 1! > (é)l and “Z—Zl > 100 for k < I, where

(logn)k (logn)(9+l)/100 .efa)/z
U = :
k! nlogn
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O
Claim2  W.h.p. G, does not have a 4-cycle containing a small vertex.
Proof
P(3 a 4-cycle containing a small vertex )
(logn)/100 n—4a
<dn'pl Y ( ) )p'f(l —p)
k=0
<n~**(logn)*
=o(1).
O
Claim3 W.h.p. in Gy, p, for every S C [n],|S| < 505, e(S) < &Aggﬂ.
Proof
n |S|logn
P(3]S] < —— and > =
( IS| < omt ™ e(S) > W )
_ ”/fM () ( (5) )pﬂogn/M
- s—togn/m \S slogn/M )"
_ n/fM @ <Me1+0(1)s>108”/M ;
B s=logn/M S 2n
2eM
< ”/Ze’ (<S>1+10g”/M‘ (M€1+0(1))10gn/M>S
s=logn/M n
=o(1).
O

Claim 4 Let M be as in Claim 3. Then, w.h.p. in G, p,, if S € LARGE, |S| <
26(915)/‘4 then [N(S)| > (6 +4)|S].

Proof LetT = N(S),s =S|,# = |T|. Then we have

|S|logn

IS|logn  2|S|logn
2e(S) > — .
0o )

> >
e(SUT) >e(S,T) > = 100 W
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Then if |T| < (6 4-4)|S| we have [SUT| < (6 4 5)|S| < 5237 and

e(SUT) >

= 0+5\100 M M

ISUT| [ 1 2 o _ |SUT|logn
100 M) %"~ :

This contradicts Claim 3.

We can now complete the proof of Lemma 6.4. Let |S| < m and as-
sume that G, ,, has minimum degree at least 6 + 1.

Let S| = SNSMALL and S, = S\ S;. Then

N(S)|
IN(S1)|+IN(S2)| = [N(S1) NS2| — [N(S2) N S1| = [N(S1) NN(S2)]
IN(S

>
> )+ IN(S2)[ = [S2] = IN(S2) NSi| = [N(S1) NN(S2)].

But Claim 1 and Claim 2 and minimum degree at least 8 + 1 imply that

IN(S1)| > (8 +1)|S1], IN(S2) NS1| < min{[$)],[S2]},
IN(S1)ON(S2)] < [S2]-

So, from this and Claim 4 we obtain
IN(S)[ > (6 +1)|S1|+ (6 +4)[S2] —3|S2| = (6 + 1)[S].

O

We now go back to the proof of Theorem 6.2 for the case c = W — oo. Let
the edges of G, ,, be {f1,f2,...,fs} in random order, where s ~ wn/4. Let
Go=Gyp, and G; =G, p, +{f1, f2,..., fi} for i > 1. It follows from Lemmas
6.3 and 6.4 that with u(G) as in (6.4), and if 4 (G;) < n/2 then, assuming G,

has the expansion claimed in Lemma 6.4, with 6 =0 and oc = ﬁ

2
P(4(Gin) 2 R(G) + 1] fiufosenof) = 5, ©38)

see (6.6).
It follows that

IP(Gp,, does not have a perfect matching) <
o(1) +P(Bin(s,?/2) < n/2) = o(1).

We have used the notion of dominance, see Section 21.9 in order to use the
binomial distribution in the above inequality. O
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6.2 Hamilton Cycles

This was a difficult question left open in [276]. A breakthrough came with
the result of Pésa [631]. The precise theorem given below can be credited
to Komlés and Szemerédi [494], Bollobés [128] and Ajtai, Komlés and Sze-
merédi [11].

Theorem 6.5 Let p = w. Then

0 if cp— —o0
lim P(G,, , has a Hamilton cycle) = { e if ¢, — ¢
n—oo
1 if ¢ — oo.
Moreover,

lim P(G,, , has a Hamilton cycle ) = lim P(6(G,,p) > 2).

n—oo n—oo

Proof We will first give a proof of the first statement under the assumption
that ¢, = @ — oo where ® = o(loglogn). The proof of the second statement is
postponed to Section 6.3. Under this assumption, we have 6(G,,,) > 2 w.h.p.,
see Theorem 4.3. The result for larger p follows by monotonicity.

We now set up the main tool, viz. Pésa’s Lemma. Let P be a path with end
points a, b, as in Figure 6.1. Suppose that b does not have a neighbor outside

of P.
P
/ WYW\.
a X b

Figure 6.1 The path P

Notice that the P’ below in Figure 6.2 is a path of the same length as P, ob-
tained by a rotation with vertex a as the fixed endpoint. To be precise, suppose
that P = (a,...,x,y,y,...,b’,b) and {b,x} is an edge where x is an interior
vertex of P. The path P’ = (a,...,x,b,b’,...,y',y) is said to be obtained from
P by arotation.
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P’
/ y
| \Wb

Figure 6.2 The path P’ obtained after a single rotation

Now let END = END(P) denote the set of vertices v such that there exists a
path P, from a to v such that P, is obtained from P by a sequence of rotations
with vertex a fixed as in Figure 6.3.

AW,
AW

Figure 6.3 A sequence of rotations

Here the set END consists of all the white vertices on the path drawn below
in Figure 6.4.
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WA,

Figure 6.4 The set END

Lemma 6.6 Ifv € P\END and v is adjacent to w € END then there exists
x € END such that the edge {v,x} € P.

Proof Suppose to the contrary that x,y are the neighbors of v on P and that
v,x,y ¢ END and that v is adjacent to w € END. Consider the path P,,.. Let {r,7}
be the neighbors of v on P,. Now {r,r} = {x,y} because if a rotation deleted
{v,y} say then v or y becomes an endpoint. But then after a further rotation
from P,, we see that x € END ory € END.

Figure 6.5 One of r,¢ will become an endpoint after a rotation

O
Corollary 6.7
IN(END)| < 2|END|.
O
It follows from Lemma 6.4 with 6 = 1 that w.h.p. we have
1

END| > h = .
|[END| > an where o oM (6.9)

We now consider the following algorithm that searches for a Hamilton cycle
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in a connected graph G. The probability p; is above the connectivity threshold
and so G, , is connected w.h.p. Our algorithm will proceed in stages. At the
beginning of Stage k we will have a path of length k in G and we will try to
grow it by one vertex in order to reach Stage k+ 1. In Stage n — 1, our aim is
simply to create a Hamilton cycle, given a Hamilton path. We start the whole
procedure with an arbitrary path of G.

Algorithm Posa:

(a) Let P be our path at the beginning of Stage k. Let its endpoints be xg, yg. If
Xo or yo have neighbors outside P then we can simply extend P to include
one of these neighbors and move to stage k+ 1.

(b) Failing this, we do a sequence of rotations with x( as the fixed vertex until
one of two things happens: (i) We produce a path Q with an endpoint y
that has a neighbor outside of Q. In this case we extend Q and proceed to
stage k+ 1. (ii) No sequence of rotations leads to Case (i). In this case let
END denote the set of endpoints of the paths produced. If y € END then P,
denotes a path with endpoints x, y that is obtained from P by a sequence
of rotations.

(c) If we are in Case (bii) then for each y € END we let END(y) denote the
set of vertices z such that there exists a longest path Q. from y to z such
that Q. is obtained from P, by a sequence of rotations with vertex y fixed.
Repeating the argument above in (b) for each y € END, we either extend
a path and begin Stage k+ 1 or we go to (d).

(d) Suppose now that we do not reach Stage k+ 1 by an extension and that
we have constructed the sets END and END(y) for all y € END. Suppose
that G contains an edge (y,z) where z € END(y). Such an edge would
imply the existence of a cycle C = (z, 0y, z). If this is not a Hamilton cycle
then connectivity implies that there exist u € C and v ¢ C such that u, v are
joined by an edge. Let w be a neighbor of # on C and let P’ be the path
obtained from C by deleting the edge (u,w). This creates a path of length
k+ 1 viz. the path w, P’,v, and we can move to Stage k+ 1.

A pair z,y where z € END(y) is called a booster in the sense that if we added
this edge to G, ,, then it would either (i) make the graph Hamiltonian or (ii)
make the current path longer. We argue now that G,, ,, can be used to “boost”
P to a Hamilton cycle, if necessary.

We observe now that when G = G, ,,, |[END| > on w.h.p., see (6.9). Also,
|[END(y)| > an for all y € END. So we will have Q(n?) boosters.

For a graph G let A(G) denote the length of a longest path in G, when G
is not Hamiltonian and let A(G) = n when G is Hamiltonian. Let the edges of
Gn,p, be {fi, f2,-.., fs} inrandom order, where s ~ wn/4. Let Go = G, and
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Gi=Gyp, +{f1,/2,.... fi} fori > 1. It follows from Lemmas 6.3 and 6.4 that
if (G;) < n then, assuming G,, ,, has the expansion claimed in Lemma 6.4,

IP’(?L(GM)EMGJ—H |f1,f2,...,ﬁ)2 (6.10)

o
2 )
see (6.6), replacing A(v) by END(v).
It follows that

P(Gy,, is not Hamiltonian) < o(1) +P(Bin(s,a?/2) < n) = o(1). (6.11)

6.3 Long Paths and Cycles in Sparse Random Graphs

In this section we study the length of the longest path and cycle in G,, , when
p = c¢/n where ¢ = O(logn), most importantly for c is a large constant. We
have seen in Chapter 1 that under these conditions, G,, , will w.h.p. have iso-
lated vertices and so it will not be Hamiltonian. We can however show that it
contains a cycle of length Q(n) w.h.p.

The question of the existence of a long path/cycle was posed by Erdés and
Rényi in [276]. The first positive answer to this question was given by Ajtai,
Komlés and Szemerédi [10] and by de la Vega [713]. The proof we give here
is due to Krivelevich, Lee and Sudakov. It is subsumed by the more general
results of [504].

Theorem 6.8 Let p = c/n where c is sufficiently large but c = O(logn). Then
w.h.p.

(a) Gpp has a path of length at least (l — %) n.
(b) G, p has a cycle of length at least (1 - %) n.

Proof We prove this theorem by analysing simple properties of Depth First
Search (DFS). This is a well known algorithm for exploring the vertices of a
component of a graph. We can describe the progress of this algorithm using
three sets: U is the set of unexplored vertices that have not yet been reached by
the search. D is the set of dead vertices. These have been fully explored and no
longer take part in the process. A = {aj,ay,...,a,} is the set of active vertices
and they form a path from a; to a,. We start the algorithm by choosing a vertex
v from which to start the process. Then we let

A={vlandD=0and U = [n]\ {v} and r=1.

We now describe how these sets change during one step of the algorithm.
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Step (a) If there is an edge {a,,w} for some w € U then we choose one such
w and extend the path defined by A to include w.

arp1 WA= AU{WHU < U\ {whr<+r+1.

We now repeat Step (a).
If there is no such w then we do Step (b):
Step (b) We have now completely explored a,.

D+ DU{a;};A+A\{a };r+r—1.

If r > 1 we go to Step (a). Otherwise, if U = 0 at this point then
we terminate the algorithm. If U # @ then we choose some v € U to
re-start the process with r = 1. We then go to Step (a).

We make the following simple observations:

e A step of the algorithm increases |D| by one or decreases |U| by one and so
at some stage we must have |D| = |U| = s for some positive integer s.

o There are no edges between D and U because we only add a, to D when
there are no a,,U edges and U never increases from this point on.

Thus at some stage we have two disjoint sets D,U of size s with no edges

between them and a path of length |A| — 1 = n—2s— 1. This plus the following
claim implies that Gy, , has a path P of length at least (1 - %) n w.h.p. Note

c

that if ¢ is large then

L 2 e
implies ¢ > o log (a) .

31
o> ogc
c

Claim5 Let 0 < o < 1 be a positive constant. If p = c/n and ¢ > %log (3)
then w.h.p. in G, ,, every pair of disjoint sets 1,5 of size at least oxn — 1 are
Jjoined by at least one edge.

Proof The probability that there exist sets Sy,5> of size (at least) an — 1 with
no joining edge is at most

2 2+0(1) an—1
n 2 e
1— (an—1) < —c =o0(1).
<an—1> (1=p) _< oz ¢ ) o(1)

To complete the proof of the theorem, we apply the above lemma to the
vertices S1,S2 on the two sub-paths P, P, of length 3loge

c

O

n at each end of P.
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There will w.h.p. be an edge joining S1,S>, creating the cycle of the claimed
length. O

Krivelevich and Sudakov [512] used DFS to give simple proofs of good
bounds on the size of the largest component in G, , for p = ”Tg where € is a
small constant. Exercises 6.7.19, 6.7.20 and 6.7.21 elaborate on their results.

Completing the proof of Theorem 6.5

We need to prove part (b). So we let 1 — p = (1 — p;)(1 — p2) where p; =

m. Then we apply Theorem 6.8(a) to argue that w.h.p. G, ,, has a path

of length n (1 -0 (101%?f">>.

Now, conditional on G, ;, having minimum degree at least two, the proof
of the statement of Lemma 6.4 goes through without change for 0 =1 i.e.
S C [n],1S] < 15000 implies [N(S)[ > 2[S|. We can then use use the extension-
rotation argument that we used to prove Theorem 6.5(c). This time we only

need to close O (%) cycles and we have Q (m) edges. Thus (6.11)

is replaced by
P(G,,, is not Hamiltonian | (G, p,) > 2) <

; logl
o(1)+P (Bin | 1 1078 ) < 2TOS08T) _ ),
loglogn logn

for some hidden constants ¢y, c;.

6.4 Greedy Matching Algorithm

In this section we see how we can use differential equations to analyse the per-
formance of a greedy algorithm for finding a large matching in a random graph.
Finding a large matching is a standard problem in Combinatorial Optimisa-
tion. The first polynomial time algorithm to solve this problem was devised
by Edmonds in 1965 and runs in time O(|V|*) [271]. Over the years, many
improvements have been made. Currently the fastest such algorithm is that of
Micali and Vazirani which dates back to 1980. Its running time is O(|E|\/|V])
[578]. These algorithms are rather complicated and there is a natural interest
in the performance of simpler heuristic algorithms which should find large, but
not necessarily maximum matchings. One well studied class of heuristics goes
under the general title of the GREEDY heuristic.

The following simple greedy algorithm proceeds as follows: Beginning with
graph G = (V,E) we choose a random edge e = {u,v} € E and place it in a
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set M. We then delete u,v and their incident edges from G and repeat. In the
following, we analyse the size of the matching M produced by this algorithm.
Algorithm GREEDY

begin
M + 0;
while E(G) # 0 do
begin
A: Randomly choose e = {x,y} € E
G G\{xy}
M <+ MU{e}
end;
Output M
end

(G \ {x,y} is the graph obtained from G by deleting the vertices x,y and all
incident edges.)

We will study this algorithm in the context of the pseudo-graph model Ggf,,),
of Section 1.3 and apply (1.16) to bring the results back to G, ,,. We will argue
next that if at some stage G has v vertices and u edges then G is equally likely
to be any pseudo-graph with these parameters.

We will use the method of deferred decisions, a term coined in Knuth, Mot-
wani and Pittel [489]. In this scenario, we do not expose the edges of the
pseudo-graph until we actually need to. So, as a thought experiment, think that
initially there are m boxes, each containing a uniformly random pair of distinct
integers from [n]. Until the box is opened, the contents are unknown except for
their distribution. Observe that opening box A and observing its contents tells
us nothing more about the contents of box B. This would not be the case if as
in G, ,, we insisted that no two boxes had the same contents.

Remark 6.9 Rather than choose the edge {x,y} at random, we will let {x,y}
be the first edge. This will make (6.12) below clearer and because the edges
are in random order anyway, it does not change the algorithm.

Remark 6.10 A step of GREEDY involves choosing the first unopened box
at random to expose its contents x, y.

After this, the contents of the remaining boxes will of course remain uni-
formly random over (V(zc)). The algorithm will then ask for each box with x

or y to be opened. Other boxes will remain unopened and all we will learn is
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that their contents do not contain x or y and so they are still uniform over the
remaining possible edges.

We need the following

Lemma 6.11 Suppose that m = cn for some constant ¢ > 0. Then w.h.p. the
maximum degree in Gfm is at most logn.

Proof The degree of a vertex is distributed as Bin(m,2/n). So, if A denotes

the maximum degree in (GS,?,Z,, then with ¢ = logn,

P(A > 0) g(’?) (i)g <n (22“")2:0(1).
O

Now let X (¢) = (v(¢),u(t)),r = 1,2,..., denote the number of vertices and
edges in the graph at the start of the rth iterations of GREEDY. Also, let G, =
(Vi,E;) = G at this point and let G, = (V;,E, \ e1) where e; is the first edge of
E,. Thus v(1) =n,u(l) =mand G| = Gf,iz,. Now v(t+1) = v(¢) — 2 and so
v(t) =n—2t. Let d,(-) denote degree in G, and let 6;(x,y) denote the number
of copies of the edge {x,y} in G;, excluding e;. Then we have

E(u(r+1) | Gy) = u(t) = (di (x) +di(y) + 1+ 6; (x,y)).
Taking expectations over G; we have

4E(u(r))

B(u(r-+ 1) =Bu) - A 1o

— (6.12)

Here we use Remark 6.9 to argue that Ed, (x), Ed,(y) = 2% and Remark
6.10 to argue that E 6;(x,y)) = O(1/(n—2t)).
This suggests that w.h.p. u(¢) ~ nz(¢t/n) where z(0) = ¢ and z(7) is the so-
lution to the differential equation
dz  4z(7)
dt ~ 1-21

This is easy to solve and gives

1.

(1) = <c+;> (1-27)%— 1—22?

The smallest root of z(7) =0 is T = ﬁ This suggests the following theo-
rem.

Theorem 6.12 W.h.p., running GREEDY on Gy ¢, finds a matching of size
cto(l)
2c+1

n.
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Proof We will replace G, by GSf,Z, and consider the random sequence [ (f),
t =1,2,.... The number of edges in the matching found by GREEDY equals
one less than the first value of ¢ for which pi(¢) = 0. We show that w.h.p. u(r) >

0 if and only if t < Czt (jr(:) n. We will use Theorem 22.1 of Chapter 22.

In our set up for the theorem we let
4x
T,X)=— -1
) = -0

c 1
D= <t < =—0<x<-5.
{(T,x) <1< 9 i1 _x_z}

We let X(¢) = p(z) for the statement of the theorem. Then we have to check
the conditions:

(P1) lu®)| <cn, Yt <Tp= Ipn.
(P2) | +1)—pu(r)| <2logn Vit <Tp.
(P3)  [E(ult+1)— 00|, &) — F(t/n,X(0)/n)] < 4,5 < Tp.
Here & = {A <logn} and this is needed for (P2).
(P4)  f(z,x) is continuous and satisfies a Lipschitz condition
(1) ()] < (de+2)][ (1) — ()|
for (t,x),(t',x') e DN{(t,x):t >0}

Now let B =n'/> and A = n~'/29 and 6 = .7, — 104 and apply the theorem.
This shows that w.h.p. p(t) = nz(t/n) + O(n'/?) for t < on. O

The result in Theorem 6.12 is taken from Dyer, Frieze and Pittel [269],
where a central limit theorem is proven for the size of the matching produced
by GREEDY.

The use of differential equations to approximate the trajectory of a stochastic
process is quite natural and is often very useful. It is however not always best
practise to try and use an “off the shelf”” theorem like Theorem 22.1 in order to
get a best result. It is hard to design a general theorem that can deal optimally
with terms that are o(n).

6.5 Random Subgraphs of Graphs with Large Minimum
Degree

Here we prove an extension of Theorem 6.8. The setting is this. We have a
sequence of graphs Gj with minimum degree at least k, where k — oo. We
construct a random subgraph G, of G = G; by including each edge of G, in-
dependently with probability p. Thus if G = K, G, is G, . The theorem we
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prove was first proved by Krivelevich, Lee and Sudakov [504]. The argument
we present here is due to Riordan [647].

In the following we abbreviate (Gy), to G, where the parameter & is to be
understood.

Theorem 6.13 Let Gy be a sequence of graphs with minimum degree at least
k where k — oo. Let p be such that pk — oo as k — . Then w.h.p. G, contains
a cycle of length at least (1 —o(1))k.

Proof We will assume that G has n vertices. We let T denote the forest pro-
duced by depth first search. We also let D,U, A be as in the proof of Theorem
6.8. Let v be a vertex of the rooted forest 7. There is a unique vertical path
from v to the root of its component. We write <7 (v) for the set of ancestors of
v, i.e., vertices (excluding v) on this path. We write Z(v) for the set of descen-
dants of v, again excluding v. Thus w € Z(v) if and only if v € o7 (w). The
distance d(u,v) between two vertices u and v on a common vertical path is just
their graph distance along this path. We write <7 (v) and %;(v) for the set of
ancestors/descendants of v at distance exactly i, and </<;(v), Z<;(v) for those
at distance at most i. By the depth of a vertex we mean its distance from the
root. The height of a vertex v is max {i: Z;(v) # 0}. Let R denote the set of
edges of G that are not tested for inclusion in G, during the exploration.

Lemma 6.14 Every edge e of R joins two vertices on some vertical path in
T.

Proof Let e = {u,v} and suppose that u is placed in D before v. When u
is placed in D, v cannot be in U, else {u,v} would have been tested. Also, v
cannot be in D by our choice of u. Therefore at this time v € A and there is a
vertical path from v to u. O

Lemma 6.15  With high probability, at most 2n/p = o(kn) edges are tested
during the depth first search exploration.

Proof Each time an edge is tested, the test succeeds (the edge is found to be
present) with probability p. The Chernoff bound implies that the probability
that more than 2n/p tests are made but fewer than n succeed is o(1). But every
successful test contributes an edge to the forest 7', so w.h.p. at most n tests are
successful. O

From now on let us fix an arbitrary (small) constant 0 < € < 1/10. We call
a vertex v full if it is incident with at least (1 — €)k edges in R.
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Lemma 6.16  With high probability, all but o(n) vertices of Ty are full.

Proof Since G has minimum degree at least k, each v € V(G) = V(T) that
is not full is incident with at least €k tested edges. If for some constant ¢ > 0
there are at least cn such vertices, then there are at least cekn/2 tested edges.
But the probability of this is o(1) by Lemma 6.15. O

Let us call a vertex v rich if |2(v)| > €k, and poor otherwise. In the next
two lemmas, (7) is a sequence of rooted forests with n vertices. We suppress
the dependence on k in notation.

Lemma 6.17 Suppose that T = Ty, contains o(n) poor vertices. Then, for any
constant C, all but o(n) vertices of T are at height at least Ck.

Proof For each rich vertex v, let P(v) be a set of [€k] descendants of v, ob-
tained by choosing vertices of Z(v) one-by-one starting with those furthest
from v. For every w € P(v) we have Z(w) C P(v), so |2(w)| < &k, i.e., wis
poor. Consider the set S; of ordered pairs (v,w) with v rich and w € P(v). Each
of the n — o(n) rich vertices appears in at least €k pairs, so |S;| > (1 —o(1))ekn.

For any vertex w we have |.&/<;(w)| < i, since there is only one ancestor at
each distance, until we hit the root. Since (v,w) € S| implies that w is poor
and v € &/ (w), and there are only o(n) poor vertices, at most o(Ckn) = o(kn)
pairs (v,w) € S satisfy d(v,w) < Ck. Thus S| = {(v,w) € S| : d(v,w) > Ck}
satisfies |S]| > (1 —o(1))ekn. Since each vertex v is the first vertex of at most
[ek| ~ €k pairs in S D S}, it follows that n — o(n) vertices v appear in pairs
(v,w) € §). Since any such v has height at least Ck, the proof is complete. [

Let us call a vertex v light if |7 <(j_s¢)(v)| < (1 —4€)k, and heavy other-
wise. Let H denote the set of heavy vertices in 7.

Lemma 6.18 Suppose that T = Ty contains o(n) poor vertices, and let X C
V(T) with |X| = o(n). Then, for k large enough, T contains a vertical path P
of length at least €k containing at most €k vertices in X UH.

Proof Let S, be the set of pairs (u,v) where u is an ancestor of v and 0 <
d(u,v) < (1 —5€)k. Since a vertex has at most one ancestor at any given dis-
tance, we have |S2| < (1 —5€)kn. On the other hand, by Lemma 6.17 all but
o(n) vertices u are at height at least k and so appear in at least (1 — 5€)k pairs
(u,v) € S». It follows that only o(n) vertices u are in more than (1 —4¢€)k such
pairs, i.e., |H| = o(n).

Let S3 denote the set of pairs (u,v) where v € X UH, u is an ancestor of v,
and d(u,v) < £ %k. Since a given v can only appear in €2k pairs (u,v) € S,
we see that |S3| < £€7%k|X UH| = o(kn). Hence only o(n) vertices u appear in
more than &2k pairs (u,v) € Ss.
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By Lemma 6.17, all but o(n) vertices are at height at least £ k. Let u be
such a vertex appearing in at most £2k pairs (u,v) € S3, and let P be the vertical
path from u to some v € &, 2, (u). Then P has the required properties. O

Proof of Theorem 6.13

Fix € > 0. It suffices to show that w.h.p. G, contains a cycle of length at least
(1 —5¢€)k, say. Explore G, by depth-first search as described above. We condi-
tion on the result of the exploration, noting that the edges of R are still present
independently with probability p. By Lemma 6.14, {u,v} € R implies that u is
either an ancestor or a descendant of v. By Lemma 6.16, we may assume that
all but o(n) vertices are full.

Suppose that

[{u:{u,v}€R,d(u,v) > (1-5e)k}|> ek. (6.13)

for some vertex v. Then, since ekp — oo, testing the relevant edges {u,v} one-
by-one, w.h.p we find one present in G, forming, together with 7', the required
long cycle. On the other hand, suppose that (6.13) fails for every v. Suppose
that some vertex v is full but poor. Since v has at most €k descendants, there
are at least (1 —2¢)k pairs {u,v} € R with u € &7 (v). Since v has only one
ancestor at each distance, it follows that (6.13) holds for v, a contradiction.

We have shown that we can assume that no poor vertex is full. Hence there
are o(n) poor vertices, and we may apply Lemma 6.18, with X the set of ver-
tices that are not full. Let P be the path whose existence is guaranteed by
the lemma, and let Z be the set of vertices on P that are full and light, so
|V(P)\ Z| < €%k. For any v € Z, since v is full, there are at least (1 — &)k ver-
tices u € o7 (v) U Z(v) with {u,v} € R. Since (6.13) does not hold, at least
(1 —2¢)k of these vertices satisfy d(u,v) < (1 —5€)k. Since v is light, in turn
at least 2&k of these u must be in <7 (v). Recalling that a vertex has at most one
ancestor at each distance, we find a set R(v) of at least €k vertices u € &7 (v)
with {u,v} € R and ek < d(u,v) < (1 -5¢)k <k.

It is now easy to find a (very) long cycle w.h.p. Recall that Z C V(P) with
[V(P)\ Z| < €%k. Thinking of P as oriented upwards towards the root, let vg
be the lowest vertex in Z. Since |R(vg)| > €k and kp — e, w.h.p. there is an
edge {uo,vo} in G, with uy € R(vp). Let v; be the first vertex below ug along
P with vi € Z. Note that we go up at least €k steps from v to uy and down
at most 1+ |V (P)\ Z| < 2€%k from ug to vy, so v is above vy. Again w.h.p.
there is an edge {u1,v} in G, with u; € R(v1), and so at least €k steps above
v1. Continue downwards from u; to the first v, € Z, and so on. Since €1 =
O(1), w.h.p. we may continue in this way to find overlapping chords {u;,v;}
for0<i< LZS’IJ , say. (Note that we remain within P as each upwards step
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has length at most k.) These chords combine with P to give a cycle of length at
least (1 —2&~! x 2e2)k = (1 — 4€)k, as shown in Figure 6.6.

P

e e e

v vi o v u v3 0 vy 3 uy

Figure 6.6 The path P, with the root off to the right. Each chord {v;, u;} has length
at least €k (and at most k); from u; to v, is at most 2e%k steps back along P. The
chords and the thick part of P form a cycle.

6.6 Spanning Subgraphs

Consider a fixed sequence H@) of graphs where n = |V (H@)| — oo, In partic-
ular, we consider a sequence Q, of d-dimensional cubes where n =24 and a
sequence of 2-dimensional lattices Ly of order n = d>. We ask when Gp,p or
Gp,m contains a copy of H = H () w.h.p.

We give a condition that can be proved in quite an elegant and easy way. This
proof is from Alon and Fiiredi [25].

Theorem 6.19 Let H be fixed sequence of graphs withn = |V (H)| — oo and
maximum degree A, where (A* +1)> < n. If

A 10log|n/(A%+1)]
[n/(A*+1)]

then G, , contains an isomorphic copy of H w.h.p.

(6.14)

Proof To prove this we first apply the Hajnal-Szemerédi Theorem to the
square H? of our graph H.

Recall that we square a graph if we add an edge between any two vertices of
our original graph which are at distance two. The Hajnal-Szemerédi Theorem
states that every graph with n vertices and maximum vertex degree at most d
is d + 1-colorable with all color classes of size |n/(d+1)] or [n/(d+1)], i.e,
the (d + 1)-coloring is equitable.

Since the maximum degree of H 2 js at most A2, there exists an equitable AZ+1-
coloring of H? which induces a partition of the vertex set of H, say U = U (H),
into A2 + 1 pairwise disjoint subsets Uy, Us,...,Up2, 4, SO that each Uy is an
independent set in H? and the cardinality of each subset is either |n/(A% +1)]
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or [n/(A*+1)].

Next, partition the set V of vertices of the random graph G, , into pairwise
disjoint sets V1, V5,..., Va1, so that |Uy| = |Vi| fork=1,2,...,A> + 1.

We define a one-to-one function f : U — V, which maps each U, onto Vj, re-
sulting in a mapping of H into a an isomorphic copy of H in G, p. In the first
step, choose an arbitrary mapping of U; onto V;. Now Uj is an independent
subset of H and so G, ,[Vi] trivially contains a copy of H[U;]. Assume, by
induction, that we have already defined

f:UUOLU...UU — ViUV U.. .UV,

and that f maps the induced subgraph of H on U; UU, U...UUy into a copy of
itin ViUV, U...UV,. Now, define f on Uy, using the following construction.
Suppose first that Uyy; = {u1,u2,...,upn} and Viyy = {vi,v2,...,vm} where
me {|n/(A*+1)],[n/(A>+1)]}.

Next, construct a random bipartite graph GE,];)m o with a vertex set V = (X,Y),
where X = {x1,X2,...,%,} and Y = {y1,¥2,...,ym} and connect x; and y; with
an edge if and only if in G, , the vertex v; is joined by an edge to all vertices
f(u), where u is a neighbor of u; in H which belongs to Uy UU, U...UU.
Hence, we join x; with y; if and only if we can define f(u;) =v;.

Note that for each i and j, the edge probability p* > p® and that edges of
Gyf)m p+ are independent of each other, since they depend on pairwise disjoint
sets of edges of Gy, ,. This follows from the fact that Uy is independent in A 2,

Assuming that the condition (6.14) holds and that (A% +1)? < n, then by Theo-
(k)

m,m,p*

rem 6.1, the random graph G has a perfect matching w.h.p. Moreover, we

(k)

can conclude that the probability that there is no perfect matching in G,/ . is

at most m. It is here that we have used the extra factor 10 in the RHS of

(6.14). We use a perfect matching in G~ (m,m, p*) to define f, assuming that
if x; and y; are matched then f(u;) = v;. To define our mapping f: U — V we
have to find perfect matchings in all G®) (m,m,p*),k = 1,2,...,A%> + 1. The
probability that we can succeed in this is at least 1 — 1/n. This implies that
Gp,p contains an isomorphic copy of H w.h.p. O

Corollary 6.20 Let n=2% and suppose that d — o and p > % +o04(1), where
04(1) is a function that tends to zero as d — . Then w.h.p. G, , contains a
copy of a d-dimensional cube Q.
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Corollary 6.21 Letn=d’ and p = %, where ®(n),d — oo. Then w.h.p.
Gn,p contains a copy of the 2-dimensional lattice Ly.

6.7.1

6.7.2

6.7.3

6.7.4

6.7.5

6.7.6

6.7.7

6.7.8

6.7.9

6.7 Exercises

Consider the bipartite graph process I',,,m = 0,1,2,...,n> where we add
the n> edges in A x B in random order, one by one. Show that w.h.p. the
hitting time for I, to have a perfect matching is identical with the hitting
time for minimum degree at least one.

Show that if p = log"Hk*lzloglogHw where k = O(1) and ® — oo then
w.h.p. G, » contains a k-regular spanning subgraph.

Consider the random bipartite graph G with bi-partition A, B where |A| =
|B| = n. Each vertex a € A independently chooses [21ogn] random neigh-
bors in B. Show that w.h.p. G contains a perfect matching.

Show that if p = log"+(k_12ll°g1°g"+w where k = O(1) and @ — oo then
w.h.p. G, , contains [k/2]| edge disjoint Hamilton cycles. If k is odd,
show that in addition there is an edge disjoint matching of size |n/2].
(Hint: Use Lemma 6.4 to argue that after “peeling off” a few Hamilton
cycles, we can still use the arguments of Sections 6.1, 6.2).

Let m; denote the first time that G,, has minimum degree at least k. Show
that w.h.p. in the graph process (i) GmT contains a perfect matching and
(i1) sz contains a Hamilton cycle.

Show that if p = w where ® — oo then w.h.p.G,, , con-
tains a Hamilton cycle. (Hint: Start with a 2-regular spanning subgraph
from (ii). Delete an edge from a cycle. Argue that rotations will always
produce paths beginning and ending at different sides of the partition.
Proceed more or less as in Section 6.2).

Show that if p = w where n is even and @ — o then w.h.p.
Gy, contains a pair of vertex disjoint n/2-cycles. (Hint: Randomly par-
tition [n] into two sets of size n/2. Then move some vertices between
parts to make the minimum degree at least two in both parts).

Show that if three divides n and np® > logn then w.h.p. G,,p contains
n/3 vertex disjoint triangles. (Hint: Randomly partition [n] into three sets
A,B,C of size n/3. Choose a perfect matching M between A and B and
then match C into M).

Let G = (X,Y,E) be an arbitrary bipartite graph where the bi-partition
X,Y satisfies |X| = |Y| = n. Suppose that G has minimum degree at least
3n/4. Let p = @ where K is a large constant. Show that w.h.p. G,,
contains a perfect matching.
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6.7.10

6.7.11

6.7.12

6.7.13

6.7.14

6.7.15

6.7.16

6.7.17

6.7.18

6.7.19

Spanning Subgraphs

Letp=(l+¢) 1"% for some fixed € > 0. Prove that w.h.p. G, , is Hamil-
ton connected i.e. every pair of vertices are the endpoints of a Hamilton
path.

Show that for any fixed € > 0 there exists c¢ such that if ¢ > ¢, then G, ,
contains a cycle of length (1 — €)n with probability 1 — e—ce’n/10,
Letp=(1+ 8)10% for some fixed € > 0. Prove that w.h.p. G, , is pan-
cyclic i.e. it contains a cycle of length k for every 3 < k < n.

(See Cooper and Frieze [202] and Cooper [196], [198]).

Show that if p is constant then
P(G,,, is not Hamiltonian) = O(e )y,

Let T be a tree on n vertices and maximum degree less than ¢ logn. Sup-
pose that T has at least cpn leaves. Show that there exists K = K(c1,¢7)
such that if p > % then G, , contains a copy of 7" w.h.p.

Let p = 1,1—0 and G = Gjgy,p. Show that w.h.p. any red-blue coloring of
the edges of G contains a mono-chromatic path of length n. (Hint: Apply
the argument of Section 6.3 to both the red and blue sub-graphs of G).
This question is taken from Dudek and Pralat [259]

Suppose that p = n~% for some constant & > 0. Show that if o > % then
w.h.p. G, , does not contain a maximal spanning planar subgraph i.e. a
planar subgraph with 3n — 6 edges. Show that if o < % then it contains
one w.h.p. (see Bollobds and Frieze [141]).

Show that the hitting time for the existence of k edge-disjoint spanning
trees coincides w.h.p. with the hitting time for minimum degree k, for
k= 0(1). (See Palmer and Spencer [612]).

Consider the modified greedy matching algorithm where you first choose
arandom vertex x and then choose a random edge {x,y} incident with x.

Show that applied to G, ,,, with m = cn, that w.h.p. it produces a match-
. log(2—e2¢) n
4c

Let X1,X,,...,N = (;) be a sequence of independent Bernouilli random
variables with common probability p. Let € > 0 be sufficiently small.
(See [512]).

(a) Letp= I’T‘S and let k = . Show that w.h.p. there is no interval /
of length kn in [N] in which at least k of the variables take the value
1.

(b) Let p= 1€ and let Ny = # Show that w.h.p.

ing of size (% +o(1)

Tlogn
2

<n2/3.

No

e(l4+¢€)n
¥ cizen
i=1
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6.7.20 Use the result of Exercise 6.7.19(a) to show that if p = 1”—1’3 then w.h.p.
the maximum component size in G, , is at most %.

6.7.21 Use the result of Exercise 6.7.19(b) to show that if p = 1% then w.h.p

. 2
Gp,p contains a path of length at least .

6.8 Notes

Hamilton cycles

Multiple Hamilton cycles

There are several results pertaining to the number of distinct Hamilton cycles
in Gy, . Cooper and Frieze [201] showed that in the graph process Gmﬁ con-
tains (log n)”"J(”) distinct Hamilton cycles w.h.p. This number was improved
by Glebov and Krivelevich [369] to n! p”e”(”) for G, and (k’%)ne"(”) at
time m3. McDiarmid [564] showed that for Hamilton cycles, perfect match-
ings, spanning trees the expected number was much higher. This comes from
the fact that although there is a small probability that m} is of order n?, most
of the expectation comes from here. (1}, is defined in Exercise 6.7.5).

Bollobas and Frieze [140] (see Exercise 6.7.4) showed that in the graph
process, G contains |k/2| edge disjoint Hamilton cycles plus another edge
disjoint matching of size |n/2] if n is odd. We call this property <. This was
the case k = O(1). The more difficult case of the occurrence of <% at m;, where
k — oo was verified in two papers, Krivelevich and Samotij [509] and Knox,
Kiihn and Osthus [490].

Conditioning on minimum degree
Suppose that instead of taking enough edges to make the minimum degree in
Gn,m two very likely, we instead condition on having minimum degree at least
two. Let fonk denote G, ,, conditioned on having minimum degree at least
k = O(1). Bollobds, Fenner and Frieze [138] proved that if

n (logn
m=y (k+1 + kloglogn + a)(n))

then G5 has <7 w.h.p.

Bollobds, Cooper, Fenner and Frieze [135] prove that w.h.p. G,‘?%,’f has prop-
erty o7 w.h.p. provided 3 < k = O(1) and ¢ > (k+ 1)3. For k = 3, Frieze
[327] showed that G923 is Hamiltonian w.h.p. for ¢ > 10.

n,cn
The k-core of a random graphs is distributed like Geik for some (random)
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v, . Krivelevich, Lubetzky and Sudakov [508] prove that when a k-core first
appears, k > 15, w.h.p. it has | (k—3) /2] edge disjoint Hamilton cycles.

Algorithms for finding Hamilton cycles
Gurevich and Shelah [389] and Thomason [706] gave linear expected time
algorithms for finding a Hamilton cycle in a sufficiently dense random graph
ie. Gy, With m > n°/3 in the Thomason paper. Bollobés, Fenner and Frieze
[137] gave an O(n*+°(1)) time algorithm that w.h.p. finds a Hamilton cycle in

the graph G,,,;. Frieze and Haber [329] gave an O(n'+°() time algorithm for
6>3

finding a Hamilton cycle in G}, 2,

for ¢ sufficiently large.

Resilience

Sudakov and Vu [698] introduced the notion of the resilience of a graph prop-
erty Z. Given G = G, ,, € & w.h.p. we define the global resilience of the
property to be the maximum number of edges in a subgraph H of G such
G\ H € & w.h.p. The local resilience is defined to be the maximum r such
that if H is a subgraph H of G and A(H) < r then G\ H € & w.h.p. In the
context of Hamilton cycles, after a sequence of partial results in Frieze and
Krivelevich [334], Ben-Shimon, Krivelevich and Sudakov [75], [76], Lee and
Sudakov [521] proved that if p > logn/n then w.h.p. G\ H is Hamiltonian for
all subgraphs H for which A(H) < (% —o(1))np, for a suitable o(1) term. It is
not difficult to see that this bound on A is best possible.

Long cycles
A sequence of improvements, Bollobds [126]; Bollobds, Fenner and Frieze
[139] to Theorem 6.8 in the sense of replacing O(logc/c) by something smaller
led finally to Frieze [321]. He showed that w.h.p. there is a cycle of length
n(l —ce “(1+¢.)) where & — 0 with c¢. Up to the value of & this is best
possible.

Glebov, Naves and Sudakov [370] prove the following generalisation of
(part of) Theorem 6.5. They prove that if a graph G has minimum degree at
least k and p > w then w.h.p. G, has a cycle of length at least
k+1.

Spanning Subgraphs

Riordan [644] used a second moment calculation to prove the existence of
a certain (sequence of) spanning subgraphs H = H @ in Gy,p- Suppose that
we denote the number of vertices in a graph H by |H| and the number of
edges by e(H). Suppose that |H| = n. For k € [n] we let ey (k) = max{e(F) :
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F CH,|F| =k} and ¥ = max3<< %(Ié) Riordan proved that if the follow-
ing conditions hold, then G,, , contains a copy of H w.h.p.: (i) e(H) > n, (ii)
Np, (1 —p)n'/? — oo, (iii) np? /A(H)* — oo.

This for example replaces the % in Corollary 6.20 by 411.

Spanning trees

Gao, Pérez-Giménez and Sato [358] considered the existence of k edge disjoint
spanning trees in G, ,. Using a characterisation of Nash-Williams [602] they
were able to show that w.h.p. one can find min { 0, } edge disjoint spanning
trees. Here 8 denotes the minimum degree and m denotes the number of edges.

When it comes to spanning trees of a fixed structure, Kahn conjectured that
the threshold for the existence of any fixed bounded degree tree 7', in terms
of number of edges, is O(nlogn). For example, a comb consists of a path P
of length n'/? with each v € P being one endpoint of a path P, of the same
length. The paths P,, P, being vertex disjoint for v # w. Hefetz, Krivelevich
and Szabd [404] proved this for a restricted class of trees i.e. those with a linear
number of leaves or with an induced path of length Q(n). Kahn, Lubetzky and
Wormald [455], [456] verified the conjecture for combs. Montgomery [585],
[586] sharpened the result for combs, replacing m = Cnlogn by m = (1+
€)nlogn and proved that any tree can be found w.h.p. when m = O(An(logn)?),
where A is the maximum degree of 7.

Large Matchings

Karp and Sipser [476] analysed a greedy algorithm for finding a large matching
in the random graph G, ,,, p = ¢/n where ¢ > 0 is a constant. It has a much
better performance than the algorithm described in Section 6.4. It follows from
their work that if 1t(G) denotes the size of the largest matching in G then w.h.p.

HGup) | VY HEHTE
n 2c

where 7, is the smallest root of x = cexp{—ce™} and y* = ce™ .

Later, Aronson, Frieze and Pittel [38] tightened their analysis. This led to
the consideration of the size of the largest matching in G,‘?ﬂ%f:m. Frieze and
Pittel [347] showed that w.h.p. this graph contains a matchirig of sizen/2—Z
where Z is a random variable with bounded expectation. Frieze [325] proved
that in the bipartite analogue of this problem, a perfect matching exists w.h.p.
Building on this work, Chebolu, Frieze and Melsted [176] showed how to find

an exact maximum sized matching in G,, ,,,m = cn in O(n) expected time.
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H-factors

By an H-factor of a graph G, we mean a collection of vertex disjoint copies of a
fixed graph H that together cover all the vertices of G. Some early results on the
existence of H-factors in random graphs are given in Alon and Yuster [32] and
Rucinski [659]. For the case of when H is a tree, Luczak and Rucinski [547]
found the precise threshold. For general H, there is a recent breakthrough paper
of Johansson, Kahn and Vu [451] that gives the threshold for strictly balanced
H and good estimates in general. See Gerke and McDowell [357] for some
further results.
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Extreme Characteristics

This chapter is devoted to the extremes of certain graph parameters. We look
first at the diameter of random graphs i.e. the extreme value of the shortest
distance between a pair of vertices. Then we look at the size of the largest
independent set and the the related value of the chromatic number. We decribe
an important recent result on “interpolation” that proves certain limits exist.
We end the chapter with the likely values of the first and second eigenvalues of
a random graph.

7.1 Diameter

In this section we will first discuss the threshold for G, , to have diameter d,
when d > 2 is a constant. The diameter of a connected graph G is the maximum
over distinct vertices v, w of dist(v,w) where dist(v,w) is the minimum number
of edges in a path from v to w. The theorem below was proved independently
by Burtin [165], [166] and by Bollobas [124]. The proof we give is due to
Spencer [687].

Theorem 7.1 Letd > 2 be a fixed positive integer. Suppose that ¢ > 0 and
pind=t =log(n?/c).
Then

lim P(diam(G,, ,) =k) =

n—yoo

e /2 if k=d
l—e 2 ifk=d+1.

Proof (a): w.h.p. diam(G) > d.
Fix v € V and let

N (v) = {w: dist(v,w) = k}. (7.1)
It follows from Theorem 3.4 that w.h.p. for 0 < k < d,
INe(v)] < A & (np)t = (nlogn)/! = o(n). (7.2)
(b) w.h.p. diam(G) < d +1

111
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Fix v,w € [n]. Then for 1 < k < d, define the event

Fo={moen=|("2) |}

Then for k < [d/2] we have

P(J |§1,... <ka_]) =

k
P(Bln<n—Z|N ), 1= (1= )N © >¢Ik>
§IP’<Bin (n—o(n),i (%) B p> < (n;)k>
+P(Bm (n()(n) %(an)" : > > (2np) )

<exp{-2((np)")}

=0(n ).
So with probability 1 —O(n~3),

P\ L4/2] np\ 14/2]
Ny @)1= (F) 7 and gy o)1= ()

If X = N|45/(v) and Y = Ny4/2)(w) then, either

XNY #0 and dist(v,w) < |d/2]+[d/2] =
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or since the edges between X and Y are unconditioned by our construction,

P(AanX 1Y edge) < (1-p)(#)’ SeXp{ (”;’)"p}
<exp{—(2—o(1))nplogn} = o(n"?).
So
P(3v,w : dist(v,w) >d +1) =o(n ).

We now consider the probability that d or d + 1 is the diameter. We will use
Janson’s inequality, see Section 21.6. More precisely, we will use the earlier
inequality, Corollary 21.13, from Janson, Luczak and Rucinski [431].

We will first use this to estimate the probability of the following event: Let
v#w € [n] and let

<y, = {v,w are not joined by a path of length d}.
For x =x1,x2,...,x5_1 let
Brxw ={(vx1,%2,...,x4-1,w) isapathin G, ,}.
Let
z=Y 7,
X
where

1 if %, xw occurs
0 otherwise.

Janson’s inequality allows us to estimate the probability that Z = 0, which is
precisely the probability of .7, .
Now

/,t:EZ:(n—2)(n—3)--~(n—d)pd:log(ncz> <1+0<;)>.



114 Extreme Characteristics

Letxle,xz,--- yXd—1,Y = V1,Y2,- -+, Yd—1 and

A= Y P&#nZy)

X,y:X7y
vx,wand vy,w
share an edge

I /\

Z < ) —t pZ" ! t is the number of shared edges,

d

m

! 2 (2d l) 21[1‘)
n (logn) 4

—t/d+o )

Applying Corollary 21.13), P(Z = 0) < e #+4, we get

?“

Il
—_

t

|
i

c+o(l)
n?
On the other hand the FKG inequality (see Section 21.3) implies that

(n=2)(n—3)--(n—d) 1

P(Z=0) <

n2
So
P(ctyyy) = P(Z = 0) = ”ng(l) .
So
E(#v,w: o4, occurs) = C+§(1)
and we should expect that
P(Av,w: g, occurs)~ e /2, (7.3)
Indeed if we choose vy, wi,va,wa, ..., v, Wy, k constant, we will find that
P (s s o) ~ () (1.4)

and (7.3) follows from the method of moments.
The proof of (7.3) is just a more involved version of the proof of the special
case k = 1 that we have just completed. We now let

k
%X = U %vi,x,wi

i=1
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and re-define

z=Y 7,

X

where now

1 if % occurs
0 otherwise.

Then we have {Z = 0} is equivalent to (\_; .. ..
Now,

EZ <k(n—2)(n—3)---(n—d)p® = klog (”j) <1+0<1>>.

n

We need to show that the corresponding A = o(1). But,

A< Z Z P(By, xw, ﬁ’%)"wvas)
s X,Y:XAY

v X,wp and vg,y,wg
share an edge

d—1 d
< d Z <t)n2(d1)tp2dt
=1
=o(1).
This shows that

k
P(Z = 0) < ¢~ Hloxl?/c+oll) (+2<1>> .
- n

On the other hand, the FKG inequality (see Section 21.3) shows that
k
]P)(Q{Vl-,wl ’MLWZV'“’%kak) > Hp(mivwi)'
i=1

This verifies (7.4) and completes the proof of Theorem 7.1. O
We turn next to a sparser case and prove a somewhat weaker result.

Theorem 7.2 Suppose that p = % where @ — oo. Then
logn
diam(G,, ) =~ hp.
iam(Gy,p) Tognp w.h.p

Proof Fix v € [n] and let N; = N;(v) be as in (7.1). Let N<; = U;<, Ni. Using
the proof of Theorem 3.4(b) we see that we can assume that

(1—0 " np <deg(x) < (1+ 0 )np for all x € [n]. (7.5)
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It follows that if y = @~'/3 and

_ logn—1log3  logn
~ lognp+7vy Nlognp

then w.h.p.
2n
[Neto| < 3 (L4 7)np) < 2((1+9)np) =
0 k;(’() 3+0(1)
and so the diameter of G, , is at least (1 —o(1)) ]i)oggn';.

We can assume that np = n°() as larger p are dealt with in Theorem 7.1.
Now fix v,w € [n] and let N; be as in the previous paragraph. Now consider a
Breadth First Search (BFS) that constructs Ny, Na, ..., N, where

3logn

b= S5lognp’
It follows that if (7.5) holds then for k < k; we have
INi<k| <n¥/* and [N|p <n™'/5. (7.6)

Observe now that the edges from N; to [n] \ N<; are unconditioned by the BFS
up to layer k and so for x € [n] \ Ny,

P(x € Nt | Nag) = 1= (1= p)™ > [N p(1 = N[ p) >
P = [Nelp(1=n~7%).
The events x € Ni; are independent and so | Ny | stochastically dominates
the binomial Bin(n — n3/4, py). Assume inductively that [N¢| > (1 —7)* (np)F

for some k > 1. This is true w.h.p. for k = 1 by (7.5). Let <, be the event that
(7.6) holds. It follows that

E(|Nest| | ) > np|Ne| (1= 0(n~'/%)).

It then follows from the Chernoff bounds (Theorem 21.6) that

2
]P(|Nk+1| < ((1 —}/)np)k'H < GXP{—ZNHHP} — O(n—anyconstant)'

There is a small point to be made about conditioning here. We can condition
on (7.5) holding and then argue that this only multiplies small probabilities by
1+0(1) if we use P(A | B) <PP(A)/P(B).
It follows that if
logn _ logn
2(lognp +log(1—7) ~ 2lognp
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then w.h.p. we have
N, | > n'/2.

Analogously, if we do BFS from w to create N;,i = 1,2,...,k then \N,iz| >

n'/2 1f N<g, ﬁN’Sk2 # ( then dist(v,w) < 2k, and we are done. Otherwise, we
observe that the edges Ny, : N,iz between N, and N,’(2 are unconditioned (except
for (7.5)) and so

P(Ng, ;N,i2 =0)< (1 _p)nl/ZXn1/2 <n®

If N, : N,iz # 0 then dist(v,w) < 2k, + 1 and we are done. Note that given (7.5),
all other unlikely events have probability O(n~@e"s'a) of occurring and so
we can inflate these latter probabilities by n® to account for all choices of v, w.
This completes the proof of Theorem 7.2. O

7.2 Largest Independent Sets
Let a(G) denote the size of the largest independent set in a graph G.

Dense case
The following theorem was first proved by Matula [556].

Theorem 7.3 Suppose 0 < p < 1 is a constant and b = ﬁ. Then w.h.p.

a(Gyp) ~2log,n.

Proof Let X; be the number of independent sets of order k.
(i) Let

k= [2log,n]
Then,

( k
< (gt -r")
(
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(ii) Let now
k = [2log,n—5log,logn].
Let
A= Z P(S;,S; are independent in G,, ),

where S1,95,... ’S(Z) are all the k-subsets of [n] and S; ~ S; iff [S;NS;| > 2.
By Janson’s inequality, see Theorem 21.12,

P(X; = 0) < exp {_ (E;(A")z } .

Now

A Qu-pPBLehGa-pne-0

(EXp)? ((Z)(l B p)@)z

J
T
~ A
S~—

Il
o1~
|«
~ 3 N
~—
—~
—
|
<
~—
S
S
=

~.
||
[N

|
™~
=

T
[\S]

Notice that for j > 2,

Mj+]: k—] k_](lf )_/
u; n=2k+j+1j+1

Therefore,

. 2\ 7172 5(1 — p)-(~2)(+1)/2
Y <o () 222
u n

So

Therefore
P(X; = 0) < ¢~/ (logn)®) (7.7)
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O

Matula used the Chebyshev inequality and so he was not able to prove an

exponential bound like (7.7). This will be important when we come to discuss
the chromatic number.

Sparse Case
We now consider the case where p = d/n and d is a large constant. Frieze
[324] proved

Theorem 7.4 Let € > 0 be a fixed constant. Then for d > d(€) we have that
w.h.p.

d

2
a(Gy,p)) — g(logd—loglogd—logZ—i— 1)’ < e

Dani and Moore [228] have recently given an even sharper result.
In this section we will prove that if p = d/n and d is sufficiently large then
w.h.p.

a(Gy,p) — (7.8)

d d

2logd elogd
% n’ﬁ o8 n.

This will follow from the following. Let X} be as defined in the previous sec-
tion. Let

(2—¢€/2)logd

—n.

ko = -
Then,
elogd logd)?
P <|a(<@,,,,,) —E(a(Gyy))| > ;’5 n> < exP{_Q <( 052 ) >n}
(7.9)
3/2
P(X,, > 0) > exp{O (@) n} . (7.10)

Let us see how (7.8) follows from these two. Indeed, together they imply that

elogd

ko —E(@(Gnp))| < 55

n.

We obtain (7.8) by applying (7.9) once more.

Proof of (7.9): This follows directly from the Azuma-Hoeffding inequality —
see Section 21.7, in particular Lemma 21.16. If Z = a(G,,,) then we write
Z=27(%,Y3,...,Y,) where Y, is the set of edges between vertex i and vertices
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[i—1] for i > 2. Y»,Y3,...,Y, are independent and changing a single ¥; can
change Z by at most one. Therefore, for any ¢ > 0 we have

2
B(Z-E(2)] > 1) < exp{—z,j_z}.

Setting 1 = £X24y yields (7.9).

Proof of (7.10): Now, after using Lemma 21.1(g),

1 EXG) _ kZO G ()
P(Xko >0) ~ ]E(Xko)2 B j=0 (lz))

ko /k id id? j
<X (5 enlmo(5))) -
e AN n n

J

(1-p)~©)

=Y v (7.12)

(The notation A <, B is shorthand for A = O(B) when the latter is considered
to be ugly looking).
We observe first that (A/x)* < e*/¢ for A > 0 implies that

J k2
(ko,e-ko> xexp{—o}gl.
J n n

. (logd)** j2d | 2jk
J=Jo PR n=v; < exp 2n+ "

3/2
— exp {0 <(1°gd‘?> n} L (7.13)

So,
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Now put
. alogd —12 €
j= n where d <a<2f§.
Then
koe ko jd 2k 4elogd alogd 4logd
o2 JT T~ .
7 e"p{zn‘L n S Tad P2 g
e 4logd
T ad!—2/2 exp d

<1.

To see this note that if f(a) = ad'~*/? then f increases between d~'/? and
2/logd after which it decreases. Then note that

min {f(d_l/z),f(Z—e)} > 4eexp{4l(;gd } .

Thus v; <1 for j > jo and (7.10) follows from (7.13). O

7.3 Interpolation

The following theorem is taken from Bayati, Gamarnik and Tetali [63]. Note
that it is not implied by Theorem 7.4. This paper proves a number of other
results of a similar flavor for other parameters. It is an important paper in that
it verifies some very natural conjectures about some graph parameters, that
have not been susceptible to proof until now.

Theorem 7.5 There exists a function H(d) such that

lim ]E(a(Gn\_dnJ» :H(d)

n—oo n
Proof For this proof we use the model G,(ﬁzl of Section 1.3. This is proper
since we we know that w.h.p.
|(Gh) = (G| < [|E(Gin)| — m] < logn.
We will prove that for every 1 < ny,n, <n—1 such thatny +ny =n,

E(a(GY)) = B(@(Gli) +E(a(Glym,) (7.14)

where m; = Bin(|dn| ,n;/n),i=1,2.
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Assume (7.14). We have E(|m; — |dn;||) = O(n'/?). This and (7.14) and
the fact that adding/deleting one edge changes & by at most one implies that

D) 2 E@GY N HE@GY, ) -0, (7.15)

n,|. ny,

E(a(G

Thus the sequence u,, = E(a(G;AB in J)) satisfies the conditions of Lemma 7.6

below and the proof of Theorem 7.5 follows.

Proof of (7.14): We begin by constructing a sequence of graphs interpolat-
ing between Gfﬁ) dn| and a disjoint union of G,({?,)ml and G,({;‘?mz. Given n,ny,ny
such that n; +ny = n and any 0 < r < m = |dn|, let G(n,m,r) be the ran-
dom (pseudo-)graph on vertex set [n] obtained as follows. It contains pre-
cisely m edges. The first r edges ey, ez, . .., e, are selected randomly from [n]?.
The remaining m — r edges e+1,...,e, are generated as follows. For each
j=r+1,...,m, with probability n;/n, e, is selected randomly from M; = [n;]?
and with probability n,/n, e; is selected randomly from Mp=[n; + 1,n]%. Ob-
serve that when r = m we have G(n,m,r) = G (n,m) and when r = 0 it is
(4)
n

the disjoint union of G, ,, and Gﬁ,/;?mz where m; = Bin(m,n;/n) for j =1,2.

We will show next that
E(a(G(n,m,r))) > E(o(G(n,m,r—1))) forr=1,...,m. (7.16)

It will follow immediately that

E(a(Gym)) = E(a(G(n,m,m))) >
A A
E((G(n,m,0))) = E(a(Gim ) + E(@(Cliny))

which is (7.14).

Proof of (7.16): Observe that G(n,m,r — 1) is obtained from
G(n,m,r) by deleting the random edge e, and then adding an edge from M,
or M,. Let Gy be the graph obtained after deleting e,, but before adding its
replacement. Remember that

G(n,m,r) =Go +e,.

We will show something stronger than (7.16) viz. that

E(o(G(n,m,r)) | Go) > E(o(G(n,m,r—1)) | Go) forr=1,...,m. (7.17)

Now let O* C [n] be the set of vertices that belong to every largest independent

setin Go. Then for e, = (x,y), a(Go+e¢) = a(Go) — 1 if x,y € O* and a(Gp +

e) = 0(Gy) if x ¢ O* or y ¢ O*. Because e, is randomly chosen, we have
01\?

E(a(Go +er) [ Go) —E(a(Go)) = —{ — ] -

n
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By a similar argument

E(a(G(n,m,r—1) | Go) — a(Go)
 om oM\ ny (|0F M)
N n ny n ny

>k £ 2
<_ (m|0 NM| JrQ|O ﬂM2|)

n ny n ny

(%)

= E((X(GO +er) | GO) - E(a(GO))7

completing the proof of (7.17). O
The proof of the following lemma is left as an exercise.

Lemma 7.6 Given y € (0,1), suppose that the non-negative sequence u,,n >
1 satisfies

Up > Up, + Uy, — O(n)

for every ny,ny such that ny +ny = n. Then lim,,_, % exists.

7.4 Chromatic Number

Let x(G) denote the chromatic number of a graph G, i.e., the smallest number
of colors with which one can properly color the vertices of G. A coloring is
proper if no two adjacent vertices have the same color.

Dense Graphs

We will first describe the asymptotic behavior of the chromatic number of
dense random graphs. The following theorem is a major result, due to Bollobds
[131]. The upper bound without the 2 in the denominator follows directly from
Theorem 7.3. An intermediate result giving 3/2 instead of 2 was already proved
by Matula [557].

Theorem 7.7 Suppose 0 < p < 1 is a constant and b = ﬁ Then w.h.p.
n

HE)™ Srogn
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Proof (i) By Theorem 7.3

X(Gn,p) >

n._n
a(Gyp) - 2log,n’

(ii) Let v = —"—5 and ko = 2log, n —4log, log, n. It follows from (7.7) that

(logyn)

P(3S:|S| > v, S does not contain an independent set of order > k)

2
n %
< exp Q| 73
\% (logn)
=o(1).
So assume that every set of order at least v contains an independent set of order
at least kg. We repeatedly choose an independent set of order ky among the set
of uncolored vertices. Give each vertex in this set a new color. Repeat until

the number of uncolored vertices is at most v. Give each remaining uncolored
vertex its own color. The number of colors used is at most

VR —.
k0+ 2log,n

O

It should be noted that Bollobds did not have the Janson inequality available

to him and he had to make a clever choice of random variable for use with the

Azuma-Hoeffding inequality. His choice was the maximum size of a family

of edge independent independent sets. Luczak [540] proved the corresponding
result to Theorem 7.7 in the case where np — 0.

Concentration

Theorem 7.8 Suppose 0 < p < 1 is a constant. Then

P(1%(Cnp) ~EX(Cnp)| 2 1) < zexp{_;i}
Proof Write
X=Z(1,Y2,....Y,) (7.18)
where
Yj={(i,j) €E(Gnp) i< j}.
Then
|Z(Y1,Ys,....Y,) = Z(Y1,Ys,....Y;, ... . Y,)| < 1
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and the theorem follows from the Azuma-Hoeffding inequality, see Section
21.7, in particular Lemma 21.16. O

Greedy Coloring Algorithm

We show below that a simple greedy algorithm performs very efficiently. It
uses twice as many colors as it “should” in the light of Theorem 7.7. This
algorithm is discussed in Bollobas and Erd6s [136] and by Grimmett and Mc-
Diarmid [385]. It starts by greedily choosing an independent set C; and at
the same time giving its vertices color 1. C; is removed and then we greedily
choose an independent set C, and give its vertices color 2 and so on, until all
vertices have been colored.

Algorithm GREEDY

e [ is the current color.
e A is the current set of vertices that might get color k in the current round.
e U is the current set of uncolored vertices.

begin
k+—0,A+— [n], U<+— [n], C; +— 0.
while U # 0 do
k—k+1A<—U
while A £ 0
begin
Choose v € A and put it into Cy,
U+—U\{v}
A+— A\ ({v} UN(»))
end
end

Theorem 7.9 Suppose 0 < p < 1 is a constant and b = ﬁ Then w.h.p.
algorithm GREEDY uses approximately n/log,n colors to color the vertices

of Gy p.
Proof At the start of an iteration the edges inside U are un-examined. Sup-

pose that

Ul>v=-—" .
(loghn)2

We show that approximately log, n vertices get color k i.e. at the end of round
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k, |Cy| ~ log,n.
Each iteration chooses a maximal independent set from the remaining uncol-
ored vertices. Let kg = log, n —5log; log;, n. Then

P(3 T :|T| <ko, T is maximally independent in U)
ko /n ®) N o—t
<Y, )a=p¥(=-py)
t=1

=< (ne(l—p)T

<ko (nez)ko e_(l()gh”)3 < e—%(logb n)3 )
So the probability that we fail to use at least ko colors while |U| > v is at most
ne—3ogsv)* _ o(1).

So w.h.p. GREEDY uses at most

~
~

——4vVv lors.
ko + logbn colors

We now put a lower bound on the number of colors used by GREEDY. Let
ki =log,n+2log,log, n.

Consider one round. Let Uy = U and suppose u},uz,... € Cy and Uiy = U; \

({ui}) UN(u;)).
Then

E(|Ui1| U ) < Ui [(1 = p),
and so, fori=1,2,..
E|U;| <n(1—p)'.

So
1

P(k; vertices colored in one round) < Tlogn)?

and

P(2k; vertices colored in one round) <

S| =
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So let
5 — 1  if at most k; vertices are colored in round i
0 otherwise
We see that
1
P(6 =1|61,65,...,6;1)=1— ——.
R (T

So the number of rounds that color more than k; vertices is stochastically
dominated by a binomial with mean n/(log, n)?. The Chernoff bounds imply
that w.h.p. the number of rounds that color more than k; vertices is less than
2n/(log,n)?. Strictly speaking we need to use Lemma 21.22 to justify the use
of the Chernoff bounds. Because no round colors more than 2k; vertices we
see that w.h.p. GREEDY uses at least

n—4kin/(log, n)? N

~ lors.
A log, 7 colors

Sparse Graphs
We now consider the case of sparse random graphs. We first state an important
conjecture about the chromatic number.

Conjecture: Let k > 3 be a fixed positive integer. Then there exists dj >
0 such that if € is an arbitrary positive constant and p = % then w.h.p. (i)
X(Gyp) <kford < dp—¢€and (ii) (G, ) > k+ 1 ford > di +e€.

In the absence of a proof of this conjecture, we present the following result
due to Luczak [541]. It should be noted that Shamir and Spencer [680] had
already proved six point concentration.

Theorem 7.10 If p < n~3/°=% § > 0, then the chromatic number of Gpp is
w.h.p. two point concentrated.

Proof To prove this theorem we need three lemmas.

Lemma 7.11

(a) Let0 < 0 < 1/10,0 < p < 1 and d = np. Then w.h.p. each subgraph H of
G, on less than nd=3+29) vertices has less than (3/2 — 8)|H| edges.
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(b) Let 0 < 6 < 1.0001 and let 0 < p < §/n. Then w.h.p. each subgraph H of
Gn,p has less than 3|H| /2 edges.

The above lemma can be proved easily by the first moment method, see
Exercise 7.6.6. Note also that Lemma 7.11 implies that each subgraph H sat-
isfying the conditions of the lemma has minimum degree less than three, and
thus is 3-colorable, due to the following simple observation (see Bollobas [132]
Theorem V.1)

Lemma 7.12 Ler k = maxycg 6 (H), where the maximum is taken over all
induced subgraphs of G. Then x(G) <k+1.

Proof This is an easy exercise in Graph Theory. We proceed by induction on
[V (G)|. We choose a vertex of minimum degree v, color G — v inductively and
then color v. O

The next lemma is an immediate consequence of the Azuma-Hoeffding in-
equality, see Section 21.7, in particular Lemma 21.16.

Lemma 7.13 9 Let k = k(n) be such that

1
loglogn’

P(x(Gnp) > k) > (7.19)

Then w.h.p. all but at most n'/? logn vertices of Gy, can be properly colored
using k colors.

Proof Let Z be the maximum number of vertices in G, ,, that can be properly
colored with k colors. Write Z = Z(Y;,Ya,...,Y,) as in (7.18). Then we have

P(Z=n) >

2

loglogn and P(|Z—-EZ)| >1) <Zexp{—;n}. (7.20)
Putting t = %nl/z logn into (7.20) shows that EZ > n —¢ and the lemma follows
after applying the concentration inequality in (7.20) once again. O

Now we are ready to present Luczak’s ingenious argument to prove Theorem
7.10. Note first that when p is such that np — 0 as n — oo, then by Theorem 2.1
Gy,p is a forest w.h.p. and so its chromatic number is either 1 or 2. Furthermore,
for 1/logn < d < 1.0001 the random graph G, , w.h.p. contains at least one
edge and no subgraph with minimal degree larger than two (see Lemma 7.11),
which implies that x (G, ;) is equal to 2 or 3 (see Lemma 7.12). Now let us
assume that the edge probability p is such that 1.0001 < d = np < n!'/0-9.
Observe that in this range of p the random graph G, , w.h.p. contains an odd
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cycle, so x(G,,p) > 3.

Let k be as in Lemma 7.13 and let Uy be a set of size at most ug = n'/?logn
such that [n] \ Up can be properly colored with k colors. Let us construct a
nested sequence of subsets of vertices Uy C U; C ... C Uy, of G, ,, where we
define Ui = U; U {v,w}, where v,w & U; are connected by an edge and both
v and w have a neighbor in U;. The construction stops at i = m if such a pair
{v,w} does not exist.

Notice that m can not exceed mg = n'/? logn, since if m > mg then a subgraph
of G,,, induced by vertices of U,,, would have

Uny | = o 4 2mo < 3n'/*logn < nd=3(1+29)

vertices and at least 3mg > (3/2 — 0)|Uy, | edges, contradicting the statement
of Lemma 7.11.

As a result, the construction produces a set Uy, in G, , such that its size is
smaller than nd—3(+2%) and, moreover, all neighbors N(U,,) of U, form an
independent set, thus “isolating” U, from the “outside world”.

Now, the coloring of the vertices of G, , is an easy task. Namely, by Lemma
7.13, we can color the vertices of G, , outside the set U, UN(U,,) with k
colors. Then we can color the vertices from N(U,,) with color k+ 1, and finally,
due to Lemmas 7.11 and 7.12, the subgraph induced by U,, is 3-colorable and
we can color U, with any three of the first & colors. O

7.5 Eigenvalues

Separation of first and remaining eigenvalues

The following theorem is a weaker version of a theorem of Fiiredi and Komlds
[355], which was itself a strengthening of a result of Juhdsz [454]. See also
Coja—Oghlan [190] and Vu [718]. In their papers, 2wlogn is replaced by 2 +
o(1) and this is best possible.

Theorem 7.14  Suppose that ® — o0, @ = o(logn) and ®*(logn)?> < np <
n— w3(logn)?. Let A denote the adjacency matrix of Gn,p. Let the eigenvalues
of Abe Ay > Ay > --- > A,. Then w.h.p.

(i) Ay ~np
(ii) |A] <2wlogn\/np(l—p) for2 <i<n.

The proof of the above theorem is based on the following lemma.

In the following |x| denotes the Euclidean norm of x € R.
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Lemma 7.15 Let J be the all 1’s matrix and M = pJ — A. Then w.h.p.

|M|| <2wlogn+/np(1—p)

where

1M} = max |Mx| = max {|A1 (M)}, |2 (M)]} .

Ixl=

We first show that the lemma implies the theorem. Let e denote the all 1’s
vector.
Suppose that || =1 and £ Le. Then JE = 0 and

AS| = [ME| < ||M|| < 2wlogny/np(1 —p).
Now let |x| = 1 and let x = ocu+ By where u = ine and yle and |y| = 1. Then
|Ax| < |ec||Au| +[B]|Ay].

We have, writing A = pJ + M, that

R

Y L (nplel +1I]lle])

7
<np+2wlogn\/np(1—p)

Aul = —=Ae| <

|Ay| < 2wlogny/np(1—p)

Thus
|Ax| <|alnp+ (Ja|+[B[)2@logn/np(1 - p)
<np+3wlogny/np(1—p).
This implies that A; < (1+o(1))np.
But

|Au| > | (A + M)u| — |Mul
— |pJu| — Ml

> np —2wlogn\/np(1—p),

implying A; > (14 o(1))np, which completes the proof of (i).
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Now

A
A2 = min max ‘—‘ﬂ
n o0zEln |G|
A
< max ‘—ﬂ
04 Lu |G|
M
< max (M|
04 Lu |&]

<2wlogn+/np(1 —p)

Ay = min §TAE > nin ETAE —pETIE

El=1 5
= min —&"ME > —||M|| > —2wlogny/np(1 - p).

This completes the proof of (ii).
Proof of Lemma 7.15:

As in previously mentioned papers, we use the trace method of Wigner [724].
Putting M = M — pl,, we see that

]| < 17| + | pal = [1M]| + p

and so we bound ||M]].

Letting m;; denote the (i, j)th entry of M we have
(i) Emij =0
(if) Varm;; < p(1—p) = 6*

(i) mij,my 7 are independent, unless (i', ;") = (j,i),

in which case they are identical.

Now let k£ > 2 be an even integer.
A / A
Trace(M*) = Zli(Mk)
i=1
> max{?tl (Mk),zn(M")}
= [|M*]].

We estimate

M| < Trace(M*)'/*,

where k = wlogn.
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Now,
E(Trace(M*)) = ) B (migiy miyiy -+ mig i Miy_yig)-
1001 y--sik—1 €[N
Recall that the i, jth entry of M* is the sum over all products

My iy My iy = Mgy
Continuing, we therefore have

k
E[M|* <Y Engp

p=2
k-1
i Hmijfj+1 :
j=0

Note that as m;; = 0 by construction of M we have that E,r1=0
Each sequence i = iy, i1,...,ix_1,io corresponds to a walk W (i) on the graph
K, with n loops added. Note that

k—1
E (r!)miji’“> =0 (7.21)
ok

if the walk W (i) contains an edge that is crossed exactly once, by condition (i).
On the other hand, |m;;| < 1 and so by conditions (ii), (iii),

k—1
E (Hmi./ij+l>
Jj=0

if each edge of W (i) is crossed at least twice and if |{io,i1,...,ik_1}| = p-

Let Ry, denote the number of (k,p) walks i.e closed walks of length k that
visit p distinct vertices and do not cross any edge exactly once. We use the
following trivial estimates:

where

Epgp = 2:

10,01 y+-sik—1 €[1]
iosi1si2sesik—1}=pP

< o'z(pfl)

L p> % + 1 implies Ry p = 0. (p this large will invoke (7.21)).
(i) p <%+1implies Ry, < nPk-,

where nP bounds from above the the number of choices of p distinct vertices,
while k¥ bounds the number of walks of length k.
We have
Lht1 Tht1 1
E HMHk < Z Rk,po.2(p71) < Z npkko.Z(pfl) < 2n7k+1kk0'k.
p=2 p=2
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Therefore,

E||pm|*
k
(2kan%)
1 k
2n§k+lkk6k <2n>]/k 1 k

(2kon%>

It follows that w.h.p. ||M| < 2cw(logn)?n'/? < 20(logn)*/np(1 — p) and
completes the proof of Theorem 7.14. O

P (||M|| > 2kon%) =P <||M||k > (2kcn%)k> <

Concentration of eigenvalues

‘We show here how one can use Talagrand’s inequality, Theorem 21.17, to show
that the eigenvalues of random matrices are highly concentrated around their
median values. The result is from Alon, Krivelevich and Vu [29].

Theorem 7.16 Let A be an n X n random symmetric matrix with independent
entries a; j = aj;, | <i< j<nwith absolute value at most one. Let its eigen-
values be A1 (A) > A2(A) > - > Ay(A). Suppose that 1 < s < n. Let s denote
the median value of As(A) i.e. u; = infy {P(A,(A) < u) > 1/2}. Then for any
t > 0 we have

P(|As(A) — | > 1) < 4132,

The same estimate holds for the probability that A, 1(A) deviates from its
median by more than t.

Proof We will use Talagrand’s inequality, Theorem 21.17. We let m = ("}")

and let Q = Q| x Q) x -+ X Q,, where for each 1 < k < m we have Q; = {a; ; }
for some i < j. Fix a positive integer s and let M,z be real numbers. Let <7 be
the set of matrices A for which A;(A) < M and let £ be the set of matrices for
which A;(B) > M +¢. When applying Theorem 21.17 it is convenient to view
A as an m-vector.

Fix B € % and let v()) v(® ... v() be an orthonormal set of eigenvectors

for the s largest eigenvalues of B. Let v() = (v(lk) , vgk), e ,vﬁlk)),

N
o = Z(vl(»k>)2 for1<i<nm
=1

and

Qi j :2\/2(1)51‘))2\/2(1/;]{))2 for1 <i<j<n.
k=
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Lemma 7.17

1<i<j<n

Proof

g
u
™=

2
(Z 2 2) +4 Y (Z(v?’%zz(v;"))z)

lSiSan i=1 \k=1 1<i<j<n \k=1 k=1
2 2
Ry () oy ()2 2
(Y Y olr) —2(LrePr) -2
i=1k=1 k=1i=1

where we have used the fact that each v(¥) is a unit vector.

Lemma 7.18 For every A = (a; ;) € &/ and B= (b; ;) € B,
(01 > l/2

1 Siﬁjgn:ui.]‘#hi‘j

FixAe o Letu=Y]_, ¢;v(®) be a unit vector in the span S of the vectors
v®) k=1,2,...,s which is orthogonal to the eigenvectors of the (s—1) largest
eigenvalues of A. Recall that v k=1,2,...,s are eigenvectors of B. Then
Yo c% =1 and u’Au < A;(A) < M, whereas u'Bu > minycs VBV = A(B) >
M +t. Recall that all entries of A and B are bounded in absolute value by 1,
implying that |b; j —a; j| <2 for all 1 <i,j < n. It follows that if X is the set
of ordered pairs (i, j) for which a; ; # b; j then

t
t<u(B—Au= Z —aj ) (chv > chvi-k)
k=1

(i.))eX

2 ) ch

(i,j)€X [k= chvﬁk)
ij)€ k=1

<,,€X(¢WZ g L)

as claimed. (We obtained the third inequality by use of the Cauchy-Schwarz
inequality).

O
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By the above two lemmas, and by Theorem 21.17 for every M and every
t>0
P(A(A) < M)P(Ay(B) > M +1) < /327, (7.22)
If M is the median of A;(A) then P(A;(A) < M) > 1/2, by definition, implying
that
P(A(A) > M +1) < 27162,
Similarly, by applying (7.22) with M + ¢ being the median of A;(A) we con-
clude that
P(A(A) <M —1) < 2 "/02),

This completes the proof of Theorem 7.16 for A;(A). The proof for A,_si;
follows by applying the theorem to s and —A. O

7.6 Exercises

7.6.1 Let p =d/n where d is a positive constant. Let S be the set of vertices
of degree at least 21(1)(;%ggn' Show that w.h.p., S is an independent set.
7.6.2 Let p =d/n where d is a large positive constant. Use the first moment

method to show that w.h.p.

2
(G p) < gn(logd —loglogd —log2+1+¢)

for any positive constant €.

7.6.3 Complete the proof of Theorem 7.4.
Let m = d/(logd)* and partition [n] into ng = 2 sets Sy,55,...,S,, of
size m. Let B(G) be the maximum size of an independent set S that
satisfies |SNS;| <1 fori=1,2,...,n9. Use the proof idea of Theorem

7.4 to show that w.h.p.
2n
B(Gyp) > ke = g(logd —loglogd —log2+1—¢).

7.6.4 Prove Theorem 7.4 using Talagrand’s inequality, Theorem 21.21.
(Hint: Let A = {OC(GM,) <k_¢— l}).

7.6.5 Prove Lemma 7.6.

7.6.6 Prove Lemma 7.11.

7.6.7 Prove that if @ = ®(n) — o then there exists an interval I of length
wn'/? /logn such that w.h.p. 2(Gp1/2) € 1. (See Scott [678]).
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7.6.8

7.6.9

7.6.10

7.6.11

7.6.12

7.6.13

7.6.14

7.6.15

Extreme Characteristics

A topological clique of size s is a graph obtained from the complete
graph K by subdividing edges. Let 7¢(G) denote the size of the largest
topological clique contained in a graph G. Prove that w.h.p. 1¢(G, | /2) =
o(n'/?).

Suppose that H is obtained from G,, 1/, by planting a clique C of size m
= n'2logn inside it. describe a polynomial time algorithm that w.h.p.
finds C. (Think that an adversary adds the clique without telling you
where it is).

Show that if d > klogk for a positive integer k > 2 then w.h.p. G(n,d/n)
is not k-colorable. (Hint:Consider the expected number of proper k-
coloring’s).

Let p = Klogn/n for some large constant K > 0. Show that w.h.p. the
diameter of G, , is ®(logn/loglogn).

Suppose that 1 + & < np = o(logn), where € > 0 is constant. Show that
given A > 0, there exists B = B(A) such that

1
P (diam(K) >B ogn ) <n ™,
lognp

where K is the giant component of G, .

Let p = d/n for some constant d > 0. Let A be the adjacency matrix of

G- Show that w.h.p. A;(A) ~ A!/? where A is the maximum degree in

G,p. (Hint: the maximum eigenvalue of the adjacency matrix of K ,, is
1/2

m/°).

A proper 2-tone k-coloring of a graph G = (V,E) is an assignment of
pairs of colors C, C [k],|C,| = 2 such that (i) |C, NCy,| < d(v,w) where
d(v,w) is the graph distance from v to w. If x»(G) denotes the mini-
mum k for which there exists a 2-tone coloring of G, show that w.h.p.
12(Gy p) = 2x (G p). (This question is taken from [45]).

The set chromatic number Xs(G) of a graph G = (V,E) is defined as
follows: Let C denote a set of colors. Color each v € V with a color
f(v) eC.Let C, = {f(w) : {v,w} € G}. The coloring is proper if C, #
C,, whenever {v,w} € E. ¥, is the minimum size of C in a proper coloring
of G. Prove that if 0 < p < 1 is constant then w.h.p. x,(G,,. ) ~ rlog,n
where r = ﬁ and s =min{g* + (1 —¢")?>: £=1,2,...} where g =
1 — p. (This question is taken from Dudek, Mitsche and Pralat [258]).
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Chromatic number

There has been a lot of progress in determining the chromatic number of sparse
random graphs. Alon and Krivelevich [26] extended the result in [541] to
the range p < n~'/2~%_ A breakthrough came when Achlioptas and Naor [5]
identified the two possible values for np = d where d = O(1): Let ky be the
smallest integer k such that d < 2klogk. Then w.h.p. x(Gy,p) € {ka,kqa+1}.
This implies that d, the (conjectured) threshold for a random graph to have
chromatic number at most k, satisfies di > 2klogk — 21og; —2 + ox(1) where
0r(1) — 0 as k — . Coja—Oghlan, Panagiotou and Steger [192] extended the
result of [5] to np < nl/4-¢, although here the guaranteed range is three val-
ues. More recently, Coja—Oghlan and Vilenchik [193] proved the following.
Let dy cong = 2klogk —logk —2log2. Then w.h.p. dj > dj cond — 0k(1). On the
other hand Coja—Oghlan [191] proved that dj < d cong + (210g2 — 1) 4 0 (1).

It follows from Chapter 2 that the chromatic number of G, ,,p < 1/n is
w.h.p. at most 3. Achlioptas and Moore [3] proved that in fact x(G, ) < 3
w.h.p. for p <4.03/n. Now a graph G is s-colorable iff it has a homomorphism
¢ : G — K. (A homomorphism from G to H is a mapping ¢ : V(G) — V(H)
such that if {u,v} € E(G) then (@(u), ¢(v)) € E(H)). It is therefore of interest
in the context of coloring, to consider homomorphisms from G, , to other
graphs. Frieze and Pegden [346] show that for any ¢ > 1 there is an € > 0
such that with high probability, Gn) Lie either has odd-girth < 2¢+ 1 or has
a homomorphism to the odd cycle Cy11. They also showed that w.h.p. there
is no homomorphism from G, ,,p = 4/n to Cs. Previously, Hatami [397] has
shown that w.h.p. there is no homomorphism from a random cubic graph to
C.

Alon and Sudakov [31] considered how many edges one must add to G,
in order to significantly increase the chromatic number. They show that if
n1/3+8 < p < 1/2 for some fixed & > 0 then w.h.p. for every set E of

—12.2.2 . . .
(lzog,,(ifm% edges, the chromatic number of G,, , UE is still at most 28;‘2’; .

Let L be an arbitrary function that assigns to each vertex of G a list of k col-
ors. We say that G is Ly-list-colorable if there exists a proper coloring of the
vertices such that every vertex is colored with a color from its own list. A graph
is k-choosable, if for every such function L, G is Lg-list-colorable. The mini-
mum k for which a graph is k-choosable is called the list chromatic number,
or the choice number, and denoted by x; (G). The study of the choice number
of G,,, was initiated in [20], where Alon proved that a.a.s., the choice number
of Gy 12 1s o(n). Kahn then showed (see [21]) that a.a.s. the choice number of
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Gy,1/2 equals (140(1)) (G, 1/2). In [503], Krivelevich showed that this holds
for p > nl/ 4. and Krivelevich, Sudakov, Vu, and Wormald [514] improved
this to p > n~1/3. On the other hand, Alon, Krivelevich, Sudakov [27] and
Vu [717] showed that for any value of p satisfying 2 < np < n/2, the choice
number is @(np/log(np)). Krivelevich and Vu [515] generalized this to hyper-
graphs; they also improved the leading constants and showed that the choice
number for C/n < p < 0.9 (where C is a sufficiently large constant) is at most
a multiplicative factor of 2+ 0(1) away from the chromatic number, the best
known factor for p < n1/3.

Algorithmic questions

We have seen that the Greedy algorithm applied to G, , generally produces a
coloring that uses roughly twice the minimum number of colors needed. Note
also that the analysis of Theorem 7.9, when k = 1, implies that a simple greedy
algorithm for finding a large independent set produces one of roughly half
the maximum size. In spite of much effort neither of these two results have
been significantly improved. We mention some negative results. Jerrum [448]
showed that the Metropolis algorithm was unlikely to do very well in finding
an independent set that was significantly larger than GREEDY. Other earlier
negative results include: Chvétal [186], who showed that for a significant set
of densities, a large class of algorithms will w.h.p. take exponential time to find
the size of the largest independent set and McDiarmid [561] who carried out a
similar analysis for the chromatic number.

Frieze, Mitsche, Pérez-Giménez and Pralat [344] study list coloring in an
on-line setting and show that for a wide range of p, one can asymptotically
match the best known constants of the off-line case. Moreover, if pn > log®n,
then they get the same multiplicative factor of 2+ o(1).

Randomly Coloring random graphs
A substantial amount of research in Theoretical Computer Science has been
associated with the question of random sampling from complex distributions.
Of relevance here is the following: Let G be a graph and & be a positive in-
teger. Then let Qi(G) be the set of proper k-coloring’s of the vertices of G.
There has been a good deal of work on the problem of efficiently choosing a
(near) random member of Q,(G). For example, Vigoda [715] has described an
algorithm that produces a (near) random sample in polynomial time provided
k > 11A(G)/6. When it comes to G, ,, Dyer, Flaxman, Frieze and Vigoda
[266] showed that if p = d/n,d = O(1) then w.h.p. one can sample a ran-
dom coloring if k = O(loglogn) = o(A). The bound on k was reduced to
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k = 0(d°")) by Mossell and Sly [591] and then to k = O(d) by Efthymiou
[272].

Diameter of sparse random graphs

The diameter of the giant component of G, ,, p = A/n,A > 1 was considered
by Fernholz and Ramachandran [299] and by Riordan and Wormald [649]. In

particular, [649] proves that w.h.p. the diameter is % + 210?1% + W where

A* < land A*e " = Ae™* and W = 0, (1) i.e. is bounded in probability for
A =0(1) and O(1) for A — oo, In addition, when A = 1 +¢& where &3n —
i.e. the case of the emerging giant, [649] shows that w.h.p. the diameter is

kl’fggi" +21:>0gg1£/3){l* +W where W = 0,(1/¢). If A = 1 — & where €n — o i.e.

the sub-critical case, then Luczak [543] showed that w.h.p. the diameter is

log(2&3n)+0, (1)
—logh
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Extremal Properties

A typical question in extremal combinatorics can be viewed as “how many
edges of the complete graph (or hypergraph) on n vertices can a graph have
without having some property &?”. In recent years research has been carried
out where the complete graph is replaced by a random graph.

8.1 Containers

Ramsey theory and the Turdn problem constitute two of the most important
areas in extremal graph theory. For a fixed graph H we can ask how large
should n be so that in any r-coloring of the edges of K, can we be sure of
finding a monochromatic copy of H — a basic question in Ramsey theory. Or
we can ask for the maximum & > 0 such that we take an & proportion of the
edges of K,, without including a copy of H — a basic question related to the
Turan problem. Both of these questions have analogues where we replace K,
by G, p.

There have been recent breakthroughs in transferring extremal results to the
context of random graphs and hypergraphs. Conlon and Gowers [195], Schacht
[674], Balogh, Morris and Samotij [54] and Saxton and Thomason [672] have
proved general theorems enabling such transfers. One of the key ideas being
to bound the number of independent sets in carefully chosen hypergraphs. Our
presentation will use the framework of [672] where it could just as easily have
used [54]. The use of containers is a developing field and seems to have a
growing number of applications.

In this section, we present a special case of Theorem 2.3 of [672] that will
enable us to deal with Ramsey and Turdn properties of random graphs. For a
graph H with e(H) > 2 we let

e(H)—1
H) = _ 8.1
m2(H) H’gge%’)x v(H") =2 @D
Next let
A(H) = lim ex(’f;H ) (8.2)
e (5)
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where as usual, ex(n, H) is the maximum number of edges in an H-free sub-
graph of K.

Theorem 8.1 Ler H be a graph with e(H) > 2 and let € be a positive con-
stant. For some constant h = h(H,€) > 0 and n sufficiently large, there exists
a collection € of graphs on vertex set [n] such that the following holds. The
graphs € are the containers:

(a) For every H-free graph T there exists T CT C C(T) € € such that e(T) <
hanl/mz(H).

(b) C contains at most en”"") copies of H and e(C) < (m(H)+¢) (g) for every
Ce%.

We prove Theorem 8.1 in Section 8.4. We have extracted just enough from
Saxton and Thomason [672] and [673] to give a complete proof. But first we
give a couple of examples of the use of this theorem

8.2 Ramsey Properties

The investigation of the Ramsey properties of G, , was initiated by Luczak,
Rucinski and Voigt [548]. Later, Rodl and Rucifiski [651], [653] proved that
the following holds w.h.p. for some constants 0 < ¢ < C. Here H is some fixed
graph containing at least one cycle. Suppose that the edges of G, ,, are colored
with 7 colors. If m < cn2~1/m(H) then w.h.p. there exists an r-coloring without
a mono-chromatic copy of H, while if m > Cn2~ /") then w.h.p. in every
r-coloring there is a monochromatic copy of H.

We will give a proof of the 1-statement based on Theorem 8.1. We will
closely follow the argument in a recent paper of Nenadov and Steger [604].
The notation G — (H )¢ means that in every r-coloring of the edges of G there
is a copy of H with all edges the same color. R6dl and Rucifiski [653] proved
the following

Theorem 8.2 For any graph H with e(H) > v(H) and r > 2, there exist
¢,C > 0 such that

0(1) pScnil/WQ(H)
1—o(1) p>Cn'/m(H)

P(Gyp = (H)y) = {

The density po = n~ /™) js the threshold for every edge of Gy,p to be
contained in a copy of H. When p < cpy for small c, the copies of H in G, ,
will be spread out and the associated O-statement is not so surprising. We will
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use Theorem 8.1 to prove the 1-statement for p > Cpg. The proof of the O-
statement follows [604] and is given in Exercises 8.5.1 to 8.5.6.
We begin with a couple of lemmas:

Lemma 8.3 For every graph H and r > 2 there exist constants & > 0 and ny
such that for all n > ngy every r-coloring of the edges of K,, contains at least
an’®) copies of H.

Proof From Ramsey’s theorem we know that there exists N = N(H,r) such
that every r-coloring of the edges of Ky contains a monochromatic copy of H.
Thus, in any r-coloring of K,,, every N-subset of the vertices of K, contains
at least one monochromatic copy of H. As every copy of H is contained in at
most ([’\‘,:‘;((71))) N-subsets, the theorem follows with o = 1/N"(). O
From this we get

Corollary 8.4 For every graph H and every positive integer r there exist
constants ng and 0,€ > 0 such that the following is true: If n > ny, then for
any E\,Ey,...,E, C E(K,) such that for all 1 <i < r the set E; contains at
most en”™) copies of H, we have
|E(K,)\ (E{UE,U---UE,)| > 8n%.

Proof Let o0 and ng be as given in Lemma 8.3 for H and r + 1. Further, let
Er+1 = E(Ky)\ (E1UE,U---UE,), and consider the coloring f : E(K,) —
[r+ 1] given by f(e) = minjc|, 1) {e € E;}. By Lemma 8.3 there exist at least
an’H)
on the sets E;,1 <i <r, E,;; must contain at least an”

monochromatic copies of H under coloring f, and so by our assumption
(H) copies. As every

edge is contained in at most e(H)n"")=2 copies and E; UE, U---E, contains
at most ren” ") copies of H, the lemma follows with & = ?(;1))& Here we take
e< & O

— 2r

We can now proceed to the proof of the 1-statement of Theorem 8.2. If
Gn,p 7 (H)¢ then there must exist a coloring f : E(G,,,) — [r] such that for
all 1 <i<rtheset E; = f~!(i) does not contain a copy of H. By Theorem 8.1
we have that for every such E; there exists 7; and a container C; such that 7; C
E; C C;. The crucial observation is that G, , completely avoids Ey = E(K,) \
(Cy UGy U---UC,), which by Corollary 8.4 and a choice of € has size at least
Sn?.

Therefore, we can bound P(G,, , / (H)¢) by the probability that there exist
I ={N,...,T,} and ¢ = {C; =C(T;) : i = 1,2,...,r} such that Ey is edge-
disjoint from G, ;. Thus,

P((Gnp A (H);) < Y, P(T,C Gy, 1 <i<rAE(G,,)NEy=0).

T;,1<i<r
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Note that the two events in the above probability are independent and can thus
be bounded by p?(1 — p)? where a = ||J;T;| and b = Sn®. The sum can be
bounded by first deciding on a < rhn®~1/™H) (h from Theorem 8.1) and then
choosing a edges (((g)) choices) and then deciding for every edge in which T;
it appears (#* choices). Thus,

| i )
B((Cup /2 (H)) < Y <(2) )

a=0 a
2—1/my(H
- efﬁnzp rhn Z/Z( ) eanp a
- = 2a '

Recall that p = Cn~/m(H), By choosing C sufficiently large with respect to ¢

we get

2~ 1/ma (H) a h/C)n?

o y 2 (enrp < erC ey < 502
= 2a 2rh

and thus P((G,, , # (H)¢) = o(1) as desired. (Recall that (eA/x)* is unimodal
with a maximum at x = A and then that if C is large, rhn2—1/m(H) < nzrp /2).
O

8.3 Turan Properties

Early success on the Turan problem for random graphs was achieved by Haxell,
Kohayakawa and Luczak [399], [400], Kohayakawa, Kreuter and Steger [492],
Kohayakawa, Luczak and Rodl [493], Gerke, Promel, Schickinger and Steger
[362], Gerke, Schickinger and Steger [363], Luczak [544]. It is only recently
that Turdn’s theorem in its full generality has been transferred to G, .
From its definition, every H-free graph with n vertices will have

(m(H) +o0(1))(5) edges. In this section we prove a corresponding result for
random graphs. Our proof is taken from [672], although Conlon and Gowers
[195] gave a proof for 2-balanced H and Schacht [674] gave a proof for general
H.

Theorem 8.5 Suppose that 0 < y < 1. Then there exists A > 0 such that if
p> An~VmH) gnd p s sufficiently large then the following event occurs with
probability at least 1 — 7 (2)p/384

Every H-free subgraph of G, , has at most (n(H) +7) (Z) p edges.
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To prove the theorem, we first prove the following lemma:

Lemma 8.6 Given0<1n < landh> 1, there is a constant ¢ = @(n,h) such
that the following holds: Let M be a set, [M|=N. Lett > 1, ¢t /N < p < 1 and
let MN/2 < d < N. Suppose there exists C : M oM gnd 7 C (g) such that
for each I € F there exists Ty € T such that T C I and C; = C(T;) C M,
where |Cr| < d. Let X C M be a random subset where each element is chosen

independently with probability p. Then
P(EIe .7 |CNX| > (1+1)pd and [ C X) < e 9P/, (8.3)
Proof ForT € 7 let Er be the event that
T CXand |C(T)NX| > (1+n)pd.

The event E7 is contained in Fy N Gy where Fr is the event that 7 C X and
Gy is the event that [(C(T)\T)NX| > (1+n)dp—|T|. Since Fr and Gr
are independent, P(Er) < P(Fr)P(Gr). Now |T| <t < Np/o <2dp/en <
ndp/2 if @ is large. So by the Chernoff bound, see Lemma 21.6,

P(Gr) < P(Bin(d, p) > (1+n/2)dp) < e "4P/12,

Note that P(Fr) = p!Tl. Let x = Np/t > @, so that t < Np/x < 2dp/nx. If ¢
is large we may assume that p(N —1) > ¢. So

1 t
Y P(Fr) <) (7) p<2 (eljp) = 2(xe)' < (xe)24P/Mx < N*dp/24
T i=0

if @, and therefore x, is large. If there exists I C X,/ € .# with |[C(T;) N X| >
(1+n)dp then the event E7 holds. Hence the probability in (8.3) is bounded
by

ZP(FT)P(GT) < oNdp/24 ,—n7dp/12 _ ,—n*dp/24

T

O

With this lemma in hand, we can complete the proof of Theorem 8.5.

Let .# be the set of H-free graphs on vertex set [n]. We take M = ([;’])
and X = E(G, ) and N = (5). For I € .#, let T; and h = h(H, €) be given
by Theorem 8.1. Each H-free graph I € .# is contained in C; and so if G,
contains an H-free subgraph with ((H )+ y)Np edges then there exists I such
that [X NCy| > (x(H) + y)Np. Our aim is to apply Lemma 8.6 with

n= %/, d= (n(H)—i—%/) N, t = hn?~1/m(H),
The conditions of Lemma 8.6 then hold after noting that d > 1N/2 and that
p > An~'/mH) > ot /N if A is large enough. Note also that |C;| < d. Now
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(14+n)dp < (n(H)+ y)Np, and so the probability in the statement of the
theorem is bounded by

N,

completing the proof. O

8.4 Containers and the proof of Theorem 8.1

An (-graph or (-uniform hypergraph G = (V,E) has a set of vertices V and a
collection of edges E C (‘;) the set of /-element subsets of V. The following
theorem generalises Theorem 8.1 to /-graphs.

Theorem 8.7 Let H be an {-graph with e(H) > 2 and let € > 0. For some
h > 0 and for every N > h, there exists a collection € of -graphs on vertex
set [N] such that

(a) for every H-free {-graph I on vertex set [N|, there exists C € € with I C C,

(b) for every {-graph C € €, the number of copies of H in C is at most eN"),
and ¢(C) < (n(H)+¢) (),

(¢) moreover, for every I in (a), there exists T C 1, e(T) < hNé’l/’"(H), such that
C=C(T).

The degree d(o) of a subset o, where |o| < r, is the number of edges of G
that contain ¢ and d/)(c) = max{d(c’) : 6 C ¢’ € [n])}. We write d\/)(v)
instead of dU/) ({v}).

Definition 8.8 Let G be an r-graph of order n and average degree d. Let
S CV(G). The degree measure (1(S) of S is defined by

1

p(s) = nd

d(u).

ues

Thus u is a probability measure on V(G). We note the following inequality,
in which G is an r-graph of order n and average degree d:

w(S)nd _

o(Gl8]) < L Y d(v) =

ves

1(S)e(G). (8.4)

We now state the main theorem. An independent set of an /-graph is a set /
such that e € E(G) implies e Z 1.
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Theorem 8.9 Let r € N. Let G be an r-graph with average degree d and
vertex set [n]. Suppose that we can choose 0 < ¢,t < 1 such that

d(c) <cdt® ™' holds for all o, || > 2. (8.5)

Then there is a function C : P[n| — P[n|, such that, for every independent set
I C [n] there exists T C I with

(a) 1CC(T),

(b) W(T)<r,

(c) |T| < 1n, and
(d) u(C(T))<1l-c

Corollary 8.10 Let r € N and let € > 0. Let G be an r-graph of average
degree d on vertex set [n]. Suppose that we can choose 0 < ¢, T < 1 such that
(8.5) holds. Then there is a function C : P[n] — Pn|, such that, for every
independent set I C [n] there exists T C I with

(a) 1CC(T),
(b) |T| < tn, and
(c) e(G[C]) < ee(G).

The algorithm

We now describe an algorithm which given independent set /, constructs the
quantities in Theorem 8.9 and Corollary 8.10. It runs in two modes, prune
mode, builds T C I and build mode, which constructs C D .

The algorithm builds multigraphs P, s € [r] and then we define the degree
of o in the multigraph P to be

d(0) = {e € E(R): 0 Cel,

where we are counting edges with multiplicity in the multiset E (P;). (Naturally
we may write ds(v) instead of d;({v}) if v € [n].)
The algorithm uses a threshold function which makes use of a real number §.

Definition 8.11 For s =2,...,r and o € [1](=*), the threshold functions 6;
are given as follows, where § is the minimum real number such that d(c) <
8dt!°I=1 holds for all 6, |G| > 2.

0;(c)=1""d(v) foro = {v},ie. |o| =1
6,(c) = 8dt" ool for |o| > 2
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INPUT
an r-graph G on vertex set [n], with average degree d
parameters 7,§ > 0
in prune mode a subset I C [n]
in build mode a subset T C [n]
OuTPUT
in prune mode a subset T C [n]
in build mode a subset C C [n]
INITIALISATION
putB={ve(n:d(v) <{id}
evaluate the thresholds 6,(c), 6 € [2](=), 1 <i<r
A: put P =E(G),Ps=0,T,=0,5=1,2,....,r—1
in prune mode put T =0
in build mode put C = [n]

forv=1,2,...,ndo:
fors=1,2,...,r—1do:
let Fs={fev+1,n®: {y}UfePhyy, and Aocly,6Cf}
[here F, s is a multiset with multiplicities inherited from P 1]
ifv¢ B, and |F,5| > {775~ 1d(v) for some s
in prune mode if ve I, addvto T
in build mode ifv ¢ T, remove v from C
ifveTthenfors=1,2,...,r—1do:
add F; to Py
for each & € [v+ 1,n](=), if dy(c) > 6,(c), add & to T

Table 8.1 The container algorithm

The container algorithm is set out in Table 8.1.
Note that C = C(T') here, as opposed to C = C(I). Then observe that

P, consists of sets {uj,uy,...,us} such that there exist

VI,V2,...,Vr—s € T where {vi,...,v,_s,uy,...,us} € E(G). (8.6)

This is clearly true for s = r via line A. If we add f = {uy,uz,...,us} € F,5 to
P, then we can inductively assert that {vy,...,v,—s_1,vu1,...,us} € E(G) for
SOMeE Vi, ..., Vp—g5—1.

Note also that 7 NI'; = 0 else (8.6) implies that 7" and hence / contains an
edge.

We keep the degree in Py of each set o close to its target degree 6;(c) and
I's comprises those o that have reached their target degree in P;. After which,
we add no more to ds(u). This keeps P, small. The multiset F, is the poten-
tial contribution of v to F; it is the edges of Py that contain v (with v then
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removed), but which don’t contain anything from I'y. If F, ; is large for some s
then v makes a substantial contribution to that P, and we place v in T', updating
all P; and I'y accordingly. Because P; is small, this tends to keep 7 small.

Analysis of the algorithm
Proof of Theorem 8.9
Lemma 8.12 For 1 <s <r, we have
ds(u) < 77°(d(u) +rdd) forallu € [n], and
dy(0) < rédr’ 1011 forallo Cn),2<|o|<r.

Proof We prove the bounds by induction on r — s; in fact we show d(o) <
(r—s+1)8dt"—5*1°1=1 for || > 2. For s = r the bounds hold by the definition
of § in Definition 8.11. If ¢ € I'y then o entered I' after some vertex v was
inspected and the set F,, ; was added to P;. Before this addition, dy(0) < 65(0)
was true. The increase in d;(o) resulting from the addition is the number of s-
sets in £, ; that contain ¢. By definition of F, 5, these come from edges of Py
that contain both v and o; the number of these is at most dy;1({v} U o). The
value of dy(o) remains unchanged after the addition, and so at the end we have
ds(0) < 65(0) +ds+1({v}Uo) (for some v depending on o). This inequality
trivially holds if & ¢ Iy, and so it holds for all & € [1](=*). So for |G| > 2 we
have, by applying the induction hypothesis to {v} U o,

ds(G) < 5d7r*s+\6\*1 + (r_s)SdTrfsleG‘ = (V—S—‘r 1)5drrfs+|6\fl

as claimed. For o0 = {u} we apply the induction hypothesis to ¢ = {v,u} to
obtain

dy(u) < T 3d(u) + (r—5)8dt 1271 <275 (d(u) + réd)
again as claimed. This completes the proof. O

Lemma 8.13 Let G be an r-graph on vertex set [n] with average degree d.
Let P, = E(G) and let P,_y,...,P| be the multisets constructed during the al-
gorithm, either in build mode or in prune mode. Then

Y. di(u) < (u(U) +r8) T nd

uclU
holds for all subsets U C [n] and for 1 < s <r.

Proof The inequalities

Z ds(u) < Z Trff(d(u) +r6d) < (H(U)+r6) T Snd

uclU uclU
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follow immediately from Lemma 8.12 and the definition of u. O
Lemma 8.14 Let T be produced by the algorithm in prune mode. Then
W(T) < (r=1)(2/8) (1 +15).

Proof Forl<s<r—1lletTy={veT:|F,l > ¢t =57'd(v)}. From the
operation of the algorithm we see that 7 C 73 U --- U T,_; (the sets here need
not be disjoint). For each s, the sets F, ; for v € T; are added to Py and, because
P, is a multiset, we obtain

Lo Indp(Ty) = L0571 Y d(v) < | = é ) d(u) <

veTy u€n]

T nd(1+rd)

| =

by Lemma 8.13 with U = [n]. Thus u(7y) < (t/&)(14rd),and u(T) < u(Ty)+
e 1(T) < (7= (/) (1 +76). 0

Lemma 8.15 Let C be the set produced by the algorithm in build mode. Let
D = ([n]\C)UT UB. Define e, by the equation |P;| = est"*nd for 1 < s <r.
Then

est1 < r2°es+ u(D)+§+2r6, forr—1>s>1.

Proof The way the algorithm builds C means that TUB C C. Let C' = C\
(TUB), so D= [n]\C'. For v € [n] let fy+1(v) be the number of sets in Py
for which v is the first vertex in the vertex ordering. Then

1P| =), ferr ()= ), i)+ Y fira(v)  forl<s<r. (87

ve(n| vel' veD

By definition of |F, |, of the fs11(v) sets in Py beginning with v, fi1(v) —
|F,,s| of them contain some ¢ € I';. If v e C' then v ¢ Band v ¢ T and so, since
veC, wehave |F | < § 777571d(v). Therefore, writing PT for the multiset of
edges in Py, that contain some o € I';, we have

Y (feri(v) =& () <|PT < Y doa (o). (8.8)

vel’ o€l

By definition, if ¢ € Iy and |G| > 2, then d(6) > 6,(c) = 8dt/—*tol-1,
Using Lemma 8.12, we then see that dy | (¢) < rédt’—5t1°1=2 < (r/7)d,(0).
Similarly, if 6 = {u} € T’y then dy(c) > t"~*d(u) and dyy1(0) < 75~ (d(u) +
rdd) < (1/7t)ds(c) +r8dt"5~!. Therefore, for s > 1, we obtain

Y dii(o) <= Y do)+ Y rédv ' < Zo8|P| 4 rénde
ocl’y T ocl’y {u}ely T

(8.9)
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Finally, making use of (8.7) and (8.8) together with Lemma 8.13, we have

es1 T nd =i | = ) fin()+ Y fira (v

vel! veD
<Y ¢ ldw)+ Y dea(0)+ Y doi (v)
veC! ocly veD
<t nd+ Y dei(0)+ 7 nd(u(D) +15),
oel
The bound (8.9) for ¥ ger, ds+1(0) now gives the result claimed. O

Proof of Theorem 8.9 We begin by choosing the constant c. Let y = 21, >

and ¢ = Y. Let G be as in the theorem and let T be chosen so that (8. 5) is
satisfied. Let § = /2ry. For later use, we note ¢ < y < {/2r <2rf < 1.

As might be expected, we prove the theorem by using the containers C and
the sets 7" supplied by the algorithm. However, the input parameters we supply
to the algorithm are not T and { as just defined, but instead 7. = y7 and .

We therefore remind the reader that the values of 7 and { appearing in the
lemmas above are those values input to the algorithm. Hence in the present
case, where we are using inputs t* and {, the conclusions of the lemmas hold
with 7% in place of 7. Again, as highlighted earlier, the value of § in the lemmas
is that supplied by Definition 8.11 with 7 in place of 7. Explicitly, § is (by
definition) minimal such that d(c) < 8d7*(191=1) for all 6. Now T was chosen
to satisfy (8.5), so we know that d(c) < ¢dt(°/=1)_ Since h = y" this implies
we know, for all o, that d(c) < y’dr(‘c‘_l) < }/d’L'*“""l), because ¥ < 1 and
|o| < r. Consequently, by the minimality of §, we have § < .

What remains is to verify the claims of the theorem. Condition (a) follows
from the general properties of the algorithm.

Now ¢t~ =yz7=1 < (¢/r)t7~!,and ¢t =t/ < (r/{) 7. So, by Lemma 8.14,
w(T) < (rt./8)(147rd) <2r1./ =2ryt/{ = {1, easily establishing condi-
tion (b). Moreover TNB =0, so |T|{d <Y ,crd(v) = ndu(T) < nd{z, giv-
ing condition (c). To show that condition (d) holds, note that 2r6 < 2ry < {,
and so by Lemma 8.15 we comfortably have egi ) < 2%+ (D) + 2¢ for

r—1 > s > 1. Dividing the bound for ez by r"“Z(T) and adding over
s=1,...,r—1, we obtain

ey

rr2()2)

1 11 11 2
< (M(D)+2§){2 ST aw T } <(u(D)+28)—.
r r
Recall that e,nd = |P;| = e(G) =nd /rso e, =1/r. Hence (D) +2§ > r2 () =
5y'/2272 > 5¢. So u(D) > 3¢. By definition, D = [n] — (C — (T UB)). Thus
w(C) <1—u(D)+ u(T)+ u(B). We showed previously that 1 (7) < {1t <.
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Moreover p(B) < § by definition of B. Therefore u(C) <1-3§+{+ ¢ =
1 — ¢ <1—c, completing the proof. O

We finish with a proof of Corollary 8.10.

Proof of Corollary 8.10  Write c, for the constant ¢ from Theorem 8.9. We
prove the corollary with ¢ = €£~"¢c,, where ¢ = [(loge)/log(1 —c.)]. Let G, I
and 7 be as stated in the corollary. We shall apply Theorem 8.9 several times.
Each time we apply the theorem, we do so with with 7, = 7/ in place of 7,
with the same 7, but with different graphs G, as follows (we leave it till later
to check that the necessary conditions always hold). Given I, apply the theo-
remto find 7} CTand I C C; = C(Ty), where |T1| < tunand p(Cy) < 1 —c,.
It is easily shown that e(G[C1]) < u(C1)e(G) < (1 —c.)e(G) see (8.4). Now
I is independent in the graph G[C] so apply the theorem again, to the r-
graph G[C], to find 7> C I and a container I C C,. We have |T5| < 1.|C|,
and ¢(G[(y]) < (1 —c.)e(G[C1]) < (1 —cx)?e(G). We note that, in the first
application, the algorithm in build mode would have constructed C; from in-
put 71 UT5, and would likewise have constructed C, from input 77 U 73 in the
second application. Thus C, is a function of 77 UT,. We repeat this process
k times until we obtain the desired container C = C with ¢(G[C]) < €e(G).
Since ¢(G[C]) < (1 —c.)¥e(G) this occurs with k < . Put T =Ty U---UT;.
Then C is a function of T C [.

We must check that the requirements of Theorem 8.9 are fulfilled at each
application. Observe that, if d; is the average degree of G[C;| for j < k, then
|Cjld; = re(G[C|]) > ree(G) = end, and since |C;j| < n we have d; > &d. The
conditions of Corollary 8.10 mean that d(c) < cdtlo=1 = gre drlol- <
c*dj’L'JKGFI; since the degree of ¢ in G[C|] is at most d(c), this means that
(8.5) is satisfied every time Theorem 8.9 is applied.

Finally condition (c) of the theorem implies |7}| < 7.|C;| < t.n = tn/¢, and
so |T| < ktn/¢ < tn, giving condition (b) of the corollary and completing the
proof. O

H-free graphs

In this section we prove Theorem 8.7. We will apply the container theorem
given by Corollary 8.10 to the following hypergraph, whose independent sets
correspond to H-free ¢-graphs on vertex set [N].

Definition 8.16 Let H be an (-graph. Let r = ¢(H). The r-graph Gy has
vertex set V(Gy) = (VZ]), where B= {vi,...,v,} € (V((E’”)) is an edge whenever
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B, considered as an ¢-graph with vertices in [N] and with r edges, is isomorphic
to H. So B € (™) where M = (VZ]).

All that remains before applying the container theorem to Gy is to verify
(8.9).

Lemma8.17 Let H be an (-graph with r = e(H) > 2 and let T=20!v(H)!N~'/mH),
Let N be sufficiently large. Suppose that e(Gy) = oy (V(]L)) where oy > 1 de-

pends only on H. The average degree d in Gy satisfies d = %ﬁ:; = m”(#.
¢

Then,

1
d(o) < a—dr“’l—l, holds for all o,
r

c|>2.

Proof Consider 6 C [N]\) (so o is both a set of vertices of G and an (-
graph on vertex set [N]). The degree of ¢ in Gy is at most the number of
ways of extending o to an ¢-graph isomorphic to H. If ¢ as an ¢-graph is
not isomorphic to any subgraph of H, then clearly d(o) = 0. Otherwise, let
v(o) be the number of vertices in ¢ considered as an ¢-graph, so there exists
V C [N], |V| = v(c) with 6 € V(). Edges of Gy containing ¢ correspond
to copies of H in [N] () containing &, each such copy given by a choice of
v(H) —v(0o) vertices in [N] — V and a permutation of the vertices of H. Hence
for N sufficiently large,

d(0) < v(H)! (

Now for ¢ > 2 we have

i(c) le(f{)fv<6) _ L el 1
dtlol=1 = o rNvH)~(=(lo|=1)/m(H) " oy r - our

N—v(0o)

v(H) — V(6)> < v(H)IN"H) V()

O

A well-known supersaturation theorem bounds the number of edges in con-
tainers.

Proposition 8.18 (Erdds and Simonovits [281]) Let H be an {-graph and
let € > 0. There exists Ny and 11 > 0 such that if C is an £-graph on N > Ny
vertices containing at most |N"") copies of H then e(C) < (n(H) + ¢€) (7)

Proof of Theorem 8.7 Let 1 = n(e,H) be given by Proposition 8.18, and let
B = min{e, n}. Recall that r = e(H ). Apply Corollary 8.10 to Gy with ¢ = ﬁ
and T = 201v(H)!N~'/"H) and with B playing the role of € in the corollary.
The conditions of Corollary 8.10 are satisfied; denote by ¢ the constant ¢ ap-
pearing in the corollary. The collection of containers % satisfies the following.
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e For every independent set / there exists some C € € with I C C. This implies
condition (a) of the theorem,

e For each C € €, we have ¢(Gy[C]) < BN"). Proposition 8.18 implies
e(C) < (n(H)+e¢) (7) because we chose 8 < 1. This gives condition (b).

e Finally, for every set I as above, there exists T C [ such that C = C(T),
|T| <ét (7) This implies condition (c).

8.5.1

852

8.5.3

8.54
8.5.5

8.5.6

O

8.5 Exercises

An edge e of G is H-open if it is contained in at most one copy of H
and H-closed otherwise. The H-core Gy of G is obtained by repeatedly
deleting H-open edges. Show that G — (H)§ implies that Gy — (H')S
for every H' C H. (Thus one only needs to prove the 0-statement of
Theorem 8.2 for strictly 2-balanced H. A graph H is strictly 2-balanced
if H' = H is the unique maximiser in (8.1)).

A subgraph G’ of the H-core is H-closed if it contains at least one copy
of H and every copy of H in Gy is contained in G’ or is edge disjoint
from G’. Show that the edges of Gy can be partitioned into inclusion
minimal H-closed subgraphs.

Show that there exists a sufficiently small ¢ > 0 and a constant L =
L(H, ¢) such that if H is 2-balanced and p < cn~'/"2() then w.h.p. every
inclusion minimal H-closed subgraph of G, , has size at most L. (Try
¢ = o(1) first here).

Show that if ¢(G)/v(G) < ma(H) and my(H) > 1 then G /4 (H)5.
Show that if H is 2-balanced and p = cn~'/"2(#) then w.h.p. every sub-
graph G of G, , with v(G) < L= O(1) satisfies e(G)/v(G) < ma(H).
Prove the 0-statement of Theorem 8.2 for my(H) > 1.

8.6 Notes

The largest triangle-free subgraph of a random graph

Babai, Simonovits and Spencer [43] proved that if p > 1/2 then w.h.p. the
largest triangle-free subgraph of G, , is bipartite. They used Szemerédi’s reg-
ularity lemma in the proof. Using the sparse version of this lemma, Brightwell,
Panagiotou and Steger [158] improved the lower bound on p to n~¢ for some
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(unspecified) positive constant c. DeMarco and Kahn [233] improved the lower
bound to p > Cn~'/2(logn)'/2, which is best possible up to the value of the
constant C. And in [234] they extended their result to K,-free graphs.

Anti-Ramsey Property

Let H be a fixed graph. A copy of H in an edge colored graph G is said to
be rainbow colored if all of its edges have a different color. The study of rain-
bow copies of H was initiated by Erdds, Simonovits and Sés [280]. An edge-
coloring of a graph G is said to be b-bounded if no color is used more than b
times. A graph is G said to have property <7 (b, H) if there is a rainbow copy
of H in every b-bounded coloring. Bohman, Frieze, Pikhurko and Smyth [117]
studied the threshold for G,, , to have property .7 (b,H). For graphs H con-
taining at least one cycle they prove that there exists by such that if b > by then
there exist ¢y, cp > 0 such that

lim P(G,., € o/ (b,H)) =

n—soo

0 < e 1/ma(H)
{ p=an (8.10)

1 p> con~ /ma(H)

A reviewer of this paper pointed out a simple proof of the 1-statement. Given
a b-bounded coloring of G, let the edges colored i be denoted e; 1,¢€;2,...,¢€;p
where b; < b for all i. Now consider the auxiliary coloring in which edge ¢; ;
is colored with j. At most b colors are used and so in the auxiliary coloring
there will be a monochromatic copy of H. The definition of the auxiliary col-
oring implies that this copy of H is rainbow in the original coloring. So the
1-statement follows directly from the results of R6dl and Rucinski [653], i.e.
Theorem 8.2.

Nenadov, Person, Skori¢ and Steger [603] gave further threshold results on
both Ramsey and Anti-Ramsey theory of random graphs. In particular they
proved that in many cases by = 2 in (8.10).
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Inhomogeneous Graphs

Thus far we have concentrated on the properties of the random graphs G, ,,
and G, ,. We first consider a generalisation of G, , where the probability of
edge (i, /) is p;;j is not the same for all pairs i, j. We call this the generalized
binomial graph . Our main result on this model concerns the probability that
it is connected. For this model we concentrate on its degree sequence and the
existence of a giant component. After this we move onto a special case of this
model, viz. the expected degree model. Here p;; is proportional to w;w; for
weights w;. In this model, we prove results about the size of the largest com-
ponents. We finally consider another special case of the generalized binomial
graph, viz. the Kronecker random graph.

9.1 Generalized Binomial Graph

Consider the following natural generalisation of the binomial random graph
Gp,p, first considered by Kovalenko [501].

Let V ={1,2,...,n} be the vertex set. The random graph G, p has vertex set
V and two vertices i and j from V, i # j, are joined by an edge with probability
pij = pij(n), independently of all other edges. Denote by

P = [pij]

the symmetric n X n matrix of edge probabilities, where p; = 0. Put ¢;; =
1 —pjjandforik € {1,2,...,n} define

0i=[1aij» =) 0
j=I i=

Note that Q; is the probability that vertex i is isolated and A, is the expected
number of isolated vertices. Next let

R,’k: min qij " 4ij, -
1<h<pp<-<j<n Tt T

Suppose that the edge probabilities p;; are chosen in such a way that the fol-
lowing conditions are simultaneously satisfied as n — oco:

max Q; — 0, 9.1)

1<i<n

157
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lim A, = A = constant, (9.2)

n—ro0

and

AN
lim ) — =] =e*—1. (9.3)
n%mkg’l k! ; Rik
The next two theorems are due to Kovalenko [501].
We will first give the asymptotic distribution of the number of isolated vertices
in G, p, assuming that the above three conditions are satisfied. The next theo-
rem is a generalisation of the corresponding result for the classical model G, ,
(see Theorem 3.1(ii)).

Theorem 9.1 Let Xy denote the number of isolated vertices in the random
graph G, p. If conditions (9.1) (9.2) and (9.3) hold, then

Ak
,}E};P(XO =k)= e
for k=0,1,..., ie., the number of isolated vertices is asymptotically Poisson

distributed with mean A.
Proof Let
1 with prob. p;;
Xij= .
0 with prob. g;; = 1— p;;.

Denote by X;, for i = 1,2,...n, the indicator of the event that vertex i is isolated
in G, p. To show that Xy converges in distribution to the Poisson random vari-
able with mean A one has to show (see Corollary 20.11) that for any natural
number k

k
E( Z Xl‘ X,' "'Xik> —>% (94)

1<i|<ip<...<ix<n

as n — oo, But

E (X, X, X;,) = =...=X, , =1), 9.5)

lfen's
=
=
=
|

where in the case of r = 1 we condition on the sure event.
Since the LHS of (9.4) is the sum of E (X; X;, ---X;,) over all i} < -+ < iy,
we need to find matching upper and lower bounds for this expectation. Now
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P(X;, =1|X;, =...=X;_, = 1) is the unconditional probability that i, is not
adjacent to any vertex j 75 i1,...,ir—1 and so
ITj-1 4,
P(X, = 1%, =... =X,  =1)= =L
HS lqlrl_s
Hence
Qi Oi
P <P(X.=1X,=...=X,_,=1) < ——— < =L
Qi <P (X, = 11X, =)< Ri.r—1 ~ Rix

It follows from (9.5) that

Qi O
Qi+ Qi SE (X X)) < ot p (9.6)
Applying conditions (9.1) and (9.2) we get that
1
Z Qil.”Qik:E Z Qi]"'Qikz
1<) <-<ig<n T 1<iy#Fir<n
1
E Z Ql| : Qlk k‘ ZQ ( ' Z Qi] “'Qik2>
C 1<y, gk <n 1<iy,. .. ig2<n
D k1 1 A
> i (m?in)ln = (ml_athi)),n = 9.7
as n — oo,
Now,
n n
Y &=y o.

»
T

i=1""

k
and if hmsup):l 1 R > A then hmsupzk 1 ki ( ;’:1 1%) > ¢* — 1, which
contradlcts (9 3). It follows that

n Q
lim) = =2
n—oo i=1 Rik
Therefore

Qi Ak
Z Q sz_k' (Z) _>F

1<iy <...<ik§n

as n — oo,
Combining this with (9.7) gives us (9.4) and completes the proof of Theorem
9.1. O
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One can check that the conditions of the theorem are satisfied when

where x;;’s are uniformly bounded by a constant.

The next theorem shows that under certain circumstances, the random graph
G,,p behaves in a similar way to G, , at the connectivity threshold.

Theorem 9.2 [f the conditions (9.1), (9.2) and (9.3) hold, then

lim P(G,, p is connected) = e
n—yoo

Proof To prove the this we will show that if (9.1), (9.2) and (9.3) are satisfied
then w.h.p. G, p consists of X + 1 connected components, i.e., G, p consists
of a single giant component plus components that are isolated vertices only.
This, together with Theorem 9.1, implies the conclusion of Theorem 9.2.

Let U C V be a subset of the vertex set V. We say that U is closed if X;; =0
for every i and j, where i € U and j € V \ U. Furthermore, a closed set U is
called simple if either U or V \ U consists of isolated vertices only. Denote the
number of non-empty closed sets in G, p by ¥; and the number of non-empty
simple sets by Y. Clearly Y] > Y.

We will prove first that

liminfEY > 2¢* — 1. (9.8)

n—oo

Denote the set of isolated vertices in G, p by J. If V' \ J is not empty then
Y = 2%+1 _ 1 (the number of non-empty subsets of J plus the number of their
complements, plus V itself). If V\J = @ then ¥ = 2" — 1. Now, by Theorem
9.1, for every fixed k =0,1,...,

k+1 l)tk
lmP(y =2~ 1) =t

Observe that for any ¢ > 0,

and hence
Ake2
k!

{
liminfEY > )" (2" —1)
k=0

n—soo
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So,
l Ake—2
liminfEY > lim ) (2K —1) =24 —1
n—seo (e =0 k!
which completes the proof of (9.8).
We will show next that
limsupEY; < 2e* —1. (9.9)

n—so0

To prove (9.9) denote by Z; the number of closed sets of order & in G, p so that
Y1 =Y} Z. Note that

Zy = Z Ziy iy

i <...<iy

where Z;,_;, indicates whether set [ = {i; ...i} is closed. Then

EZi i =PXj=0icl,jé¢l)= [] ai

i€y, jéIy
Consider first the case when k < n/2. Then
[ics, 1<j<n 4ij O; 0i
icly, il [ien jen i ey Hjen 9ij ~ jeq, Rix

Hence
k
O 1 [< 0
EZ, < — < = — | -
Now, (9.3) implies that

n/2
limsup Z EZ <& —1.

n—oo 1

To complete the estimation of [EZ; (and thus for EY;) consider the case when
k > n/2. For convenience let us switch k with n —k, i.e, consider EZ,_, when
0 <k < n/2. Notice that EZ, = 1 since V is closed. So for 1 <k < n/2

EZiw= Y, I 4
i1 <..<igi€ly,j&I,

But g;; = gj; so, for such k, EZ,_; = EZ;. This gives
limsupEY; <2(e* — 1) +1,

n—soo
where the +1 comes from Z, = 1 This completes the proof of (9.9).
Now,

P(Y] >Y)=P(Y1 —-Y > 1) SE(Y] —Y).
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Estimates (9.8) and (9.9) imply that

limsupE(Y; —Y) <0,

n—yoo

which in turn leads to the conclusion that

lim P(Y; >Y)=0.

n—soo
i.e., asymptotically, the probability that there is a closed set that is not simple,
tends to zero as n — oo. It is easy to check that Xy < n w.h.p. and therefore
Y =2%+! —1 wh.p.and so w.h.p. ¥; = 2%t — 1. If G, p has more than Xy + 1
connected components then the graph after removal of all isolated vertices
would contain at least one closed set, i.e., the number of closed sets would
be at least 2¥0+1, But the probability of such an event tends to zero and the
theorem follows. O

We finish this section by presenting a sufficient condition for G, p to be

connected w.h.p. as proven by Alon [22].

Theorem 9.3  For every positive constant b there exists a constant
¢ =c¢(b) > 0 so that if, for every non-trivial S C V,

Z pij = clogn,
i€S,jeV\S

then probability that G, p is connected is at least 1 — nb.

Proof Infact Alon’s result is much stronger. He considers a random subgraph
Gp, of a multi-graph G on n vertices, obtained by deleting each edge e inde-
pendently with probability 1 — p,. The random graph G, p is a special case of
Gp, when G is the complete graph K,,. Therefore, following in his footsteps,
we will prove that Theorem 9.3 holds for G, and thus for G,, p.

So, let G = (V,E) be a loopless undirected multigraph on n vertices, with
probability p., 0 < p, < 1 assigned to every edge e € E and suppose that
for any non-trivial S C V the expectation of the number Es of edges in a cut
(S,V\S) of G, satisfies

EEs = Z pe > clogn. (9.10)
cc(SV\S)

Create a new graph G’ = (V,E’) from G by replacing each edge e by k =
clogn parallel copies with the same endpoints and giving each copy €’ of e a
probability p, = p, /k.
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Observe that for S C V

EEg= Y pl, =EE;.
Fe(S,V\S)

Moreover, for every edge e of G, the probability that no copy €’ of e survives
in a random subgraph G;, is (1 — p./k)* > 1 — p, and hence the probability
that G, is connected exceeds the probability of G;é being connected, and so
in order to prove the theorem it suffice to prove that

IE”((G;; is connected) > 1 —n"". 9.11)

To prove this, let E{ UE,U...UE] be a partition of the set E’ of the edges of G,
such that each E] consists of a single copy of each edge of G. Fori =0,1,...,k
define G/ as follows. Gy, is the subgraph of G’ that has no edges, and for all
i > 1, G} is the random subgraph of G’ obtained from G/_, by adding to it
each edge ¢’ € E] independently, with probability p/,.

Let C; be the number of connected components of (Gg. Then we have Cy = n
and we have G}, = G/,. Let us call the stage i, 1 <i <k, successful if either
Ci_1=1(@e., G;_l is éonnected) or if C; < 0.9C;_1. We will prove that

P(Ci_y =1 or C; < 0.9C,_|G}_,) > (9.12)

| —

To see that (9.12) holds, note first that if G;_l is connected then there is
nothing to prove. Otherwise let H; = (U, F) be the graph obtained from G/_,
by (i) contracting every connected component of G/_, to a single vertex and (ii)
adding to it each edge ¢’ € E] independently, with probability p/, and throwing
away loops. Note that since for every nontrivial S, EE¢ > k, we have that for
every vertex u € U (connected component of G/_),

Moreover, the probability that a fixed vertex u € U is isolated in H is
[T (1—p)) <exp { Y p'ef} <e L.
uce'eF uce'eF

Hence the expected number of isolated vertices of H; does not exceed |Ule~!.
Therefore, by the Markov inequality, it is at most 2|U|e~! with probability at
least 1/2. But in this case the number of connected components of Hj is at most

1 1
20Ue ! + 5 (U] —2[Ule™ ) = (2 +e1> |U| < 09U,
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and so (9.12) follows. Observe that if C;, > 1 then the total number of success-
ful stages is strictly less than logn/10g0.9 < 10logn. However, by (9.12), the
probability of this event is at most the probability that a Binomial random vari-
able with parameters k and 1/2 will attain a value at most 10logn. It follows
from (21.22) that if k = clogn = (20 +¢) logn then the probability that Cy > 1
(i.e., that G:D . is disconnected) is at most n~"'/4_ This completes the proof of
(9.11) and the theorem follows. O

9.2 Expected Degree Model

In this section we will consider a special case of Kovalenko’s generalized bi-
nomial model, introduced by Chung and Lu in [181], where edge probabilities
pij depend on weights assigned to vertices. This was also meant as a model for
“Real World networks”, see Chapter 17.

Let V ={1,2,...,n} and let w; be the weight of vertex i. Now insert edges
between vertices i, j € V independently with probability p;; defined as

Wiw !
Dij = # where W = ];lwk.
We assume that max; w? < W so that p; ; < 1. The resulting graph is denoted
as G, pv. Note that putting w; = np for i € [n] yields the random graph G,, p,.
Notice that loops are allowed here but we will ignore them in what follows.

Moreover, for vertex i € V its expected degree is
Wiw
I
J
Denote the average vertex weight by w (average expected vertex degree) i.e.,

_ W
w=—,
n

while, for any subset U of a vertex set V define the volume of U as
w(U) = Z Wi
keU
Chung and Lu in [181] and [183] proved the following results summarized

in the next theorem.

Theorem 9.4 The random graph G, pw with a given expected degree se-
quence has a unique giant component w.h.p. if the average expected degree is
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strictly greater than one (i.e., W > 1). Moreover; if w > 1 then w.h.p. the giant
component has volume

AW +0 (\/ﬁ(logn)3'5) ,

where A is the unique nonzero root of the following equation

Zn:w,ffw"}L =(1-2) Zn:wi,
i=1 i=1

Furthermore w.h.p., the second-largest component has size at most

(1+ (1)) logn,
where
_ 1/(w—1—1logw) ifl<w<?2,
m(w) ={ _ o
1/(1+logw—logd) ifw>4/e.

Here we will prove a weaker and restricted version of the above theorem. In
the current context, a giant component is one with volume Q(W).

Theorem 9.5 If the average expected degree w > 4, then a random graph
Gppw w.h.p. has a unique giant component and its volume is at least

()

while the second-largest component w.h.p. has the size at most

logn
1 1) ——————.
(1+of ))1—|—10gW—10g4

The proof is based on a key lemma given below, proved under stronger con-
ditions on w than in fact Theorem 9.5 requires.

Lemma 9.6 For any positive € < 1 and w > ﬁ w.h.p. every connected

component in the random graph G, pw either has volume at least €W or has at
logn '

1+logw—log4+2log(l—¢) vertices.

most

Proof We first estimate the probability of the existence of a connected com-
ponent with k vertices (component of size k) in the random graph G, pw. Let
S C V and suppose that vertices from S = {v; ,v;,,...,v; } have respective
weights w;, ,w;,,...,w;,. If the set § induces a connected subgraph of G, pw
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than it contains at least one spanning tree 7. The probability of such event
equals

IP)(T) = H wijwilp,

{vi vy }EE(T)

where
1 1

W onw’
So, the probability that S induces a connected subgraph of our random graph
can be bounded from above by

;IP’(T) =Y II wiwip,

T {viy vy JEE(T)

where T ranges over all spanning trees on S.

By the matrix-tree theorem (see West [723]) the above sum equals the determi-
nant of any k— 1 by k— 1 principal sub-matrix of (D —A)p, where A is defined
as

0 WiyWiy = Wi, Wi,
Wi Wiy 0 o Wi Wiy
A= : : ) . ;
wikwil W,’kwiz cee 0

while D is the diagonal matrix
D= diag (Wl'1 (W — W,‘1 ), e ,Wik (W — Wik)) .

(To evaluate the determinant of the first principal co-factor of D — A, delete
row and column k of D — A; Take out a factor w; w;, ---w;,_,; Add the last k—2
rows to row 1; Row 1 is now (wj,,w;,,...,w;, ), so we can take out a factor w;,;
Now subtract column 1 from the remaining columns to geta (k—1) x (k—1)
upper triangular matrix with diagonal equal to diag(1,w(S),w(S),...,w(S))).

It follows that
Y P(T) = wi wi, - wi, w(S)F2pF (9.13)
T
To show that this subgraph is in fact a component one has to multiply by the

probability that there is no edge leaving S in G, pw. Obviously, this probability
equals [1,es,,¢s(1 —wiw;p) and can be bounded from above

(1 —wiwjp) < e PYEW=wS), (9.14)
V;ES,V_,'EV\S
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Let X} be the number of components of size k in G, pw. Then, using bounds
from (9.13) and (9.14) we get

EX, < ZW(S)k—Zpk—le—pW(S)(W—W(S)) Hwi;
S icS

where the sum ranges over all S C V, |S| = k. Now, we focus our attention on
k-vertex components whose volume is at most eW. We call such components
small or €-small. So, if Y} is the number of small components of size k in G, pw
then

Eve< Y w(S)2ptle O wi = f(k). (9.15)

small § icS

Now, using the arithmetic-geometric mean inequality, we have

w(S) ¢ k=2 k=1 _—w(S)(1—¢
CED> (k) W(S)2pk e wS1-e),
small §

The function x**~2¢~*(1-€) achieves its maximum at x = (2k —2)/(1 — €).
Therefore
k—1 2k—2
n\p 2k—2 —(2k-2)
< -
w= ()% (=)
_ 2%-2
< (K>k£ 2k—-2 (2%k-2)
“\k K\ 1—¢
< (np)* 2 \*
“apk—1)2\1-¢
R 4 k
~4p(k—1)2 \ew(1 —¢)?
efak
T apk—1)7
where

a=1+logw—logd+2log(l—¢) >0

under the assumption of Lemma 9.6.
Let kg = 10%. When £ satisfies kg < k < 2ky we have

1% == (i)
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while, when 2°¢" < & < n, we have

1 1
k) = 4n?p(k—1)?2 - <nlogn) ’

So, the probability that there exists an €-small component of size exceeding kg

is at most
1 1 1
Zf(k)g()gnxo<)+n><o( >=0(1).
o a logn nlogn

This completes the proof of Lemma 9.6. O

To prove Theorem 9.5 assume that for some fixed 6 > 0 we have
4 2

W=4+8= —____ wh =1-— 9.16
W + e(l—s)z where € )2 (9.16)

and suppose that w; > wy > --- > w,. We show next that there exists ip > n!/3
such that

9.17)

Then

n
W< nlBwl/2 4 Z

i=nl/3

<n'Bwl2 42 (1 + g) Whn.

Hence
w2 <pl3y2 (1 + 5) n'/2.
- 8
This is a contradiction since for our choice of w
W =nw>4(14+0)n.

We have therefore verified the existence of iy satisfying (9.17).
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Now consider the subgraph G of G, pw on the first iy vertices. The proba-
bility that there is an edge between vertices v; and v;, for any i, j < i, is at
least

) L 1+%
wiw;p > wi, P > .

o

So the asymptotic behavior of G can be approximated by a random graph
Gy,p with n =ip and p > 1/ip. So, w.h.p. G has a component of size ®(ip) =
Q(n'/?). Applying Lemma 9.6 with € as in (9.16) we see that any component
with size > logn has volume at least eW.

Finally, consider the volume of a giant component. Suppose first that there
exists a giant component of volume cW which is e-small i.e. ¢ < €. By Lemma
9.6, the size of the giant component is then at most ;?fg”z. Hence, there must
be at least one vertex with weight w greater than or equal to the average

2cWlog?2
w> —.
logn

But it implies that w? > W, which contradicts the general assumption that all
pij < 1.

We now prove uniqueness in the same way that we proved the uniqueness
of the giant component in G, ,. Choose 11 > 0 such that w(1 —n) > 4. Then
define w. = (1 — n)w; and decompose

Gnﬁpw =G UGy

J
Wi

where the edge probability in G is p} = ﬁ and the edge probability in G,

iwj

is pi; where 1 — S =0=pl )0 — pj;). Simple algebra gives p}; > LI |
follows from the previous analysis that G| contains between one and 1/¢€ giant
components. Let Cy,C; be two such components. The probability that there is
no G, edge between them is at most

T (1- 1) < exp{_MCl)W(Cz)} <™ Zo(1).
icC w w

1
JEC

As 1/€ < 4, this completes the proof of Theorem 9.5. O

To add to the picture of the asymptotic behavior of the random graph G, p»
we will present one more result from [181]. Denote by w? the expected second-
order average degree, i.e.,
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Notice that
2
I Ljwj
w
Chung and Lu [181] proved the following.

>

3| =
I
=

Theorem 9.7 If the average expected square degree w2 < 1 then, with prob-

W(WT) ?

ability at least 1 — m all components of G, pw have volume at most
Cy/n.
Proof Let

=P(3S: w(S) > Cn'/?and S is a component).

Randomly choose two vertices u# and v from V, each with probability propor-
tional to its weight. Then, for each vertex, the probability that it is in a set S
with w(S) > Cy/n is at least Cy/np. Hence the probability that both vertices
are in the same component is at least

x(Cy/np)? = C*xnp?. (9.18)

On the other hand, for any two fixed vertices, say u and v, the probability
P, (u,v) of u and v being connected via a path of length K+ 1 can be bounded
from above as follows

(u,v) < Z (Wuwi, p) (Wi, wiyp) -+ (Wi wyp) < wwyp (W)X,
11 lz‘...,i
So the probability that # and v belong to the same component is at most

Y Pluy) < Y wanp(w)f = 2P
k=0 k=0 1—

Recall that the probabilities of u and v being chosen from V are w,p and w,p,
respectively. so the probability that a random pair of vertices are in the same
component is at most

W wyp (W) 2 p

W 1—w?

Zwup va

Combining this with (9.18) we have
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()
el

and Theorem 9.7 follows. O

which implies

X

9.3 Kronecker Graphs

Kronecker random graphs were introduced by Leskovec, Chakrabarti, Klein-
berg and Faloutsos [525] (see also [524]). It is meant as a model of “Real World
networks”, see Chapter 17. Here we consider a special case of this model of an
inhomogeneous random graph. To construct it we begin with a seed matrix
P[5 3]
B v

where 0 < o, B,7 < 1, and let P! be the kth Kronecker power of P. Here Pl
is obtained from P¥—1 as in the diagram below:

B aPk-1 gpk-1]
PG ]

and so for example

o> o Ba PB?
pl2l _ [@B ay B* By

Bo B* ya yB|’

B* By B 7

Note that P/ is symmetric and has size 2% x 2¥.

We define a Kronecker random graph as a copy of G, py for some k > 1
and n = 2. Thus each vertex is a binary string of length k, and between any
two such vertices (strings) u, v we put an edge independently with probability

i

Puy = auv,y(l—u)(l—v)‘Bk—uv—(l—u)(l—v)

or equivalently
Puv = alﬁJVHHh
where i is the number of positions 7 such that u, = v, = 1, j is the number of ¢

where u; # v, and hence k — i — j is the number of ¢ that u, = v; = 0. We observe
that when & = 8 = y then G, p) becomes G,,, with n = 2% and p = o*.
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Connectivity

We will first examine, following Mahdian and Xu [550], conditions under
which is G, pi connected w.h.p.

Theorem 9.8  Suppose that o > B > y. The random graph G, pi is con-
nected w.h.p. (for k — o) if and only if either (i) B+7y> 1 or (i) = =
1,y=0.

Proof We show first that B + ¥ > 1 is a necessary condition. Denote by 0 the
vertex with all 0’s. Then the expected degree of vertex 0 is

Lo =Y (4)pr = e =ot) whenpry<r
Jj=0
Thus in this case vertex 0 is isolated w.h.p.

Moreover, if B4y =1and 0 < 8 < 1 then G, pjj cannot be connected w.h.p.
since the probability that vertex 0 is isolated is bounded away from 0. Indeed,
0 < B < 1 implies that B/¥*~/ < { < 1,0 < j < k for some absolute constant
. Thus, using Lemma 21.1(b),

k

P(0 is isolated) = [ [(1 — poy) > H(l—ﬁf )(k)

j=0

PN

>exp{—z(j)lﬁ_jygj} —e V8,
Jj=0

Now when a = § = 1,y = 0, the vertex with all 1’s has degree n — 1 with
probability one and so G, i will be connected w.h.p. in this case.

It remains to show that the condition 8 4+ y > 1 is also sufficient. To show
that B + v > 1 implies connectivity we will apply Theorem 9.3. Notice that
the expected degree of vertex 0, excluding its self-loop, given that 8 and y are
constants independent of k and B+ > 1, is

(B+7y)* =9 >2clogn,

for some constant ¢ > 0, which can be as large as needed.

Therefore the cut (0,V \ {0}) has weight at least 2clogn. Remove vertex 0
and consider any cut (S,V '\ S). Then at least one side of the cut gets at least
half of the weight of vertex 0. Without loss of generality assume that it is S,
ie.,

Z Pou > clogn.
ues
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Take any vertices u, v and note that p,y > pyo because we have assumed that
o > f3 > v. Therefore

Z Z PuvZZPu0>CIOg”7

uesSveVv\s ues

and so the claim follows by Theorem 9.3. O

To add to the picture of the structure of G, pg when B+ 7y > 1 we state
(without proof) the following result on the diameter of G, pix .

Theorem 9.9 If f+7y > 1 then w.h.p. G, pi has constant diameter.

Giant Component

We now consider when G, p has a giant component (see Horn and Radcliffe
[412]).

Theorem 9.10 G, pw has a giant component of order ®(n) w.h.p., if and
only if (a+ B)(B+7) > 1.

Proof We prove a weaker version of the Theorem 9.10, assuming that for
o > f3 > yas in [550]. For the proof of the more general case, see [412].
We will show first that the above condition is necessary. We prove that if

(@+B)B+7) <1,
then w.h.p. G, piy has n — o(n) isolated vertices. First let
(c+B)B+7)=1—¢,€>0.

First consider those vertices with weight (counted as the number of 1’s in their
label) less than k/2 + k*/3 and let X, be the degree of a vertex u with weight /
where [ =0,... k. It is easily observed that

EXy = (a+B) (B + 7)< 9.19)

Indeed, if for vertex v, i = i(v) is the number of bits that u, = v, =1, r =
1,...,k and j = j(v) is the number of bits where u, = 0 and v, = 1, then the
probability of an edge between u and v equals

Puy = aiBjJrlfiq/(flfj.
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Hence,

EX, = Z Puy = i kf <i) (k; l) Qi Byl

vev i=0 j=0
LD\ i N gkl
=Y (-)“’ﬁ YA
i=0 \! =0
and (9.19) follows. So, if | < k/2+ k*/3, then assuming that o > B > 7,

EXy <(a+ ﬁ)k/2+k2/3 B+ ?,)k*(k/2+k2/3)

_ k2 (et B v

(et BB+ (G0

ey (@B

—1-e <ﬁ+7)

=o(1). (9.20)

Suppose now that [ > k/2 +k>/3 and let ¥ be the number of 1’s in the label of
arandomly chosen vertex of G, p. Since EY = k/2, the Chernoff bound (see
(21.26)) implies that

P (Y > I;+k2/3> < efk4/3/(3k/2) < e7k1/3/2 =o(1).

Therefore, there are o(n) vertices with [ > k/2 4 k*/. It then follows from
(9.20) that the expected number of non-isolated vertices in G, pyi is o(n) and
the Markov inequality then implies that this number is o(n) w.h.p.

Next, when a + 8 = 8 + y = 1, which implies that @ = 8 = y = 1/2, then
random graph G, p is equivalent to G, , with p = 1/n and so by Theorem
2.21 it does not have a component of order n, w.h.p.

To prove that the condition (a+ 8)(B + ¥) > 1 is sufficient we show that the
subgraph of G, piy induced by the vertices of H of weight [ > k/2 is connected
w.h.p. This will suffice as there are at least n/2 such vertices. Notice that for
any vertex u € H its expected degree, by (9.19), is at least

((+B)(B+7)"* > logn. 9.21)
We first show that foru e V,
1
Z Puv = i Z Puv- (9.22)
veH veVv

For the given vertex u let / be the weight of u. For a vertex v let i(v) be
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the number of bits where u, =v, =1, r = 1,...,k, while j(v) stands for the
number of bits where u, = 0 and v, = 1. Consider the partition

V\HZS]U52US3,

where

Si=A{v:i(v)>1/2, j(v)<(k=1)/2},
Sy =A{v:i(v)<li/2, j(v)>(k—=1)/2},
Ss={v:i(v) <l1/2, j(v) < (k=1)/2}.

Next, take a vertex v € S1 and turn it into v/ by flipping the bits of v which
correspond to 0’s of u. Surely, i(v') = i(v) and

JO) Z (k=1)/2> j(v).

Notice that the weight of v’ is at least k/2 and so v/ € H. Notice also that
o > B > v implies that pyy > pyy. Different vertices v € S| map to different
v'. Hence
Z Duy = Z Puv- (9.23)
veH veS)
The same bound (9.23) holds for S, and S3 in place of S;. To prove the same
relationship for S, one has to flip the bits of v corresponding to 1’s in u, while
for S5 one has to flip all the bits of v. Adding up these bounds over the partition
of V\ H we get
Z Puy <3 Z Puv
veV\H veH
and so the bound (9.22) follows.
Notice that combining (9.22) with the bound given in (9.21) we get that for
u € H we have
Y. puv > 2clogn, (9.24)
veH
where ¢ can be a large as needed.
We finish the proof by showing that a subgraph of G, p induced by vertex

set H is connected w.h.p. For that we make use of Theorem 9.3. So, we will
show that for any cut (S,H \ S)

Z Z Puv > 10logn.

ueSveH\S
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Without loss of generality assume that vertex 1 € S. Equation (9.24) implies
that for any vertex u € H either

Y. puy > clogn, (9.25)
ves
or
Y puy >clogn. (9.26)
veH\S

If there is a vertex u such that (9.26) holds then sinceu <land a > f8 > 7,

Z Z Puy = Z DPiv 2 Z Puv > clogn.

ucSveH\S veH\S veH\S

Otherwise, (9.25) is true for every vertex u € H. Since at least one such vertex

isin H\ S, we have
Z Z Duv > clogn,
ueSveH\S

and the Theorem follows. O

9.4 Exercises

9.4.1 Prove Theorem 9.3 (with ¢ = 10) using the result of Karger and Stein
[464] that in any weighted graph on n vertices the number of r-minimal
cutsis O ((2n)*). (A cut (S,V\S),S C V, in a weighted graph G is called
r-minimal if its weight, i.e., the sum of weights of the edges connecting
S with V'\ S, is at most » times the weight of minimal weighted cut of

G).
9.4.2 Suppose that the entries of an n X n symmetric matrix A are all non-
negative. Show that for any positive constants cy,ca,...,c,, the largest

eigenvalue A (A) satisfies
1 n
< — aii |
M) < o | = Y cia
9.4.3 Let A be the adjacency matrix of G, pw and for a fixed value of x let
wi W;i>Xx
Ci = .
x wi<x
Let m = max {w; :i € [n]}. Let X; = é i_1¢;jai j. Show that

_ M
EX; <w?+xand VarX; < —w? +x.
X
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9.4.4 Apply Theorem 21.10 with a suitable value of x to show that w.h.p.
A(A) < w? 4 (6(mlogn)'/?(w? +1logn))'/? + 3(mlogn)'/?.

9.4.5 Show that if w2 > m'/2logn then w.h.p. A(A) = (14 0(1))w?.

9.4.6 Suppose that 1 < w; < W1/2 for 1 <i < n and that w,-wjﬁ > Wlogn.
Show that w.h.p. diameter(G, pw) < 2.

9.4.7 Prove, by the Second Moment Method, that if « + 8 = f+y =1 then
w.h.p. the number Z; of the vertices of degree d in the random graph
G, pi» is concentrated around its mean, i.e., Z; = (1+0(1)) EZ,.

9.4.8 Fix d € N and let Z; denote the number of vertices of degree d in the

Kronecker random graph G, px. Show that

k dw d(k—w)
EZ; = (1+0(1)) Z‘,O(i) ath) (dli’!+7)

X

X exp (—((X—I—B)W(ﬁ —|—}’)k7w> +o(1).

9.4.9 Depending on the configuration of the parameters 0 < o, 3,y < 1, show
that we have either

5z =0 (et p'+ 8 +7")').
) EZ; = 0(2).

9.5 Notes

General model of inhomogeneous random graph

The most general model of inhomogeneous random graph was introduced by
Bollobds, Janson and Riordan in their seminal paper [142]. They concentrate
on the study of the phase transition phenomenon of their random graphs, which
includes as special cases the models presented in this chapter as well as, among
others, Dubins’ model (see Kalikow and Weiss [459] and Durrett [261]), the
mean-field scale-free model (see Riordan [646]), the CHKNS model (see Call-
away, Hopcroft, Kleinberg, Newman and Strogatz [169]) and Turova’s model
(see [708], [709] and [710]).

The model of Bollobas, Janson and Riordan is an extension of one defined
by Soderberg [686]. The formal description of their model goes as follows.
Consider a ground space being a pair (7, 1), where . is a separable metric
space and u is a Borel probability measure on .. Let ¥ = (%, i, (X )u>1)



178 Inhomogeneous Graphs

be the vertex space, where (%, 1) is a ground space and (X,),>1) is a ran-
dom sequence (x1,x2,...,%,) of n points of . satisfying the condition that for
every (-continuity set A, A C ., |{i: x; € A}|/n converges in probability to
U(A). Finally, let k be a kernel on the vertex space ¥  (understood here as a
kernel on a ground space (., 1)), i.e., a symmetric non-negative (Borel) mea-
surable function on S x S. Given the (random) sequence (X1,Xa,...,X,) we let
Gy (n,x) be the random graph Gy (n,(p;;)) with p;; := min{x(x;,x;)/n,1}.
In other words, Gy (n, k) has n vertices and, given X;,Xa, ..., X,, an edge {i, j}
(with i # j) exists with probability p;;, independently for all other unordered
pairs {i, j}.

Bollobas, Janson and Riordan present in [142] a wide range of results de-
scribing various properties of the random graph Gy (n, k). They give a neces-
sary and sufficient condition for the existence of a giant component, show its
uniqueness and determine the asymptotic number of edges in the giant com-
ponent. They also study the stability of the component, i.e., they show that its
size does not change much if we add or delete a few edges. They also estab-
lish bounds on the size of small components, the asymptotic distribution of the
number of vertices of given degree and study the distances between vertices
(diameter). Finally they turn their attention to the phase transition of Gy (n, k)
where the giant component first emerges.

Janson and Riordan [434] study the susceptibility, i.e., the mean size of the
component containing a random vertex, in a general model of inhomogeneous
random graphs. They relate the susceptibility to a quantity associated to a cor-
responding branching process, and study both quantities in various examples.

Devroye and Fraiman [237] find conditions for the connectivity of inhomo-
geneous random graphs with intermediate density. They draw n independent
points X; from a general distribution on a separable metric space, and let their
indices form the vertex set of a graph. An edge ij is added with probability
min{1, k(X;,X;)logn/n}, where k > 0 is a fixed kernel. They show that, un-
der reasonably weak assumptions, the connectivity threshold of the model can
be determined.

Lin and Reinert [528] show via a multivariate normal and a Poisson process
approximation that, for graphs which have independent edges, with a possibly
inhomogeneous distribution, only when the degrees are large can we reason-
ably approximate the joint counts for the number of vertices with given degrees
as independent (note that in a random graph, such counts will typically be de-
pendent). The proofs are based on Stein’s method and the Stein—Chen method
(see Chapter 20.3) with a new size-biased coupling for such inhomogeneous
random graphs.
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Rank one model

An important special case of the general model of Bollob4s, Janson and Rior-
dan is the so called rank one model, where the kernel K has the form k(x,y) =
y(x)y(y), for some function ¥ > 0 on .. In particular, this model includes
the Chung-Lu model (expected degree model) discussed earlier in this Chapter.
Recall that in their approach we attach edges (independently) with probabili-
ties

wiw !
pij:min{ ! j,l}whereW:Zwk.
w k=1

Similarly, Britton, Deijfen and Martin-Lo6f [160] define edge probabilities as
o WiWw
Pij = W-i—w,'Wj’

while Norros and Reittu [608] attach edges with probabilities

Wiw
).
For those models several characteristics are studied, such as the size of the gi-
ant component ([182], [183] and [608]) and its volume ([182]) as well as spec-
tral properties ([184] and [185]). It should be also mentioned here that Janson
[427] established conditions under which all those models are asymptotically
equivalent.

Recently, van der Hofstad [408], Bhamidi, van der Hofstad and
Hooghiemstra[87], van der Hofstad, Kliem and van Leeuwaarden [410] and
Bhamidi, Sen and Wang [88] undertake systematic and detailed studies of var-
ious aspects of the rank one model in its general setting.

Finally, consider random dot product graphs (see Young and Scheinerman
[734]) where to each vertex a vector in RY is assigned and we allow each
edge to be present with probability proportional to the inner product of the
vectors assigned to its endpoints. The paper [734] treats these as models of
social networks.

Pij = €xp (—

Kronecker Random Graph

Radcliffe and Young [641] analysed the connectivity and the size of the giant
component in a generalized version of the Kronecker random graph. Their
results imply that the threshold for connectivity in G, pi is B +7 = 1. Tabor
[702] proved that it is also the threshold for a k-factor. Kang, Karonski, Koch
and Makai [461] studied the asymptotic distribution of small subgraphs (trees
and cycles) in G, pi.
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Leskovec, Chakrabarti, Kleinberg and Faloutsos [526] and [527] have shown
empirically that Kronecker random graphs resemble several real world net-
works. Later, Leskovec, Chakrabarti, Kleinberg, Faloutsos and Ghahramani
[527] fitted the model to several real world networks such as the Internet, cita-
tion graphs and online social networks.

The R-MAT model, introduced by Chakrabarti, Zhan and Faloutsos [173],
is closely related to the Kronecker random graph. The vertex set of this model
is also 74 and one also has parameters o, 3, y. However, in this case one needs
the additional condition that @ + 2 +y = 1.

The process of generating a random graph in the R-MAT model creates a
multigraph with m edges and then merges the multiple edges. The advantage of
the R-MAT model over the random Kronecker graph is that it can be generated
significantly faster when m is small. The degree sequence of this model has
been studied by Grogr, Sullivan and Poole [386] and by Seshadhri, Pinar and
Kolda [679] when m = ®(2"), i.e. the number of edges is linear in the number
of vertices. They have shown, as in Kang, Karoriski, Koch and Makai [461]
for G, p, that the degree sequence of the model does not follow a power law
distribution. However, no rigorous proof exists for the equivalence of the two
models and in the Kronecker random graph there is no restriction on the sum
of the values of «, 3, 7.

Further extensions of Kronecker random graphs can be found [108] and
[109].
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Fixed Degree Sequence

The graph G, ;, is chosen uniformly at random from the set of graphs with
vertex set [n] and m edges. It is of great interest to refine this model so that
all the graphs chosen have a fixed degree sequence d = (d1,d,...,d,). Of
particular interest is the case where dy =d) = --- =d, =r, i.e., the graph
chosen is a uniformly random r-regular graph. It is not obvious how to do
this and this is the subject of the current chapter. We discuss the configuration
model in the next section and show its usefulness in (i) estimating the number
of graphs with a given degree sequence and (ii) showing that w.h.p. random
d-regular graphs are connected w.h.p., for 3 <d = O(1).

We finish by showing in Section 10.3 how for large r, G, ,, can be embedded
in a random r-regular graph. This allows one to extend some results for G,
to the regular case.

10.1 Configuration Model
Letd = (dy,d,...,d,) where dy +dp +---+d, = 2m is even. Let
“,.a = {simple graphs with vertex set [1] s.t. degree d(i) = d;, i € [n]}
and let G, g be chosen randomly from %, 9. We assume that

n
di,da,....dy > 1and Y di(di—1)=Q(n).
i=1

We describe a generative model of G,, g due to Bollobds [122]. It is referred
to as the configuration model. Let Wi, W,, ..., W, be a partition of a set of
points W, where |W;| = d; for 1 <i < n and call the W;s cells. We will assume
some total order < on W and that x <y if x € W;,y € W; where i < j. For
x € W define @(x) by x € Wy(y). Let F be a partition of W into m pairs (a
configuration). Given F we define the (multi)graph y(F) as

Y(F) = ([ {(¢(x), () : (x,y) € F}).

Let us consider the following example of y(F). Let n = 8 and d) = 4,d, =
3,d3 =4,dy =2,ds = 1,dg = 4,d7 = 4,dg = 2. The accompanying diagrams,

181
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o e«

e ) e @ «
® ° @«
. ] ) ) o -

W

Figure 10.1 Partition of W into cells Wy, ..

= 12 pairs

Figure 10.2 A partition F' of W into m

., Wg, a configuration

Figures 10.1, 10.2, 10.3 show a partition of W into Wy, ..

and its corresponding multi-graph.

Denote by Q the set of all configurations defined above for dy + - -- +d,

2m and notice that

(10.1)

.,n and take a permuta-

To see this, take d; “distinct” copies of i fori =1,2,..
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Figure 10.3 Graph y(F)

tion 0y, 0y, . .., Oy, of these 2m symbols. Read off F, pair by pair {021, 02}
fori=1,2,...,m. Each distinct F arises in m!2" ways.

We can also give an algorithmic, construction of a random element F of the
family Q.

Algorithm F-GENERATOR
begin
U+ W, F+—0
for i=1,2,...,n do
begin
Choose x arbitrarily from U;
Choose y randomly from U \ {x};
F— FU{(xy)}:
U<«—U\{(x,y)}
end
end

Note that F arises with probability 1/[(2m —1)(2m—3)---1] = |Q|~'.

Observe that the following relationship between a simple graph G € ¥, q
and the number of configurations F for which y(F) = G.
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Lemma 10.1 IfG € 9,4, then

n

v ' (G) =]]ar.
i=1
Proof Arrange the edges of G in lexicographic order. Now go through the
sequence of 2m symbols, replacing each i by a new member of W;. We obtain
all F for which y(F) =G. O

The above lemma implies that we can use random configurations to “ap-
proximate” random graphs with a given degree sequence.

Corollary 10.2 [fF is chosen uniformly at random from the set of all config-
urations Q and G1,Gy € 9, q then

P(y(F) = G1) = P(Y(F) = Ga).

So instead of sampling from the family ¥, g and counting graphs with a
given property, we can choose a random F and accept y(F) iff there are no
loops or multiple edges, i.e. iff y(F) is a simple graph.

This is only a useful exercise if y(F) is simple with sufficiently high proba-
bility. We will assume for the remainder of this section that

A =max{dy,dy,...,d,} <n'/°.

We will prove later (see Lemma 10.6 and Corollary 10.7) that if F' is chosen
uniformly (at random) from €,

P(y(F) is simple) = (1+o0(1))e **+1), (10.2)
where
_ Ydi(di—1)
A= ya

Hence, (10.1) and (10.2) will tell us not only how large is ¢, 4, (Theorem
10.4) but also lead to the following conclusion.

Theorem 10.3 Suppose that A < n'/®. For any (multi)graph property &
P(Ga € 2) < (1+0(1) P VP(y(F) € 2),

The above statement is particularly useful if A = O(1), e.g., for random r-
regular graphs, where r is a constant, since then A = % In the next section
we will apply the above result to establish the connectedness of random regular
graphs.
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Bender and Canfield [70] gave an asymptotic formula for |9, 4| when A =
O(1). The paper [122] by Bollobés gives the same asymptotic formula when
A < (2logn)'/?. The following theorem allows for some more growth in A. Its
proof uses the notion of switching introduced by McKay and Wormald [570].

Theorem 10.4 Suppose that A < nl/e.

_ 2m)!!
(Gnal e 00 22
i—=14i-

In preparation we first prove

Lemma 10.5 Suppose that A < n'/®. Let F be chosen uniformly (at random)
Sfrom Q. Then w.h.p. y(F) has

(a) no double loops,

(b) at most Alogn loops,

(¢) no adjacent double edges,

(d) no triple edges.

(e) at most A’logn double edges,

Proof. We will use the following inequality repeatedly.
Let f; = {xi,yi},i =1,2,...,k be k pairwise disjoint pairs of points. Then,

1
P(fieF,i=1,2,....k) < ———. 10.3
This follows immediately from
1
P(fie F e Ji1€EF) = ——r.
(fr€F[fisfor i €F) =5

This follows from considering Algorithm F-GENERATOR with x = x; and
y =y; in the main loop.
(a) Using (10.3) we obtain

P(F cont double 1 <)3
(F contains a double OOP)—; <4> (Zm—4>

<nA*m?=o0(1).
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(b)
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Let k; = Alogn.

P(F has at least k; loops)

X1+ Fxp=ky, i=1
X,’:()Al

AN LN
<o(l)+<2) Y IlI4
M)t t=ky, i=1
x,-:0,

AN (di o +dy)R
ki

1

<o ¥ T1((9) 5ar

y

(10.4)

The o(1) term in (10.4) accounts for the probability of having a double loop.

©)

(d)

P(F contains two adjacent double edges)

£0) ()

P(F contains a triple edge)

< L))
I<izi<n 3 3 2m—6
2
§A4 Z di m73
1<i<n

=o(1).

;
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(e) Letky =A’logn.
P(F has at least k, double edges)
L d; A i
< — .
<o)+ ) H(<2> 2m_4k2) (10.5)

Xyt txp=kp, i=1
)C,':O,l

go(1)+<§)k2 ) ﬁd;i

X1+ txa =k, i=1

Xl'=0,1
AN (dy +++dy)P
_0(1)+ E k2!
2A%e\ P2
§0(1)+< k e)
2

=o(1).

The o(1) term in (10.5) accounts for adjacent multiple edges and triple edges.
The A/(2m — 4k;) term can be justified as follows: We have chosen two points

X1,X in W; in (‘é’) ways and this term bounds the probability that x, chooses a
partner in the same cell as x;. O

Let now Q; ; be the set of all F' € Q such that F' has i loops; j double edges
and no double loops or triple edges and no vertex incident with two double
edges. The notation O ignores factors of order (log n)o(l).

Lemma 10.6 (Switching Lemma)  Suppose that A < n'/°. Let M; = 2m and
M =Y,d;(d;—1). Fori < kj and j < ky, where k; = Alogn and k, = A*logn,

Qi1 2iM, < ~ (A3>>
S = 1+0(—) |,
Qi M, n

10,1 :4jM12 140 A’
QoI M3 nj))

The corollary that follows is an immediate consequence of the Switching
Lemma. It immediately implies Theorem 10.4.

and

Corollary 10.7  Suppose that A < n'/®. Then,

Q0,0 “A(A+1)
— = (140(1))e ,

where
M,

2M,°
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Proof It follows from the Switching Lemma that i < ky and j < k, implies

. i+2j
'g(’)’;" = +0(n_1/2)));!j!j.
Therefore, because A = o(k;) and k; < ky, we have
ki ko9 it2j
(1018l = (1-+o(1)ifmal Y, 31 5

= (1+0(1))|Q00]e** .

forward

b reverse | % @——@ x

Figure 10.4 1-switch

To prove the Switching Lemma we need to introduce two specific operations
on configurations, called an “I-switch” and a “d-switch”.
Figure 10.4 illustrates the “loop removal switch” (“l-switch”) operation. Here
we have six points x1,x7, . .., x¢ and three pairs {x},x¢}, {x2,x3}, {x4,x5} from
five different cells, where x, and x3 are in the same cell. We assume that x, <
x3. The 1-switch operation replaces these pairs by a new set of pairs: {x;,x2},
{x3,x4}, {xs,x¢} and, in this operation, no new loops or multiple edges are
created.

In general, an I-switch operation takes F, a member of Q; ;, to F ' a member
Q;_1,j, see Figure 10.4. To estimate the number of choices 1 for a loop removal
switch we note that for a forward switching operation,

iM} — O(iMA*) < < iM7, (10.6)
while, for the reverse procedure, taking F’ € Qi_1,jto F € £; ;, we have

MMy /2 — O(N M) <0 < MMy /2. (10.7)
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Proof of (10.6):

In the case of the forward loop removal switch, given £; ;, we can choose
points x; and x4 in M;(M; — 1) ways and the point x, in i ways, giving the
upper bound in (10.6). For some choices of x1,x; and x4 the switch does not
lead to a member of Q;_ ;, when the switch itself cannot be performed due
to the creation of or destruction of other loops or multiple pairs (edges). The
number of such “bad” choices has to be subtracted from iM?. We estimate
those cases by O(iM|A?) as follows: The factor i accounts for our choice of
loop to destroy. So, consider a fixed loop {x2,x3}. A forward switch will be
good unless

(a) {x1,x6} or {x4,x5} form a loop or multiple edge.
There are at most k; choices (respectively 2k;) for {x;,x6} as a loop (re-
spectively multiple edge) and then 2M; choices for x4,x5. This removes at
most 2k M (respectively 4k, M) choices. Thus all in all this case accounts
for O(M;A?) choices.

() {x1,x2} or {x3,x4} form a loop.
Having chosen x; there are at most A choices for x| to make a loop with
it. After this there are at most M; choices for x4. Thus all in all this case
accounts for at most 2AM; choices.

(c) {x1,x2} or {x3,x4} form a multiple edge.
Having chosen x, there are at most A% choices for x; to make a multiple
edge with it. Indeed, we choose x’2 in the same cell as x;. Then we choose
x1 in the same cell as the partner of x’z. After this there are at most M;
choices for x4. Thus all in all this case accounts for O(A”M;) choices.

(d) {xs5,x6} forms a loop.
Having chosen x{,xg, in at most M| ways, there are at most A choices for
Xs in the same cell as xg that make {xs,xs} a loop. Thus all in all this case
accounts for at most O(AM) choices.

(e) {xs,x¢} forms a multiple edge.
Having chosen x1,xg, in at most M; ways, there are at most A> choices for
{x4,xs} that make {xs,x¢} a multiple edge. Indeed, we choose x; in the
same cell as xs. Then we choose x5 in the same cell as the partner of xg.
Thus all in all this case accounts for at most O(A%M) choices.

Proof of (10.7):

For the reverse removal switch, to obtain an upper bound, we can choose a
pair {x2,x3} contained in a cell in M, /2 ways and then xs,x¢ in M; ways. For
the lower bound, there are several things that can go wrong and not allow the
move from Q; ; ; to &; ;:
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(a) The cell containing x,,x3 contains a loop of F'.
This creates a double loop. There are i choices for {x,,x3} and given this,
there are at most M; choices for xs. Thus all in all this case accounts for
O(ki M) choices.

(b) {xs5,x6} is a loop or multiple edge of F.
In this case there are at most k; + k, choices for {xs,x¢} and then at most
M, choices for x;,x3. Thus all in all this case accounts for O((k; + k2)M)
choices.

(c) {x1,x¢} or {x4,x5} become loops.
In this case there are at most M, choices for {xs,xs} and then at most A
choices for x; and then at most A choices for x3, if the loop created is
{x1,x6}. Thus all in all this case accounts for O(A’M) choices.

(d) {x1,x6} or {x4,x5} become multiple edges.
In this case there are at most M; choices for {xs5,xs} and then at most A”
choices for x;. Indeed we choose xg in the same cell as xg and then x; in the
same cell as the partner x} of x5. After this there are at most A choices for
x3, if the multiple edge created is {x;,x6 }. Thus all in all this case accounts
for O(A3M) choices.

This completes the proof of (10.6) and (10.7).

4 (F)

Q; j Q;

[ J [ ]

[ J [ ]

[ [ J

[ [ ]
F °

Y [ ]

¢ loop removal switch ¢

° F

° degree

° dL(F) degree

[

[

Figure 10.5 Moving between Q; ; and Q;_; ;

Now for F € Q; ; let di(F) denote the number of F' € Q;_; ; that can be
obtained from F by an l-switch. Similarly, for F/ € Q;_; ; let dg(F') denote
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Figure 10.6 d-switch

the number of F' € €; ; that can be transformed into F’ " by an l-switch. Then,

Y duF)= ) dr(F').

FeQ; ; FleQ
But
iM?|Q;|(1-O(N°/My)) < Y di(F) <iM7|Q; ],
FeQ;
while

1 YN 1
§M1M2|Qi,17j| <1 -0 (Mz)) < F/Eé dR(F/) < §M1M2|Q,;11j‘.

—1,j

|Qi—1 ;] 2iM, ( ~ (A3>>
JLAL S L R, 1+O - ,
|.Q,'7j| M, n

which shows that the first statement of the Switching Lemma holds.

So,

Now consider the second operation on configurations, described as a “dou-
ble edge removal switch”(“d-switch”), Figure 10.6. Here we have eight points
X1,X2,...,xg from six different cells, where x, and x3 are in the same cell, as
are xg and x7. Take pairs {x1,xs}, {x2, %6}, {x3,%7}, {x4,x3} where {x2,x¢} and
{x3,x7} are double pairs (edges). The d-switch operation replaces these pairs
by a set of new pairs: {x1,x2}, {x3,x4}, {xs5,%6}, {x7,x3} and, in this operation,
none of the pairs created or destroyed is allowed to be a part of a multiple pair,
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except the double pair {x,,x¢} and {x3,x7}. Note also that those four new pairs
(edges) form two 2-paths. In general a d-switch operation takes a member F' of
Qo j to a member F’ of Q ;1 unless it creates new loops or double edges. In
particular, it takes a member of Qg ; to a member of Qg ;1 (see Figure 10.7).
We estimate the number of choices 17 during a double edge removal switch of

Q,; Qo1

double
edge removal switch

degree ®
dL(F) degree ®
dF) o

[

Figure 10.7 Moving between Qg ; and ¢ ;_;

F € Q ;. For a forward switching operation
JM}—0(jMA?) < < jMF, (10.8)
while, for the reverse procedure,
M3/4—O(MyA®) < < M3 /4. (10.9)

Proof of (10.8):

To see why the above bounds hold, note that in the case of the forward double
edge removal switch, for each of j double edges we have M| (M; — 1) choices
of two additional edges. To get the lower bound we subtract the number of
“bad” choices as in the case of the forward operation of the 1-switch above.
We can enumerate these bad choices as follows: The factor j accounts for our
choice of double edge to destroy. So we consider a fixed double edge.

(a) {x1,xs5} or {x4,x3} are part of a double pair
There are at most 4 choices for part of a pair and after this there are
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at most M| choices for the other edge. All in all this case accounts for
O(kaM,) choices.

(b) One of the edges created, {x|,x,} etc., forms a loop.

Given x, there are at most A choices of x; that will make a loop. Given
this, there are at most M; choices for the other edge. All in all this case
accounts for O(AM;) choices.

(c) One of the edges created, {x;,x,} etc., forms part of a double edge.
Given x, there are at most A2 choices of x; that will make a double edge.
Indeed we choose x’2 in the same cell as x» and then x; in the same cell as
the point x/ that is paired with x}. Given this, there are at most M; choices
for the other edge. All in all this case accounts for at most O(A*M;)
choices.

Proof of (10.9):

In the reverse procedure, we choose a pair {x2,x3} in M>/2 ways and a pair
{x6,x7} also in My /2 ways, to arrive at the upper bound. For the lower bound,
as in the reverse l-switch, there are several things which can go wrong and not
allow the move from £ ;1 to Qg ;.

() {x2,x3} or {x¢,x7} are part of a double edge.
There are 2k, choices for {x,,x3} as part of a double edge and then there
are at most M /2 choices for the other edge. All in all this case accounts
for O(kyM) choices.

(b) {x1,x5} or {x4,x3} form loops
Our choice of the pair {xz,x3}, in M, ways, determines x; and x4. Then
there are at most A choices for x5 in the same cell as x;. Choosing x;
determines xg and now there are only at most A choices left for x7. All in
all this case accounts for at most O(A%M,) choices.

(c) {x1,x5} or {x4,x3} are part of a double edge.
Given our choice of the pair {xp,x3} there are at most A’ choices for xs
that make {x;,xs} part of a double edge. Namely, choose x/ in the same
cell as x; and then x5 in the same cell as the partner x5 of x|. Finally, there
will be at most A choices for x7. All in all this case accounts for at most
O(A3My) choices.

Hence the lower bound for the reverse procedure holds. Now for F' € € ; let
dy(F) denote the number of F’ € ©q ;j_; that can be obtained from F by a d-
switch. Similarly, for F' € Qq j_ let dg(F') denote the number of F € Q ;
that can be transformed into F’ by a d-switch. Then,

Y d(F)= ), dr(F').

FEQOJ‘ F/GQO,_/—I
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But
JMF|Q0,j|(1-0(8% /M) < Y di(F) < jM7|Q0,j1,
FeQ
while
l1‘/1§|Qo.,j—1| (1 —0(A3>) < Y dk(F)< 11"1§\Qo,j—1|~
4 M, Pty 4
So

Q0,1 M3 n))

10.2 Connectivity of Regular Graphs

For an excellent survey of results on random regular graphs, see Wormald
[729].

Bollobds [122] used the configuration model to prove the following: Let G,,
denote a random r-regular graph with vertex set [n] and r > 3 constant.

Theorem 10.8 G, , is r-connected, w.h.p.

Since an r-regular, r-connected graph, with n even, has a perfect matching,
the above theorem immediately implies the following Corollary.

Corollary 10.9 Let G, be a random r-regular graph, r > 3 constant, with
vertex set [n] even. Then w.h.p. G, , has a perfect matching.

Proof (of Theorem 10.8)

Partition the vertex set V = [n] of G, , into three parts, K,L and V \ (KUL),
such that L = N(K), i.e., such that L separates K from V \ (KUL) and |L| =
I <r—1. We will show that w.h.p. there are no such K, L for k ranging from
2 to n/2. We will use the configuration model and the relationship stated in
Theorem 10.3. We will divide the whole range of k into three parts.

() 2<k<3.

Put S:= KUL, s = |S| =k+1 < r+2. The set S contains at least 2r — 1
edges (k= 2) or at least 3r — 3 edges (k = 3). In both cases this is at least s+ 1
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edges.

P(3S,s =|S| <r+2: Scontains s+ | edges)

& n rs rs\ s+1
§s§4’t<3) <S+1> (rn) (10.10)

r+2
< Z nszrsss—‘rln—s—l
s=4

=o(1).

Explanation for (10.10): Having chosen a set of s vertices, spanning rs points
R, we choose s+ 1 of these points 7. 7> bounds the probability that one of
these points in 7" is paired with something in a cell associated with S. This
bound holds conditional on other points of R being so paired.

(i) 4<k< ne 19,
The number of edges incident with the set K, |K| =k, is at least (rk+1)/2.

Indeed let a be the number of edges contained in K and b be the number of
K : L edges. Then 2a+b = rk and b > [. This gives a+b > (rk+1)/2. So,

e B0 () (52) "

el et € k)2
<Y Zn—(é— Jk+3 7 2k (k 4 1)/
k=4 1=0
Now
12 k/2
("”) < k2 and ("”) <2
and so

(k+l)(rk+l)/2 < ll/zkrk/26(1r+k)/2.

Therefore, with C, a constant,

P(3K,L) < C, (B0, 3K/2 ork 1 (r=2)k/2

r r k
—-C (nf(rl)ﬂik 32 or krl)
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(iii) ne ' <k<n/2
Assume that there are rl — a edges between sets L and V \ (K UL). Denote

also
' m
o(2m) = FWL o1 (2’")
e

m! 2m

Then, remembering that r,/,a = O(1) we can estimate that

P(3K, L)

klao( () Pt = o

e ¥ (%) ()~

k,la

(rk+ rl— a)rk+rl—a(r(n —k— l) +a)r(n—k—l)+a

(rn)rn
ne ne r rk+rl—a r(n— r(n—k—I)+a
o () () et
k l k rk k r(n—k)
crp () () (4) (-4

IN

r—1 k

c" <k> el—r/2 nr/k
ka \ \"
=o(1).
Explanation of (10.11): Having chosen K,L we choose a points in Wk =
Uiekur Wi that will be paired outside Wk .. This leaves rk + rl — a points in
Wkur to be paired up in (p(rk + rl —a) ways and then the remaining points can

be paired up in ¢(r(n —k—1) 4+ a) ways. We then multiply by the probability
1/ (rn) of the final pairing. O

10.3 G, , versus G,

The configuration model is most useful when the maximum degree is bounded.
When r is large, one can learn a lot about random r-regular graphs from the
following theorem of Kim and Vu [483]. They proved that if logn < r <

n'/3 /(logn)? then there is a joint distribution Gy, G = G, ,, G such that w.h.p.

(i) Go C G, (ii) the maximum degree A(G; \ G) < % where ¢@(r) is
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any function satisfying (rlogn)'/? < @(r) < r. Here G; = G, p,,,i = 0, 1 where
po=(1—o(1))f and p; = (1 +o(1))~. In this way we can deduce properties
of Gy, from G, ,,,. For example, Gy is Hamiltonian w.h.p. implies that G, , is
Hamiltonian w.h.p. Recently, Dudek, Frieze, Rucinski and Silekis [256] have
increased the range of » for which (i) holds. The cited paper deals with random
hypergraphs and here we describe the simpler case of random graphs.

Theorem 10.10 There is a positive constant C such that if

| 13
C(r+ Og"> <y=yn) <1,

n r

and m = | (1 — y)nr/2|, then there is a joint distribution of G(n,m) and Gy,
such that

P(Gym C Gy r) = 1L

Corollary 10.11 Let 2 be an increasing property of graphs such that G, ,
satisfies 2 w.h.p. for some m = m(n), nlogn < m < n’. Then G, , satisfies 2
wh.p. for r =r(n) ~ 2.

Our approach to proving Theorem 10.10 is to represent Gy, ,, and G, - as the
outcomes of two graph processes which behave similarly enough to permit a
good coupling. For this let M = nr/2 and define

GM:(Slv“'aSM)

to be an ordered random uniform graph on the vertex set [n], that is, Gnm with
a random uniform ordering of edges. Similarly, let

Gr=(M,.... M)

be an ordered random r-regular graph on [n], that is, G, , with a random
uniform ordering of edges. Further, write Gy (¢) = (€1,...,&) and G,(t) =

(M- M)s 1 =0,..., M.
For every ordered graph G of size ¢ and every edge e € K, \ G we have

1
(3)
This is not true if we replace Gy by G,, except for the very first step t = 0.

However, it turns out that for most of time the conditional distribution of the
next edge in the process G, (¢) is approximately uniform, which is made precise

Pr(g41 =e|Gu(t) =G) =
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in the lemma below. For 0 < € < 1, and t =0, ..., M consider the inequalities
1—¢

(5) -1

Pr(n1 =e| G, (1)) > for every e € K, \ G,(1), (10.12)

and define a stopping time

T; = max {u: V¢ <u condition (10.12) holds }.

Lemma 10.12  There is a positive constant C' such that if

, logn /3
Cl-—+—— <e=¢gn)<l, (10.13)

n r
then
T. >(1—e)M wh.p.

From Lemma 10.12, which is proved in Section 10.3, we deduce Theorem
10.10 using a coupling.

Proof of Theorem 10.10  Let C = 3C’, where C’ is the constant from Lemma
10.12. Let € = /3. The distribution of G, is uniquely determined by the con-
ditional probabilities

Pr1(elG) :==Pr(ns1 =e|G, (1) =G), t=0,...M—1.  (10.14)

Our aim is to couple Gy and G, up to the time T¢. For this we will define a
graph process G.. := (n/),t = 1,...,M such that the conditional distribution of
(n/) coincides with that of (1,) and w.h.p. (1)) shares many edges with Gy,.

Suppose that G, = G.(t) and Gy = Gy (t) have been exposed and for every
e ¢ G, the inequality

1—
P (e|Gy) > O i (10.15)
2

holds (we have such a situation, in particular, if r < T;). Generate a Bernoulli
(1 — &) random variable &1 independently of everything that has been re-
vealed so far; expose the edge & 1. Moreover, generate a random edge {1 €
K, \ G, according to the distribution
pr+1(e|Gy) — ﬁ

P(§i11 = €|G(t) = G, Gu(t) = Gu) = c r— >0,
where the inequality holds because of the assumption (10.15). Observe also
that

Y. P(Gi1 = elGLr) = Gr,Gur(1) = Gu) = 1,
eZG,
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so {41 has a well-defined distribution. Finally, fix a bijection fg, g, : G, \
Gy — Gy \ G, between the sets of edges and define

€41, if &1 =1,641 ¢ G,
N1 =19 f6,6y(&+1), if&+1=1,641€G,,
Gitts if 41 =0.
Note that
Gri=1 = & €GL(t+]). (10.16)

We keep generating &’s even after the stopping time has passed, that is, for # >
Te, whereas 1/ | is then sampled according to probabilities (10.14), without
coupling. Note that & ’s are i.i.d. and independent of Gj;. We check that

P(nisy = €| G (1) = G, Gu(r) = Gu)
=P(err1 =e)P(&1 = 1) +P(Gr1 =€) P(&11 =0)

Gr _}1_78
_ 178+ Pt+l(e| ) (2)_t
(5) -t €
:pt+1(e|Gr)

for all admissible G, Gy, i.e., such that P (G,(t) = G, Gy (t) = Gpyr) > 0, and
for all e & G,.
Further, define a set of edges which are potentially shared by Gy and G,

SIZ{Sl'Zgi:l,lSiS(l—S)M}.

Note that

[(1—e)M]
Sl= Y &
i=1

is distributed as Bin(| (1 —&)M],1 —¢).

Since () and (g) are independent, conditioning on |S| > m, the first m
edges in the set S comprise a graph which is distributed as G,, ,,. Moreover, if
T: > (1 — €)M, then by (10.16) we have S C G, therefore

P(Gppm C Gpy) = P(IS| > m, Te > (1— €)M).

We have E|S| > (1 —2¢)M. Recall that € = /3 and therefore m = (1 —
Y)M| = | (1 —3€e)M]|. Applying the Chernoff bounds and our assumption on
€, we get

P(IS| < m) < e 'm = o(1).
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Finally, by Lemma 10.12 we have T; > (1 — €)M w.h.p., which completes the
proof of the theorem. O

Proof of Lemma 10.12

In all proofs of this section we will assume the condition (10.13). To prove
Lemma 10.12 we will start with a fact which allows one to control the degrees
of the evolving graph G, (r).

Foravertex v € [n] andt =0,...,M, let

deg,(v) = [{i <t:ven.

Lemma 10.13 Let T = 1 —t/M. We have that w.h.p.
Vi< (1—e)M, Weln], |deg(v)—tr/M|<6y/trlogn.  (10.17)
In particular w.h.p.
Vi<(l—e)M, WYvein], deg(v)<(1—¢g/2)r (10.18)

Proof Observe that if we fix an r-regular graph H and condition G, to be a
permutation of the edges of H, then X := deg,(v) is a hypergeometric random
variable with expected value rr/M = (1 — t)r. Using the result of Section 21.5
and Theorem 21.10, and checking that the variance of X is at most 7r, we get

2
P(|X —tr/M| > x) §2exp{—2(w+x/3)}.

Let x = 61/Trlogn. From (10.13), assuming C’ > 1, we get

izé,lbﬁ§61/bﬂ§68)
Tr Tr er

and so x < 67r. Using this, we obtain

1 367rl
2IP’(X—tr/M>x)<exp{— triogn }:n_6.

2(tr+2tr)

Inequality (10.17) now follows by taking a union bound over nM < n? choices
of t and v.

To get (10.18), it is enough to prove the inequality for # = (1 —&)M. Inequal-
ity (10.17) implies

deg(j_gu(v) < (1 —&)r+6+/erlogn.
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Thus it suffices to show that

6+/erlogn < er/2,

or, equivalently, € > 144logn/r, which is implied by (10.13) with C’ > 144.
O
Given an ordered graph G = (ey,...,e/), we say that an ordered r-regular
graph H is an extension of G if the first r edges of H are equal to G. Let
Y (n, r) be the family of extensions of G and Gg = G¢(n, r) be a graph chosen
uniformly at random from ¥ (n,r).
Further, for a graph H € 9 (n,r) and u,v € [n] let

degyg(u,v) = [{w € [n] : {u,w} e H\ G,{v,w} € H}|.

Note that dengG(u,v) is not in general symmetric in u and v, but for G = 0
coincides with the usual co-degree in a graph H.
The next fact is used in the proof of Lemma 10.15 only.

Lemma 10.14 Let graph G witht < (1 — €)M edges be such that 9g(n,r) is
nonempty. For each e ¢ G we have
PlecGg) < (10.19)
e —. .
“)=en
Moreover, if | > Iy := 4r>/(en), then for every u,v € [n] we have

P (deggjq(uv) > 1) <2707, (10.20)

Proof To prove (10.19) define the families
Ye ={HeYs(n,r):ecH} and 9, ={H €Ys(n,r):e¢H'}.

Let us define an auxiliary bipartite graph B between %.c and &,¢ in which
H € 9,¢ is connected to H' € 9,4 whenever H " can be obtained from H by the
following switching operation. Fix an ordered edge {w,x} in H \ G which is
disjoint from e = {u,v} and such that there are no edges between {u,v} and
{w,x} and replace the edges {u,v} and {w,x} by {u,w} and {v,x} to obtain
H'. Writing f(H) for the number of graphs H' € &, which can be obtained
from H by a switching, and 5(H') for the number of graphs H € ¥, such that
H' can be obtained H by a switching, we get that

[Gee|min f(H) < |E(B)| < |Fz | maxb(H'). (10.21)
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M/ W/ M/ W/
u u

w w
v v

Figure 10.8 Switching between ¢ () and ¢ (I — 1): Before and after.

We have b(H') < deg;y (u)degy(v) < r*. On the other hand, recalling that
t < (1—¢&)M, forevery H € 4, we get

212 eM
HY>M—t—-2r>eM|[1-"- ) >
) = b1 -2z e (1220 ) = 5L,

because, assuming C' > 8, we have
2,7 4r /N3 4
< (B)T=5<
eM — C'n \r c’
Therefore (10.21) implies that

N =

Goe| 217 4r
P Ge) < < - __
(e€Gg) < Dozl — eM  en’

which concludes the proof of (10.19).
To prove (10.20), fix u,v € [n] and define the families

g(l)z{HG%g(n,r):degH‘G(u,v)zl}, [=0,1,....

We compare sizes of (1) and (I — 1) in a similar way as above. For this we
define the following switching which maps a graph H € ¢(I) to a graph H' €
@(1—1). Select a vertex w contributing to degy . that is, such that {u,w} €
H\ G and {v,w} € H, pick an ordered pair «',w’" € [n] \ {u,v,w} such that
{«/,w'} € H\ G and there are no edges of H between {u,v,w} and {u',w'};
replace edges {u,w} and {¢/,w'} by {u,u’} and {w,w'} (see Figure 10.8).
The number of ways to apply a forward switching to H is
2 3r?
F(H) > 20(M —1 —37%) > 2leM (1 - €M> > IeM,

since, assuming C’ > 12 we have

3r2 6r 6 /r\2/3 1
w6 Syl
eM en— C' \n 2
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and the number of ways to apply a backward switching is b(H) < r3. So,

< (1) < maxpey(-1)b(H) < 27r2 < 1
|9(1—1)] = mingegq f(H) ~ eln =2’

by the assumption [ > Iy := 41 /(en). Then

(degG \G(” v) > l) < Z I%(n r Z |g lO

i>l i>l
i
— < 2 l lo 1 10)
z>1111;[+1 |g(1_1 | g?
which completes the proof of (10.20). O

For the last lemma, which will be directly used in Lemma 10.12, we need to
provide a few more definitions regarding random r-regular multigraphs.

Let G be an ordered graph with # edges. Let Mg(n,r) be a random multi-
graph extension of G to an ordered r-regular multigraph. Namely, Mg(n,r)
is a sequence of M edges (some of which may be loops), the first # of which
comprise G, while the remaining ones are generated by taking a uniform ran-
dom permutation IT of the multiset {1,...,1,...,n,...,n} with multiplicities
r—degqs(v), v € [n], and splitting it into consecutive pairs.

Recall that the number of such permutations is

(2(M —1))!
[iepy (r— degg(v))!

and note that if a multigraph extension H of G has [/ loops, then

NG =

P(Mg(n,r) =H) =2M""1/Ng. (10.22)

Thus, M¢(n, r) is not uniformly distributed over all multigraph extensions of
G, but it is uniform over 9 (n, r). Thus, M (n, r), conditioned on being simple,
has the same distribution as G¢(n, r). Further, for every edge e ¢ G, let us write

M, =Mgue(n,r) and 94, = Ysue(n,r). (10.23)

The next claim shows that the probabilities of simplicity P (M, € ¥,) are
asymptotically the same for all e € G.

Lemma 10.15 Let G be graph with t < (1 — €)M edges such that 9g(n,r) is
nonempty. If Ag < (1 —€/2)r, then for every €' ,¢" ¢ G we have

P (M, € 9,n) > 1 €

PMy e¥,) — 2’
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Proof Set
M=My, M'=M,, 9=%,, and 94" =%u, (10.24)

for convenience. We start by constructing a coupling of M’ and M” in which
they differ in at most three positions (counting in the replacement of ¢’ by e”
at the (¢ + 1)st position).

Lete' = {u',v'} and &’ = {u”,V"}. Suppose first that ¢’ and ¢” are disjoint.
Let IT be the permutation underlying the multigraph M. Let IT* be obtained
from IT by replacing a uniform random copy of «” by u’ and a uniform random
copy of v/ by V. If ¢ and " share a vertex, then assume, without loss of
generality, that v/ = V", and define IT* by replacing only a random «” in IT' by
u'. Then define M* by splitting IT* into consecutive pairs and appending them
to GUée".

It is easy to see that IT* is uniform over permutations of the multiset {1, ...,
1,...,n,...,n} with multiplicities d —degg .~ (v),v € [n], and therefore M* has
the same distribution as M". Thus, we will further identify M* and M".

Observe that if we condition M’ on being a simple graph H, then M* = M"
can be equivalently obtained by choosing an edge incident to u” in H \ (GU
¢') uniformly at random, say, {«”,w}, and replacing it by {«’,w}, and then
repeating this operation for v’ and v'. The crucial idea is that such a switching
of edges is unlikely to create loops or multiple edges.

It is, however, possible, that for certain H this is not true. For example, if
¢’ € H\ (GU¢), then the random choice of two edges described above is
unlikely to destroy this ¢”, but ¢’ in the non-random part will be replaced by
", thus creating a double edge ¢”. Moreover, if almost every neighbor of #” in
H\ (GU¢') is also a neighbor of «, then most likely the replacement of u” by
u’ will create a double edge. To avoid such instances, we want to assume that

() "¢ H
(i) max (degH‘GUe/(u’,u"),degH‘GUe/(v',v”)) <ly+log,n,

where Iy = 4r%/en is as in Lemma 10.14. Define the following subfamily of
simple extensions of GU¢':

g = {H € 9’ : H satisfies (i) and (ii)}‘

nice

Since M/, conditioned on M € ¢/, is distributed as G,/ (n,r), by Lemma
10.14 and the assumption (10.13) with C’' > 20,

Pr (M/ ¢ gr:icc ‘M/ € g/) =P (GGUe’(na r) 9—1 gn/ice)

4
< oxotemn < £ (105
en 4
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We have

Pr(M" € 9" |M' € %) Pr (M € Zj M €9) =

PM"e¥9" M €9 ..) ' PM €9 ..M €9 <
P(M' e 9! .) P(M € ¥9") -
P(M" e9")
——————=. (10.26
P(M €9’ ( )
To complete the proof of the claim, it suffices to show that
Pr(M’ € 9" |M € %) >1— ;, (10.27)

since plugging (10.25) and (10.27) into (10.26) will complete the proof of the
statement.

To prove (10.27), fix H € ¢, .. and condition on M’ = H. A loop can only be
created in M when u” is incident to «’ in H \ (GU¢') and the randomly chosen
edge is {u/,u"}, or, provided v/ # v, when v" is incident to v/ in H \ (GU¢')
and we randomly choose {v/,v"}. Therefore, recalling that Ag < (1 —¢€/2)r,
we get

1 1
Pr (M” has a loop | M’ = H) < +
( ) degsp (guey (") degpy (Guen (V")
4 ¢
< —<- 10.28
<5 Sz ¢ )

where the second term is present only if ¢’ Ne” = @, and the last inequality is
implied by (10.13).

A multiple edge can be created in three ways: (i) by choosing, among the
edges incident to «”, an edge {u”,w} € H\ (GU¢') such that {«/,w} € H;
(i) similarly for v/ (if v/ # v"); (iii) choosing both edges {«”,v'} and {V", '}
(provided they exist in H \ (GU¢")). Therefore, by (ii) and assumption Ag <
(1—¢€/2)r,

Pr (M” has a multiple edge |M' = H)
degygue (", 1) degygue (V',V')

~ degpy (6ue) (u”) deg;\ (Gue) ")
1

+
degzp (gue) () degp (guen (V')




206 Fixed Degree Sequence
because (10.13) implies € > C'(r/n)"/? and
g > C'(logn/r)'3 > C'(logn/r)'/?

and we can choose arbitrarily large C'. (Again, in case when |¢/ Ne”| = 1, the
R-H-S of (10.29) reduces to only the first summand.)
Combining (10.28) and (10.29), we have shown (10.27). O]

Proof of Lemma 10.12  In view of Lemma 10.13 it suffices to show that

I-¢
Pr(ni41 =¢|G.(1) =G) > — , e¢G.
(3) -1
for every t < (1 — €)M and G such that
F(T+8) > r—degg(v) > r(t—8) > % ve ], (10.30)

where
T=1—1t/M, 6 =6+/tlogn/r.
For every ¢',¢” ¢ G we have (recall the definitions (10.23) and (10.24))

Pr(ft = ¢ |G/() = G) _ [Yguer (n,1)] _ |9
Pr(ni11 =€ |G, (t) = G) |G6ue (n,7)] 19| '

By (10.22) we have

(10.31)

, N |g/‘2Mit _ |g/‘2M_tHve[n] (r_degGUe/(v))!
PMed) = = M —0)! |

and similarly for the family ¢”. This yields, after a few cancellations, that
‘g//‘ _ HVEe”\e’ (r_degG(v)) ] P(M// S g//)
|g/| HVEe’\e” (r—degG(V)) ]P?'(M/ c g/)
By (10.30), the ratio of products in (10.32) is at least

2 2
_ 2 I I
ToON T (1220 sy e floBn L gy floen €
T+0 T Tr er 2

where the last inequality holds by the assumption (10.13). Since by
Lemma 10.15 the ratio of probabilities in (10.32) is
P(M" e¥") €

il S A S
PMe9) = 2

(10.32)

we have obtained that
Pr(+1 = €' | G.(t) = G)

>1—¢.
Pr(nis1 =€ |G, (1) = G) ~
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Finally, noting that

rerllg();(Pr (M1 =€ |G, (1) =G)

is at least as large as the average over all ¢ ¢ G, which is ﬁ, we conclude
-

that for every e ¢ G

Pr(ni1 =¢|G,(1) = G) > (1 —&)maxPr (N4 = €| G.(t) = G)

e¢G
1—¢

() -t

>

which finishes the proof. O

10.4.1

10.4.2

10.4.3

10.4.4

10.4 Exercises

Suppose that max{d;,i =1,2,...,n} = O(1). Show that G, 4 has a
component of size Q(n) w.h.p. if and only if (see Molloy and Reed
(583])

di(di —2) = Q(n).

-

Let H be a subgraph of G, ,,r > 3 obtained by independently including
each vertex with probability Lif, where € > 0 is small and positive.
Show that w.h.p. H contains a component of size Q(n).
Let X = (x1,X2,...,X2,) be chosen uniformly at random from [n]>".
Let Gy be the multigraph with vertex set [n] and edges (x;—1,X2;),i =
1,2,...,m. Let dy(i) be the number of times that i appears in x.

Show that conditional on dx (i) = d;,i € [n], Gx has the same distri-
bution as the multigraph y(F) of Section 10.1.
Suppose that we condition on dy(i) > k for some non-negative integer
k. Forr >0, let

. k=1
fix)=e"—1—x—---— =0
Let Z be a random variable taking values in {k,k+1,...,} such that
Ale™*
P(Z=1i)=- fori >k,
SR TACY

where A is arbitrary and positive.
Show that the degree sequence of Gy is distributed as independent
copies Z1,2,...,Z, of Z, subjectto Z1 + 2o + - - - + Z,, = 2m.
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10.4.5 Show that

E(Z) — /lfk,](l) )

fi(A)

Show using the Local Central Limit Theorem (see e.g. Durrett [263])
that if E(Z) = 22 then

|

where 62 = E(Z?) —E(Z)? is the variance of Z.

10.4.6 Use the model of (i)—(iii) to show that if c = 1 4 € and € is sufficiently
small and @ — co then w.h.p. the 2-core of G, ,, p = ¢/n does not con-
tain a cycle C, |C| = @ in which more than 10% of the vertices are of
degree three or more.

1
oV2nn

Zj:2m—k> = (1+0((K+ 1) 'o7?))

-

10.4.7 Let G = Gy, r,r > 3 be the random r-regular configuration multigraph
of Section 10.2. Let X denote the number of Hamilton cycles in G.

Show that
| r—2\ 272 "
E(X) ~ 2n<(r_1)< . ) .

10.4.8 Show that w.h.p. G, » consists of O(logn) disjoint cycles.

10.4.9 Show that if graph G = G| U G then its rainbow connection satisfies
rc(G) < re(Gy) +re(Gy) + |E(G1) NE(G3)|. Using the contiguity of
Gy, to the union of r independent matchings, (see Chapter 19), show

that rc(G,, ) = O(log, n) for r > 6.

10.4.10 Show that w.h.p. G, 3 is not planar.

10.5 Notes

Giant Components and Cores

Molloy and Reed [583] introduced the criterion for a giant component dis-
cussed in Exercise 10.4.1. They allow the maximum degree to grow with n.
They find the likely size of the giant component. Hatami and Molloy [398]
discuss the size of the largest component in the scaling window for a random
graph with a fixed degree sequence.

Cooper [199] and Janson and Luczak [429] discuss the sizes of the cores of
random graphs with a given degree sequence.
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Hamilton cycles

Robinson and Wormald [650], [652] showed that random r-regular graphs are
Hamiltonian for 3 < r = O(1). In doing this, they introduced the important
new method of small subgraph conditioning. It is a refinement on the Cheby-
shev inequality. Somewhat later Cooper, Frieze and Reed [224] and Krivele-
vich, Sudakov, Vu Wormald [513] removed the restriction » = O(1). Frieze,
Jerrum, Molloy, Robinson and Wormald [331] gave a polynomial time algo-
rithm that w.h.p. finds a Hamilton cycle in a random regular graph. Cooper,
Frieze and Krivelevich [218] considered the existence of Hamilton cycles in
G, q for certain classes of degree sequence.

Chromatic number

Frieze and Luczak [340] proved that whp. 2(Gy,) = (1+0,(1)) 555, for
r=0(1). Here 0,(1) — 0 as r — co. Achlioptas and Moore [4] determined the
chromatic number of a random r-regular graph to within three values, w.h.p.
Kemkes, Pérez-Giménez and Wormald [480] reduced the range to two val-
ues. Shi and Wormald [684], [685] consider the chromatic number of G, for
small r. In particular they show that w.h.p. x(G,4) = 3. Frieze, Krivelevich
and Smyth [335] gave estimates for the chromatic number of G, 4 for certain
classes of degree sequence.

Eigenvalues

The largest eigenvalue of the adjacency matrix of G, , is always . Kahn and
Szemerédi [457] showed that w.h.p. the second eigenvalue is of order O(r'/?).
Friedman [317] proved that w.h.p. the second eigenvalue is at most 2(r —
1)1/ 2 4+ 0(1). Broder, Frieze, Suen and Upfal [163] considered Gp,a where
cld< d; < Cd for some constant C > 0 and d < nt/10, They show that w.h.p.
the second eigenvalue of the adjacency matrix is O(d 1/ 2).

First Order Logic

Haber and Krivelevich [391] studied the first order language on random d-
regular graphs. They show that if r = Q(n) or r = n* where « is irrational,
then G,, - obeys a 0-1 law.
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Rainbow Connection

Dudek, Frieze and Tsourakakis [257] studied the rainbow connection of ran-
dom regular graphs. They showed thatif 4 <r = O(1) then rc(G,, ) = O(logn).
This is best possible up to constants, since rc(G, ) > diam(G,, ;) = Q(logn).
Kamcev, Krivelevich and Sudakov [460] gave a simpler proof when r > 5, with
a better hidden constant.
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Intersection Graphs

Let G be a (finite, simple) graph. We say that G is an intersection graph if we
can assign to each vertex v € V(G) a set Sy, so that {v,w} € E(G) exactly when
SyN S, # 0. In this case, we say G is the intersection graph of the family of
sets & = {8, : veV(G)}.

Although all graphs are intersection graphs (see Marczewski [555]) some
classes of intersection graphs are of special interest. Depending on the choice
of family ., often reflecting some geometric configuration, one can consider,
for example, interval graphs defined as the intersection graphs of intervals on
the real line, unit disc graphs defined as the intersection graphs of unit discs on
the plane etc. In this chapter we will discuss properties of random intersection
graphs, where the family . is generated in a random manner.

11.1 Binomial Random Intersection Graphs

Binomial random intersection graphs were introduced by Karonski,
Scheinerman and Singer-Cohen in [472] as a generalisation of the classical
model of the binomial random graph G, .

Let n,m be positive integers and let 0 < p < 1. Let V = {1,2,...,n} be the
set of vertices and for every 1 < k <n, let Sy be a random subset of the set
M ={1,2,...,m} formed by selecting each element of M independently with
probability p. We define a binomial random intersection graph G(n,m, p) as
the intersection graph of sets Si, k=1,2,...n. Here $1,5,,...,S, are generated
independently. Hence two vertices i and j are adjacent in G(n,m, p) if and only
if §;NS; #£0.

There are other ways to generate binomial random intersection graphs. For
example, we may start with a classical bipartite random graph G, ,, with
vertex set bipartition

(VaM)vv = {1,2,...,)’1},M:{1,2,...,]’)1},

where each edge between V and M is drawn independently with probability p.
Next, one can generate a graph G(n,m, p) with vertex set V and vertices i and
J of G(n,m, p) connected if and only if they share a common neighbor (in M)

211
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in the random graph G, ,, ,. Here the graph G, ,, ,, is treated as a generator of
G(n,m,p).

One observes that the probability that there is an edge {i, j} in G(n,m, p)
equals 1 — (1 — p?)™, since the probability that sets S; and S ; are disjoint is
(1—p?)™, however, in contrast with G,,, , the edges do not occur independently
of each other.

Another simple observation leads to some natural restrictions on the choice
of probability p. Note that the expected number of edges of G(n,m, p) is,

R e

provided mp? — 0 as n — oo. Therefore, if we take p = o((ny/m)~") then the
expected number of edges of G(n,m,p) tends to 0 as n — o and therefore
w.h.p. G(n,m, p) is empty.

On the other hand the expected number of non-edges in G(n,m, p) is

Thus if we take p = (2logn+ a)(n))/m)l/z, where @(n) — oo as n — oo, then
the random graph G(n,m, p) is complete w.h.p. One can also easily show that
when @(n) — —eo then G(n,m, p) is w.h.p. not complete. So, when studying
the evolution of G(n,m, p) we may restrict ourselves to values of p in the range
between (n)/(n\/m) and ((2logn — o(n))/m)'/2, where @(n) — co.

Equivalence

One of the first interesting problems to be considered is the question as to
when the random graphs G(n,m,p) and G, , have asymptotically the same
properties. Intuitively, it should be the case when the edges of G(n,m, p) oc-
cur “almost independently”, i.e., when there are no vertices of degree greater
than two in M in the generator Gy, , of G(n,m,p). Then each of its edges
is induced by a vertex of degree two in M, “almost” independently of other
edges. One can show that this happens w.h.p. when p =0 (1/ (nm"/ 3))., which
in turn implies that both random graphs are asymptotically equivalent for all
graph properties &. Recall that a graph property &7 is defined as a subset of
the family of all labeled graphs on vertex set [n], i.e., & C 2(5). The follow-
ing equivalence result is due to Rybarczyk [664] and Fill, Scheinerman and
Singer-Cohen [300].
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Theorem 11.1  Let 0 < a < 1, & be any graph property, p =0 (1 /(nml/3))
and

p=1—exp(—mp*(1—p)"?). (11.1)
Then
P(Gpp e &) —a
if and only if
P(G(n,m,p) € ) —a
asn— oo,

Proof Let X and Y be random variables taking values in a common finite
(or countable) set S. Consider the probability measures .Z(X) and £ (Y) on S
whose values at A C S are P(X € A) and P(Y € A). Define the total variation
distance between . (X) and .Z(Y) as

drv(Z(X),Z(Y)) :ilégl]f”(x €A)-P(r €A,

which is equivalent to

1
drv(L(X),2(Y) = 5 ¥ |P(X =5)~B(Y =5)|.
SES
Notice (see Fact 4 of [300]) that if there exists a probability space on which ran-
dom variables X’ and Y’ are both defined, with £ (X) = £ (X') and £(Y) =
Z(Y'), then

dry(Z(X),2(Y)) <P(X'#Y'). (11.2)

Furthermore (see Fact 3 in [300]) if there exist random variables Z and Z’ such
that £ (X|Z =z) = ZL(Y|Z' =z), for all z, then

dry(ZL(X),Z(Y)) <2dry(L(2),L(Z)). (11.3)

We will need one more observation. Suppose that a random variable X has dis-
tribution the Bin(n, p), while a random variable Y has the Poisson distribution,
and EX =[EY. Then

dry(X,Y) = 0(p). (11.4)

We leave the proofs of (11.2), (11.3) and (11.4) as exercises.
To prove Theorem 11.1 we also need some auxiliary results on a special coupon
collector scheme.

Let Z be a non-negative integer valued random variable, r a non-negative
integer and y areal, such that y < 1. Assume we have r coupons Q1,0»,...,Q;
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and one blank coupon B. We make Z independent draws (with replacement),
such that in each draw,

P(Q; ischosen) =7, fori=1,2,...,r,
and
P(B is chosen) =1 —ry.

Let N;(Z), i = 1,2,...,r be a random variable counting the number of times
that coupon Q; was chosen. Furthermore, let

_ [ 1 ifN(Z) > 1,
X(2)= { 0 otherwise.

The number of different coupons selected is given by
X(z) =Y Xi(2). (11.5)

With the above definitions we observe that the following holds.

Lemma 11.2  If a random variable Z has the Poisson distribution with ex-
pectation A then N;(Z), i =1,2,...,r, are independent and identically Poisson
distributed random variables, with expectation ALy. Moreover the random vari-
able X (Z) has the distribution Bin(r,1 — e 7).

Let us consider the following special case of the scheme defined above,
assuming that = (5) and ¥ = 1/(}). Here each coupon represents a distinct
edge of K,,.

Lemma 11.3  Suppose p = o(1/n) and let a random variable Z be the
Bin (m, (3) P?(1— p)”’z) distributed, while a random variable Y be the

Bin ((g)7 1-— e‘mp2(1_P>'172> distributed. Then
drv (Z(X(Z)),Z(Y)) = o(1).

Proof Let Z' be a Poisson random variable with the same expectation as Z,
i.e.,

n e
EZ = m(2>p2(1 —p) 2

By Lemma 11.2, X(Z') has the binomial distribution

Bin( (1 ),1—e P 0-p)"?
2 ) )
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and so, by (11.3) and (11.4), we have

dry(Z(Y),Z(X(2)))
=dry(Z(X(2)),2(X(2))) < 2drv(Z(Z),2(2))

<o((5)ru-rr2) 0@ =o).

O
Now define a random intersection graph G, (n,m, p) as follows. Its vertex set
isV={1,2,...,n}, while e = {i, j} is an edge in G (n,m, p) iff in a (generator)
bipartite random graph G, , there is a vertex w € M of degree two such that
both i and j are connected by an edge with w.
To complete the proof of our theorem, notice that,

dTV(g(G(n7m7p))ﬂg(Gn7ﬁ)) S
dTV(X(G(nym7p))7$(G2(n7m7p))) +dTV($(GZ(namap))7$(Gﬂ15))
where p is defined in (11.1). Now, by (11.2)
dTV(.,i”(G(n,m,p)),f(Gg(n,m,p)))
<P(Z(G(n,m,p)) # ZL(Gz(n,m,p)))
<P(Ew e M of Gy, p s.t. deg(w) >2) < m(Z) pP=o(1),
for p = o(1/(nm'/3).
Hence it remains to show that
dry(Z(Ga(n,m,p)), L (Gyp)) = o(1). (11.6)

Let Z be distributed as Bin (m, (;) p*(1— p)"~2), X(Z) is defined as in (11.5)
and let Y be distributed as Bin ((;), 1— e_’"p2<1_”)"72). Then the number of
edges |E(Ga(n,m,p))| = X(Z) and |E(G,p))| =Y. Moreover for any two

graphs G and G’ with the same number of edges
P(Ga(n,m, p) = G) = P(Ga(n,m, p) = G')
and
P(Gnp=G) =P(Gup=G).

Equation (11.6) now follows from Lemma 11.3. The theorem follows immedi-
ately. O
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For monotone properties (see Chapter 1) the relationship between the clas-
sical binomial random graph and the respective intersection graph is more pre-
cise and was established by Rybarczyk [664].

Theorem 11.4 Let0<a <1, m=n% a >3, Let & be any monotone graph
property. For o0 > 3, assume

Q(1/(nm'?)) = p = 0(\/logn/m)
while for & = 3 assume (1/(nm'/3)) = o(p). Let
p=1—exp(—mp*(1—p)"?).
Ifforalle =e(n) — 0
P(Gp(11e)p € P) — a,

then
P(G(n,m,p) € &) —a

as n — oo,

Small subgraphs

Let H be any fixed graph. A clique cover %€ is a collection of subsets of vertex
set V(H) such that, each induces a complete subgraph (clique) of H, and for
every edge {u,v} € E(H), there exists C € €, such that u,v € C. Hence, the
cliques induced by sets from % exactly cover the edges of H. A clique cover is
allowed to have more than one copy of a given set. We say that € is reducible
if for some C € €, the edges of H induced by C are contained in the union of
the edges induced by €\ C, otherwise ¥ is irreducible. Note that if C € € and
% is irreducible, then |C| > 2.

In this section, |%’| stands for the number of cliques in €, while . % denotes
the sum of clique sizes in %, and we put Y, 4 =0if ¢ = 0.

Let € = {C1,Cs,...,Ci} be a clique cover of H. For § C V(H) define the
following two restricted clique covers

618 :={GnS:|cNS|>1, i=1,2,...,k},

where t = 1,2. For a given S and t = 1,2, let

&= o (H,€.5) = (n\S\/)Z%’)[S]mI%[SH/Z%E[S])_1 .
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Finally, let

T(H) =min max {7,T
() = min max (5,0},
where the minimum is taken over all clique covers € of H. We can in this cal-
culation restrict our attention to irreducible covers.

Karoriski, Scheinerman and Singer-Cohen [472] proved the following theo-

rem.

Theorem 11.5 Let H be a fixed graph and mp* — 0. Then

0 i T(H) —0
lim P(H C G(n,m, p)) = 4 ° I P/7EH)
e L if p/o(H) o,

As an illustration, we will use this theorem to show the threshold for com-
plete graphs in G(n,m, p), when m = n®, for different ranges of @ > 0.

Corollary 11.6  For a complete graph Kj, with h > 3 vertices and m = n%, we
have

K — ntm 1/ Jor a <2h/(h—1)
oK) = nVO=Dm=12" for o >2n/(h—1).

Proof There are many possibilities for clique covers to generate a copy of a
complete graph K}, in G(n,m, p). However in the case of Kj, only two play a
dominating role. Indeed, we will show that for o < &y, ot = 2h/(h— 1) the
clique cover ¢’ = {V(Kj,)} composed of one set containing all & vertices of K},
only matters, while for o > o the clique cover ¢ = (’;h) consisting of (121)
pairs of endpoints of the edges of K}, takes the leading role.

Let V =V (K}) and denote those two clique covers by {V } and {E}, respec-
tively. Observe that for the cover {V'} the following equality holds.

rSnga&{‘c] (Kh,{V},S),TQ(Kh,{V},S)} =T (Kh,{V},V). (11.7)

To see this, check first that for |S| = A,
7 (Ki, {V},V) = 1Ky, {V},V) =t~ V0,

For S of size |S| =s, 2 < s < h— 1 restricting the clique cover {V} to S, gives
a single s-clique, so fort = 1,2

(K {VHS) =ntm Vs < i V0,
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Finally, when [S| = 1, then 7| = (nm)~!, while 7, = 0, both smaller than
n~'m~1/" and so equation (11.7) follows.
For the edge-clique cover {E} we have a similar expression, viz.

I’SIICa&({Tl (Kh, {E},S), ‘L'Q(Kh, {E},S)} =T (Kh, {E},V) (11.8)
To see this, check first that for |S| = A,
71 (K, {E}, V) =n /0= Dpy=1/2,

Let S C V, with s = |S| < h— 1, and consider restricted clique covers with
cliques of size at most two, and exactly two.

For 71, the clique cover restricted to S is the edge-clique cover of Kj, plus a
1-clique for each of the & — s external edges for each vertex of K, so

TI(K;”{E},S)

_ (nx/[s(sf1)+s(hfs)]m[s(s71)/2+s(hfs)]/[s(s7l)+s(h7s)]) -1

_ (nl/<hf1>m[hf<s+1>/z]/<h71>)"

< (n1/<h71>mh/<2<h71>>)’1

< (n1/<h71)m1/2)*1’

while for 7, we have

7 (Kp,{E},S) = (n]/(sfl)ml/Z)_1 < (nl/(hfl)ml/z)_17

thus verifying equation (11.8).
Let € be any irreducible clique cover of Kj (hence each clique has size at
least two). We will show that for any fixed o

N RAE {rl(Kh,{V},V) for o <2h/(h—1)
7 (Kn, {E},V) for a>2h/(h—1).
Thus,

71 (K, €,V) > min {1 (Ky,{V},V), 71 (Kp, {E},V)}. (11.9)
Because m = n% we see that

T1 (Kha(g7 V) = n7X%)(a)7

h 4 o
w0 = St o (o) =1+ % (o) =

ARG *

l\).\ Q

b
h—1
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(To simplify notation, below we have replaced x{y),x(g) by xv,xg, respec-
tively). Notice, that for og = 2h/(h— 1) exponents

xy(a) = xg(op) =1+ %
Moreover, for all values of @ < o the function xy (@) > xg(c), while for
o > o the function xy (@) < xg(a).

Now, observe that x4 (0) = ZL‘W < 1 since each vertex is in at least one clique
of €. Hence x4 (0) < xy(0) = 1. We will show also that x¢ (o) < xy () for
o > 0. To see this we need to bound |€|/ Y. %

Suppose that u € V(K},) appears in the fewest number of cliques of %, and
let r be the number of cliques C; € € to which u belongs. Then

Yo=Y G+ Y IGI>((h=1)+r)+2(¢] 1),
i:C;i2u i:CiFu

where h — 1 counts all other vertices aside from u since they must appear in
some clique with u.
For any v € V(K},) we have

YC+{i:Ciavl—(h—1)>) €+r—(h—1)
>h—1)+r+2(|€|—r)+r—(h—1)
=2|%|.

Summing the above inequality over all v € V(K}),
hY € +Y € —h(h—1)>2h%|,
and dividing both sides by 2h). %, we finally get
|| < h+1 h-—1

Y& = 2n  2Y€

Now, using the above bound,

o= g+ 2 (2)

Y Yo \h—1
h <h+1 h—l)(Zh)
< o=+ —
= Y€ 2n 2y %) \h—1
2
=1+
:xV(OtQ).

Now, since x¢ (@) < xy () at both o« = 0 and o = 0, and both functions are
linear, x4 (&) < xy(a) throughout the interval (0, ap).
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Since xg (o) = xy (o) we also have x¢ (o) < xg (). The slope of x4 ()
is ;LJ”» and by the assumption that % consists of cliques of size at least 2,
this is at most 1/2. But the slope of xg(a) is exactly 1/2. Thus for all @ >
0, xz(a) < xg(a). Hence the bounds given by formula (11.9) hold.

One can show (see [662]) that for any irreducible clique-cover % that is not
{V} nor {E},
mSax{‘L'l(Kh,‘K,S), T (Kp,€,S)} > 11 (Kp, €, V).

Hence, by (11.9),
msax{rl (Kn,%,S), (K, %,S)} > min{t (K3, {V},V), 71 (Kp, {E},V) }.

This implies that

nim=1/h for o < o
‘L'(Kh) = _ _ _ B
n 1/(h l)m 1/2 for a> o,
which completes the proof of Corollary 11.6. O

To add to the picture of asymptotic behavior of small cliques in

G(n,m,p) we will quote the result of Rybarczyk and Stark [662], who with
use of Stein’s method (see Chapter 20.3) obtained an upper bound on the total
variation distance between the distribution of the number of A-cliques and a
respective Poisson distribution for any fixed 4.

Theorem 11.7 Let G(n,m, p) be a random intersection graph, where m = n®.
Let ¢ > 0 be a constant and h > 3 a fixed integer, and X,, be the random variable
counting the number of copies of a complete graph Ky, in G(n,m, p).

(i) Ifa < %,p ~cn'm= V" then
A =EX, ~c"/h!
and
dry(Z(X,).Po(2)) = 0 (n=/"):
(ii) If o0 = %,p ~ cn~ D/ (=1) ypen

A =EX, ~ (ch—|—ch<h71)) /h!

and

drv(Z(X,),Po(A,)) = O (,fz/(hfw) :
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(iii) If a@ > %,p ~en VD) m =12 then
A = EX, ~ " [y

and

dry (ZL(X,),Po(A,)) = O <n<”(h2”hzl) +n_1> .

11.2 Random Geometric Graphs

The graphs we consider in this section are the intersection graphs that we ob-
tain from the intersections of balls in the d-dimensional unit cube, D = [0, 1]
where d > 2. For simplicity we will only consider d = 2 in the text.

We let 2" = {X1,Xa,...,X,} be independently and uniformly chosen from
D = [0,1]?. For r = r(n) let G4, be the graph with vertex set 2". We join
X;,X; by an edge iff X lies in the disk

B(Xi,r)={X €[0,1]*:|X —X;| <r}.

Here | | denotes Euclidean distance.
For a given set 2~ we see that increasing r can only add edges and so thresh-
olds are usually expressed in terms of upper/lower bounds on the size of r.
The book by Penrose [619] gives a detailed exposition of this model. Our
aim here is to prove some simple results that are not intended to be best possi-
ble.

Connectivity

The threshold (in terms of ) for connectivity was shown to be identical with
that for minimum degree one, by Gupta and Kumar [388]. This was extended
to k-connectivity by Penrose [618]. We do not aim for tremendous accuracy.
The simple proof of connectivity was provided to us by Tobias Miiller [593].

Theorem 11.8 Ler € > 0 be arbitrarily small and let ro = ro(n) = \/ len

n

Then w.h.p.

G - contains isolated vertices if r < (1 —€)rg (11.10)
G g is connected if r > (14 €)rg (11.11)
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Proof  First consider (11.10) and the degree of X;. Let & be the event that X
is within distance r of the boundary dD of D. Then

P(X, is isolated | &) > (1—mr?)" .

The factor (1 — r?)"~! is the probability that none of X»,X3,...,X, lie in
B(X,r), given that B(X;,r) C D.
Now
(1— a2y > <1 3 (1— 8)logn>n — - loll)
- n
Now the area with distance r of dD is 4r(1 —r) and so P(&1) = 1 —4r(1 —r).

So if I is the set of isolated vertices at distance greater than r of dD then
E(|1]) > nt~1+°(0) (1 — 4r) — 0. Now

2 \"?
PXiel|Xoel)<(1—4r(1— 1-—
rerixens-ai-n(1- 7o)
<

(1+0(1)P(X; €1).

. 2
The expression (1 —

B(Xj,r), given that it does not lie in B(X,7), and that | X, — X;| > 2r. Equation
(11.10) now follows from the Chebyshev inequality (20.3).

) is the probability that a random point lies in

Now consider (11.11). Let N < € be a sufficiently small constant and divide
D into E% sub-squares of side length nr, where £y = 1/nr. We refer to these
sub-squares as cells. We can assume that 7] is chosen so that ¢ is an integer.
We say that a cell is good if contains at least ip = 1> logn members of 2~ and
bad otherwise.

We next let K = 100/n? and consider the number of bad cells in a K x K
square block of cells.

Lemma 11.9 Let B be a K x K square block of cells. The following hold
w.h.p.:

(a) If B is further than 1007 from the closest boundary edge of D then B con-
tains at most ko = (1 —&/10)7/n? bad cells.

(b) If B is within distance 100r of exactly one boundary edge of D then B
contains at most ko /2 bad cells.

(c) If B is within distance 100r of two boundary edges of D then B contains
no bad cells.
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Proof (a) There are less than Z% < n such blocks. Furthermore, the probability
that a fixed block contains ko or more bad cells is at most

K2 o n 2§ 2 2\n—i :
(1) (& () arreey
i=0
2\ Kk i o
S(T>O<z<'?e>o(nr2)"°e’72”2<""0)> . (1112)
0 o

Here we have used Corollary 21.4 to obtain the LHS of (11.12).
Now

ne 02 io o= (n—io)
(%) mryee

< n0(173log(l/ﬂ)*nz(lJrﬁ*U(l))/” < nfn2(1+8/2)/ﬂ) (11.13)
for n sufficiently small. So we can bound the RHS of (11.12) by

<2K26n772(1+e/2)/n> (1—¢/10)7/n?

—1-¢/3
(178/10)717/172 <n . (11.14)

Part (a) follows after inflating the RHS of (11.14) by n to account for the num-
ber of choices of block.

(b) Replacing kg by kg /2 replaces the LHS of (11.14) by

(4K2en772(1+€/2)/77> (1-¢/10)7/2n*

< —1/2—8/6. )
(1—¢/10)7/2n? =1 (1115)

Observe now that the number of choices of block is O(£y) = o(n'/?) and then
Part (b) follows after inflating the RHS of (11.15) by o(n'/?) to account for the
number of choices of block.

(c) Equation (11.13) bounds the probability that a single cell is bad. The num-
ber of cells in question in this case is O(1) and (c) follows. O
We now do a simple geometric computation in order to place a lower bound
on the number of cells within a ball B(X, ).

Lemma 11.10 A half-disk of radius r| = r(1 — n\/2) with diameter part of
the grid of cells contains at least (1 —20'/2)z/2n? cells.

Proof We place the half-disk in a 2r| X r| rectangle. Then we partition the
rectangle into §; = ry/rn rows of 2§ cells. The circumference of the circle
will cut the ith row at a point which is r; (1 — iznz)l/ 2 from the centre of the
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row. Thus the ith row will contain at least 2 |ry(1 —i’n?)!/2/rn| complete
cells. So the half-disk contains at least

2 0 ) 2r /-1
E N DR =y B (R DRI
=1 x=
2r arcsin(1—17) )
=— cos“(8) —ncos(0))do
o eos(0) —mcos(6))
2r1 [9 sin(20) ]arcsm(ln)
> — n

rn2 2 4

O=arcsin(n)

Now

1/2

arcsin(1 —1n) > g—Zn and arcsin(n) < 217.

So the number of cells is at least

rn? ( 4 N n)
This completes the proof of Lemma 11.10. O
We deduce from Lemmas 11.9 and 11.10 that

X € & implies that B(X,r;) N D contains at least one good cell. (11.16)

Now let I" be the graph whose vertex set consists of the good cells and where
cells ¢y, ¢, are adjacent iff their centres are within distance ry. Note thatif ¢1,¢;
are adjacent in I then any point in 2" N¢ is adjacent in G 2-, to any point in
2 Ncy. It follows from (11.16) that all we need to do now is show that I" is
connected.

It follows from Lemma 11.9 that at most 77/1? rows of a K x K block contain
a bad cell. Thus more than 95% of the rows and of the columns of such a block
are free of bad cells. Call such a row or column good. The cells in a good
row or column of some K x K block form part of the same component of I'.
Two neighboring blocks must have two touching good rows or columns so the
cells in a good row or column of some block form part of a single component
of I'. Any other component C must be in a block bounded by good rows and
columns. But the existence of such a component means that it is surrounded
by bad cells and then by Lemma 11.10 that there is a block B with at least
(1 —3n"2)m/n? bad cells if it is far from the boundary and at least half of
this if it is close to the boundary. But this contradicts Lemma 11.9. To see this,
consider a cell in C whose center ¢ has largest second component i.e. is highest
in C. Now consider the half disk H of radius r; that is centered at c. We can
assume (i) H is contained entirely in B and (ii) at least (1—2n'/?)z/2n% — (1—
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nv2)/n > (1-3n"?)r/2n? cells in H are bad. Property (i) arises because
cells above ¢ whose centers are at distance at most r; are all bad and for (ii)
we have discounted any bad cells on the diameter through ¢ that might be in
C. This provides half the claimed bad cells. We obtain the rest by considering
a lowest cell of C. Near the boundary, we only need to consider one half disk
with diameter parallel to the closest boundary. Finally observe that there are
no bad cells close to a corner. O

Hamiltonicity

The first inroads on the Hamilton cycle problem were made by Diaz, Mitsche
and Pérez-Giménez [241]. Best possible results were later given by Balogh,
Bollobas, Krivelevich, Miiller and Walters [49] and by Miiller, Pérez and
Wormald [594]. As one might expect Hamiltonicity has a threshold at r close
to r9. We now have enough to prove the result from [241].

We start with a simple lemma, taken from [49].

Lemma 11.11  The subgraph I contains a spanning tree of maximum degree
at most six.

Proof Consider a spanning tree T of y that minimises the sum of the lengths
of the edges joining the centres of the cells. Then 7" does not have any vertex
of degree greater than 6. This is because, if centre v were to have degree at
least 7, then there are two neighboring centres u,w of v such that the angle
between the line segments [v,u] and [v,w] is strictly less than 60 degrees. We
can assume without loss of generality that [v, u] is shorter than [v, w]. Note that
if we remove the edge {v,w} and add the edge {u,w} then we obtain another
spanning tree but with strictly smaller total edge-length, a contradiction. Hence
T has maximum degree at most 6. O

Theorem 11.12  Suppose that r > (1 + €)rg. Then w.h.p. G -, is Hamilto-
nian.

Proof We begin with the tree 7 promised by Lemma 11.11. Let ¢ be a good
cell. We partition the points of 2" Nc into 2d roughly equal size sets Py, P, .. .,
Py, where d < 6 is the degree of ¢ in T. Since, the points of 2 N¢ form a clique
in G = G o, we can form 2d paths in G from this partition.

We next do a walk W through T e.g. by Breadth First Search that goes through



226 Intersection Graphs

each edge of T twice and passes through each node of I" a number of times
equal to twice its degree in I'. Each time we pass through a node we traverse
the vertices of a new path described in the previous paragraph. In this way we
create a cycle H that goes through all the points in 2 that lie in good cells.

Now consider the points P in a bad cell ¢ with centre x. We create a path in
G through P with endpoints x,y, say. Now choose a good cell ¢’ contained in
the ball B(x, r1) and then choose an edge {u,v} of H in the cell ¢’. We merge
the points in P into H by deleting {u,v} and adding {x,u},{y,v}. To make
this work, we must be careful to ensure that we only use an edge of H at most
once. But there are Q(logn) edges of H in each good cell and there are O(1)
bad cells within distance 2r say of any good cell and so this is easily done. [

Chromatic number

We look at the chromatic number of G4, in a limited range. Suppose that
nur? = % where ®, — oo, ®, = O(logn). We are below the threshold for

connectivity here. We will show that w.h.p.

X(Ga ) =AGy,)=cl(Gy,)

where will use ¢/ to denote the size of the largest clique. This is a special case
of a result of McDiarmid [565].
We first bound the maximum degree.

Lemma 11.13
logn
log @,

A(G%,r) ~

Proof Let Z; denote the number of vertices of degree k and let Z> denote

logn where @, — o and

the number of vertices of degree at least k. Let ko = o

®; = o(®,). Then

logn logn

n ne@ylogn @ ey \ %
E(Z < 2)ko < _— = .
( 2k0)n<k0>(7rr ) n(”wrlog” ) n( @r )
So,
logn
log(E(Z>,)) < o (g +1+logw, —logw,). (11.17)
d

Now let g = @, />, Then if

w;+logwy;+1 < (1—¢g)logw,
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then (11.17) implies that E(Z;) — 0. This verifies the upper bound on A claimed
in the lemma.
Now let ky = % where @, is the solution to

0y +log;+ 1= (1+g)log,.
Next let M denote the set of vertices that are at distance greater than r from
any edge of D. Let M}, be the set of vertices of degree k in M. If Z; = |My| then

1> (7‘17r2)k1 (1— 7rr2)"_1_k1 )

P(X; € M) > 1 —4r. Using Lemma 21.1 we get

E@MZnM&GMM(%
1

E(Zkl) 2
k
(1 _4r) n ((”_ 1)6) : (nr2)klefn7rr2/(177rr2)
logn
T AN
>(1— —_— | — .
=(1=etl) 3k, (cor
So,

log(E(Zy,)) =

~

1 e ~ )
—o(1) — O(loglogn) + % ((Dd—|— 1 +log w; —log w, — a)d>
d

-

:Q<sologfloga),> _0 10%721 .
wd wr/

An application of the Chebyshev inequality finishes the proof of the lemma.
Indeed,

P(X;,Xo € M) <P(X; e M)P(X; € M) X

(]P’(Xz e a0+ (") —ay ) 2)

< (140(1))P(X; € My)P(X, € My).

O
Now cl(Gy ) < A(Gg )+ 1 and so we now lower bound cl(G4-,) w.h.p.
But this is easy. It follows from Lemma 11.13 that w.h.p. there is a vertex X

with at least (1 — 0(1))10:;2%_) vertices in its r/2 ball B(X;,r/2). But such a

ball provides a clique of size (1—o0(1)) 92

log(4w;)

. We have therefore proved
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_ logn

Theorem 11.14  Suppose that nmr* = o Where @ — 00,0, = O(logn).
Then w.h.p.

logn
X(Go ) MGy ) ~cl(Gy )~ —2

log @,

We now consider larger r.

Theorem 11.15  Suppose that nitr? = ®,logn where @, — %, @, = o(n/logn).
Then w.h.p.

w3 logn

2
Proof First consider the triangular lattice in the plane. This is the set of points
T = {mya+mab:m,my € Z} where a = (0,1),b = (1/2,1/3/2), see Figure
11.1.

X(Gi?”r) ~

Figure 11.1 The small hexagon is an example of a C,.

As in the diagram, each v € T can be placed at the centre of a hexagon C,.
The C,’s intersect on a set of measure zero and each C, has area v/3 /2 and is
contained in B(v,1/v/3). Let I'(T,d) be the graph with vertex set T where two
vertices x,y € T are joined by an edge if their Euclidean distance |x —y| < d.

Lemma 11.16 [McDiarmid and Reed [567]]

X(D(T,d)) < (d+1)*.
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Proof Let 6 = [d]. Let R denote a § x & rhombus made up of triangles of
T with one vertex at the origin. This rhombus has 82 vertices, if we exclude
those at the top and right hand end. We give each of these vertices a distinct
color and then tile the plane with copies of R. This is a proper coloring, by
construction. O
Armed with this lemma we can easily get an upper bound on x (G4 ). Let 6 =
1/ o /> and let s = 8r. Let sT be the contraction of the lattice T by a factor s
i.e.sT ={sx:x € T} Thenifv e sT let sC, be the hexagon with centre v, sides
parallel to the sides of C, but reduced by a factor s. | 2" NsC,| is distributed
as Bin(n,s%1/3/2). So the Chernoff bounds imply that with probability 1 —
o(n™1),

sC, contains < 0 = [(1 + wfl/g)nsz\@/zw members of 2. (11.18)

Let p = r+2s/+/3. We note that if x € C, and y € C,, and |x —y| < r then
|[v—w]| < p. Thus, given a proper coloring ¢ of I'(sT, p) with colors [g] we can
w.h.p. extend it to a coloring Y of G4, with color’s [g] x [0]. If x € sC, and
¢(x) = a then we let y(x) = (a,b) where b ranges over [0] as x ranges over
sC,NZ". So, w.h.p.

1(Gorr) < (LT, p)) = 6x(T(T.p/s)) < 6 (2 )~
2

2
V3 P _oV3logn g
2 52 2r

For the lower bound we use a classic result on packing disks in the plane.

Lemma 11.17 Let A, = [0,n]> and € be a collection of disjoint disks of unit
area that touch A,. Then | €| < (14 o0(1))zn?/v/12.

Proof Thue’s theorem states that the densest packing of disjoint same size
disks in the plane is the hexagonal packing which has density A = 7/+/12. Let
¢’ denote the disks that are contained entirely in A,,. Then we have

2
|€'| > |€|—O0(n) and |¢"| < zn”

V12
The first inequality comes from the fact that if C € €\ ¢” then it is contained
in a perimeter of width O(1) surrounding A,,. O

Now consider the subgraph H of G 3~ , induced by the points of 2" that belong
to the square with centre (1/2,1/2) and side 1 — 2r. It follows from Lemma
11.17 that if at(H) is the size of the largest independent set in H then a(H) <
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(1+0(1))2/r*v/3. This is because if S is an independent set of H then the disks
B(x,r/2) for x € S are necessarily disjoint. Now using the Chernoff bounds, we
see that w.h.p. H contains at least (1 —o(1))n vertices. Thus

|V(H)| r*\/3n ®,/3logn
) >xH) > —L+>(1-0(1 =1-o(1)—————.
K(Gor )2 (H) 2 Tt = (1= 0(1) =5 = (1—o(1) 2
This completes the proof of Theorem 11.15. O

11.3.1
11.3.2
11.3.3
11.3.4
11.3.5

11.3.6
11.3.7

11.3.8

11.3.9

11.3.10

11.3.11

11.3.12

11.3 Exercises

Show that if p = @(n)/ (n\/m), and @(n) — oo, then G(n,m, p) has
w.h.p. at least one edge.

Show that if p = (2logn+ ®(n))/m)"/?> and @(n) — —eo then w.h.p.
G(n,m, p) is not complete.

Prove that the bound (11.2) holds.

Prove that the bound (11.3) holds.

Prove that the bound (11.4) holds.

Prove the claims in Lemma 11.2.

Let X denotes the number of isolated vertices in the binomial random
intersection graph G(n,m, p), where m = n*, o > 0. Show that if

_ {(logiH-(P(n))/m when a < 1
V/(logn+@(n))/(nm) when o> 1,

then EX — e~ if lim,,_, ¢(n) — ¢, for any real c.
Find the variance of the random variable X counting isolated vertices
in G(n,m, p).

Let Y be a random variable which counts vertices of degree greater than
one in G(n,m, p), withm =n® and & > 1. Show that for p>m?>n > logn
lim P (Y > 2p*m*n) =0.

n—soo
Suppose that r > (14 €)rp, as in Theorem 11.8. Show that if 1 < k =
O(1) then G-, is k-connected w.h.p.
ko
Show that if 2 < k= O(1) and r > n 2¢-D then w.h.p. G4, contains

a k-clique. On the other hand, show that if r = o(n 2<’<;1>) then Gy ,
contains no k-clique.

Suppose that r > 1"%. Show that w.h.p. the diameter of Gg-, =
o).
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11.3.13 Given £ and an integer k we define the k-nearest neighbor graph
Gr—nn, 2 as follows: We add an edge between x and y of 2" iff y is one
of x’s k nearest neighbors, in Euclidean distance or vice-versa. Show
that if k > Clogn for a sufficiently large C then Gx_yy, 2~ is connected
w.h.p.

11.3.14 Suppose that we independently deposit n random black points 2}, and
n random white points Z,, into D. Let B y; 4, - be the bipartite graph

where we connect x € 2}, with Z,, iff |x —y| < r. Show that if r >

logn
n

then w.h.p. Bg; #;, - contains a perfect matching.

11.4 Notes

Binomial Random Intersection Graphs

For G(n,m, p) with m = n%*, a constant, Rybarczyk and Stark [663] provided
a condition, called strictly a-balanced for the Poisson convergence for the
number of induced copies of a fixed subgraph, thus complementing the re-
sults of Theorem 11.5 and generalising Theorem 11.7. (Thresholds for small
subgraphs in a related model of random intersection digraph are studied by
Kurauskas [518]).

Rybarczyk [665] introduced a coupling method to find thresholds for many
properties of the binomial random intersection graph. The method is used to
establish sharp threshold functions for k-connectivity, the existence of a perfect
matching and the existence of a Hamilton cycle.

Stark [691] determined the distribution of the degree of a typical vertex of
G(n,m,p), m =n%* and showed that it changes sharply between o < 1, ¢ = 1
and o > 1.

Behrisch [66] studied the evolution of the order of the largest component in
G(n,m,p), m=n* when o # 1. He showed that when o > 1 the random graph
G(n,m, p) behaves like G, ,, in that a giant component of size order n appears
w.h.p. when the expected vertex degree exceeds one. This is not the case when
o < 1. There is a jump in the order of size of the largest component, but not to
one of linear size. Further study of the component structure of G(n,m, p) for
a =1 is due to Lageras and Lindholm in [520].

Behrisch, Taraz and Ueckerdt [67] study the evolution of the chromatic number
of a random intersection graph and showed that, in a certain range of parame-
ters, these random graphs can be colored optimally with high probability using
various greedy algorithms.
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Uniform Random Intersection Graphs

Uniform random intersection graphs differ from the binomial random inter-
section graph in the way a subset of the set M is defined for each vertex of V.
Now for every k = 1,2,...,n, each S} has fixed size r and is randomly chosen
from the set M. We use the notation G(n,m,r) for an r-uniform random inter-
section graph. This version of a random intersection graph was introduced by
Eschenauer and Gligor [284] and, independently, by Godehardt and Jaworski
[373].

Bloznelis, Jaworski and Rybarczyk [101] determined the emergence of the gi-
ant component in G(n,m,r) when n(logn)?> = o(m). A precise study of the
phase transition of G(n,m,r) is due to Rybarczyk [666]. She proved that if
¢ > 0isaconstant, = r(n) > 2 and r(r — 1)n/m = ¢, then if ¢ < 1 then w.h.p.
the largest component of G(n,m,r) is of size O(logn), while if ¢ > 1 w.h.p.
there is a single giant component containing a constant fraction of all vertices,
while the second largest component is of size O(logn).

The connectivity of G(n,m,r) was studied by various authors, among them by
Eschenauer and Gligor [284] followed by DiPietro, Mancini, Mei, Panconesi
and Radhakrishnan [247],

Blackbourn and Gerke [90] and Yagan and Makowski [731]. Finally, Rybar-
czyk [666] determined the sharp threshold for this property. She proved that
if ¢ > 0 is a constant, @(n) — o as n — o and r’n/m = logn + @(n), then
similarly as in G, ,, the uniform random intersection graph G(n,m,r) is dis-
connected w.h.p. if @(n) — oo, is connected w.h.p. if ®(n) — oo, while the
probability that G(n,m, r) is connected tends to e ¢ * if @(n) — c. The Hamil-
tonicity of G(n,m,r) was studied in [104] and by Nicoletseas, Raptopoulos
and Spirakis [607].

If in the uniform model we require |S;NS;| > s to connect vertices i and j by an
edge, then we denote this random intersection graph by Gy(n,m,r). Bloznelis,
Jaworski and Rybarczyk [101] studied phase transition in G,(n,m, r). Bloznelis
and Luczak [103] proved that w.h.p. for even n the threshold for the property
that Gs(n,m,r) contains a perfect matching is the same as that for G(n,m,r)
being connected. Bloznelis and Rybarczyk [105] show that w.h.p. the edge
density threshold for the property that each vertex of G(n,m,r) has degree at
least k is the same as that for G4 (n,m, r) being k-connected (for related results
see [736]).
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Generalized Random Intersection Graphs

Godehardt and Jaworski [373] introduced a model which generalizes both the
binomial and uniform models of random intersection graphs. Let P be a prob-
ability measure on the set {0,1,2,...,m}. Let V.= {1,2,...,n} be the vertex
set. Let M = {1,2,...,m} be the set of attributes. Let S1,S5,...,S, be inde-
pendent random subsets of M such that for any v € V and S C M we have
P(S, =S) = P(|S|)/("§") If we put an edge between any pair of vertices i
and j when S;NS; # 0, then we denote such a random intersection graph
as G(n,m,P), while if the edge is inserted if |S;NS;| > s, s > 1, the respec-
tive graph is denoted as G;(n,m, P). Bloznelis [94] extends these definitions to
random intersection digraphs.

The study of the degree distribution of a typical vertex of G(n,m,P) is given
in [446], [230] and [92], see also [447]. Bloznelis ( see [93] and [95]) shows
that the order of the largest component L; of G(n,m, P) is asymptotically equal
to np, where p denotes the non-extinction probability of a related multi-type
Poisson branching process. Kurauskas and Bloznelis [519] study the asymp-
totic order of the clique number of the sparse random intersection graph
Gs(n,m,P).

Finally, a dynamic approach to random intersection graphs is studied by Bar-
bour and Reinert [61], Bloznelis and Karonski [102], Bloznelis and Goetze
[99] and Britton, Deijfen, Lageras and Lindholm [159].

One should also notice that some of the results on the connectivity of random
intersection graphs can be derived from the corresponding results for random
hyperghraphs, see for example [499], [676] and [374].

Inhomogeneous Random Intersection Graphs

Nicoletseas, Raptopoulos and Spirakis [606] have introduced a generalisation
of the binomial random intersection graph G(n,m, p) in the following way.
As before let n,m be positive integers and let 0 < p; < 1,i =1,2,...,m. Let
V ={1,2,...,n} be the set of vertices of our graph and for every 1 <k <n,
let S be a random subset of the set M = {1,2,...,m} formed by selecting ith
element of M independently with probability p;. Let p= (p;)? ;. We define the
inhomogeneous random intersection graph G(n,m,p) as the intersection graph
of sets Sg, k= 1,2,...n. Here two vertices i and j are adjacent in G(n,m,p)
if and only if S; N S; # 0. Several asymptotic properties of the random graph
G(n,m,p) were studied, such as: large independent sets (in [607]), vertex de-
gree distribution (by Bloznelis and Damarackas in [96]), sharp threshold func-
tions for connectivity, matchings and Hamiltonian cycles (by Rybarczyk in
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[665]) as well as the size of the largest component (by Bradonji¢, Elsisser,
Friedrich, Sauerwald and Stauffer in [156]).

To learn more about different models of random intersection graphs and about
other results we refer the reader to recent review papers [97] and [98].

Random Geometric Graphs

McDiarmid and Miiller [566] gives the leading constant for the chromatic num-
ber when the average degree is ®(logn). The paper also shows a “surprising”
phase change for the relation between ) and w. Also the paper extends the
setting to arbitrary dimensions. Miiller [592] proves a two-point concentration
for the clique number and chromatic number when nr? = o(logn).

Blackwell, Edmonson-Jones and Jordan [91] studied the spectral properties of
the adjacency matrix of a random geometric graph (RGG). Rai [642] studied
the spectral measure of the transition matrix of a simple random walk. Preci-
ado and Jadbabaie [635] studied the spectrum of RGG’s in the context of the
spreading of viruses.

Sharp thresholds for monotone properties of RGG’s were shown by McColm
[560] in the case d = 1 viz. a graph defined by the intersection of random
sub-intervals. And for all d > 1 by Goel, Rai and Krishnamachari [375].

First order expressible properties of random points

2 ={X1,Xa,...,X,} on a unit circle were studied by McColm [559]. The
graph has vertex set 2" and vertices are joined by an edge if and only if their
angular distance is less than some parameter d. He showed among other things
that for each fixed d, the set of a.s. FO sentences in this model is a complete
non-categorical theory. McColm’s results were anticipated in a more precise
paper [372] by Godehardt and Jaworski, where the case d = 1, i.e., the evolu-
tion a random interval graph, was studied.

Diaz, Penrose, Petit and Serna [244] study the approximability of several lay-
out problems on a family of RGG’s. The layout problems that they consider
are bandwidth, minimum linear arrangement, minimum cut width, minimum
sum cut, vertex separation, and edge bisection. Diaz, Grandoni and Marchetti-
Spaccemela [243] derive a constant expected approximation algorithm for the
B-balanced cut problem on random geometric graphs: find an edge cut of min-
imum size whose two sides contain at least Sn vertices each.

Bradonji¢, Elsdsser, Friedrich, Sauerwald and Stauffer [155] studied the broad-
cast time of RGG’s. They study a regime where there is likely to be a sin-
gle giant component and show that w.h.p. their broadcast algorithm only re-
quires O(n'/?/r +logn) rounds to pass information from a single vertex, to
every vertex of the giant. They show on the way that the diameter of the giant
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is ®(n'/?/r) w.h.p. Friedrich, Sauerwald and Stauffer [319] extended this to
higher dimensions.

A recent interesting development can be described as Random Hyperbolic
Graphs. These are related to the graphs of Section 11.2 and are posed as mod-
els of real world networks. Here points are randomly embedded into hyper-
bolic, as opposed to Euclidean space. See for example Bode, Fountoulakis and
Miiller [106], [107]; Candellero and Fountoulakis [170]; Chen, Fang, Hu and
Mahoney [179]; Friedrich and Krohmer [318]; Krioukov, Papadopolous, Kit-
sak, Vahdat and Boguiid [502]; Fountoulakis [309]; Gugelmann, Panagiotou
and Peter [387]; Papadopolous, Krioukov, Boguiid and Vahdat [615]. One ver-
sion of this model is described in [309]. The models are a little complicated to
describe and we refer the reader to the above references.



12
Digraphs

In graph theory, we sometimes orient edges to create a directed graph or di-
graph. It is natural to consider randomly generated digraphs and this chapter
discusses the component size and connectivity of the simplest model D, .
Hamiltonicity is discussed in the final section.

12.1 Strong Connectivity

In this chapter we study the random digraph I, ,. This has vertex set [n] and
each of the n(n — 1) possible edges occurs independently with probability p.
We will first study the size of the strong components of D, .

Recall the definition of strong components: Given a digraph D = (V,A) we
define the relation p on V by xpy if there is a path from x to y in D and there is
a path from y to x in D. It is easy to show that p is an equivalence relation and
the equivalence classes are called the strong components of D.

Strong component sizes: sub-critical region.

Theorem 12.1 Let p = c¢/n, where c is a constant, ¢ < 1. Then w.h.p.

(i) all strong components of Dy, are either cycles or single vertices,

(ii) the number of vertices on cycles is at most ®, for any @ = @(n) — oo.

Proof The expected number of cycles is

u n> ek &K

Y (") k-1 (7) <Y < —o).
k=2 <k n i k
Part (ii) now follows from the Markov inequality.
To tackle (i) we observe that if there is a component that is not a cycle or a
single vertex then there is a cycle C and vertices a,b € C and a path P from a
to b that is internally disjoint from C.

236
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However, the expected number of such subgraphs is bounded by

EE (e e(p)eG)”
k2 k141

LY

Here [ is the number of vertices on the path P, excluding a and b. O

= 0(1/n).

HM

Strong component sizes: super-critical region.
We will prove the following beautiful theorem that is a directed analogue of
the existence of a giant component in G, . It is due to Karp [474].

Theorem 12.2 Let p = c¢/n, where ¢ is a constant, ¢ > 1, and let x be defined

by x <1 and xe™* = ce”°. Then w.h.p. D, , contains a unique strong com-

. 2 o
ponent of size =~ (l - f) n. All other strong components are of logarithmic
size.

We will prove the above theorem through a sequence of lemmas.
For a vertex v vet

D" (v)={w:3JpathvtowinD, ,}
D™ (v) ={w:3pathwtovinD,,}.

We will first prove

Lemma 12.3  There exist constants o, 3, dependent only on ¢, such that w.h.p.
A v such that |D*(v)| € [alogn, Bn].

Proof If there is a v such that [D" (v)| = s then ,, , contains a tree T of size
s, rooted at v such that

(i) all arcs are oriented away from v, and
(ii) there are no arcs oriented from V(T') to [n] \ V(T).

The expected number of such trees is bounded above by

()26 (=) < 2 ey
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Now ce!=¢ < 1 for ¢ # 1 and so there exists 8 such that when s < Bn we can

bound ce!~¢ts/n by some constant ¥ < 1 (Y depends only on c¢). In which case
n s -3
—y' < fi
U logl/y

logn <s < Bn.

O

Fix a vertex v € [n] and consider a directed breadth first search from v. Let
Sg =85 (v) = {v} and given SJ,S] =S7 (v),....Sf =sf(v) C[n] let T, =
T, (v) = kST and let

S& ={wé T :IxeT," such that (x,w) € E(Dy,)} .

We similarly define S; = S, (v),S; =S, (v),....,S, =S, ,T; (v) C [n] with
respect to a directed breadth first search into v.

Not surprisingly, we can show that the subgraph I'; induced by T,j is close
in distribution to the tree defined by the first kK + 1 levels of a Galton-Watson
branching process with Po(c) as the distribution of the number of offspring
from a single parent. See Chapter 23 for some salient facts about such a pro-
cess. Here Po(c) is the Poisson random variable with mean c i.e.

cke=¢

P(Po(c) =k) = x fork=0,1,2,..., .

Lemma 12.4 If§07§1, ..,S, and Ty are defined with respect to the Galton-
Watson branching process and if k < ko = (logn)? and s¢,s1,. .., sx < (logn)*
then

P(Sf|=5,0<i<k)= <1+0<

1 . ,
(U))P(Sl :S,‘,OS l Sk)

nl —0

Proof We use the fact that if Po(a),Po(b) are independent then
Po(a) 4+ Po(b) has the same distribution as Po(a + b). It follows that
R k . Si ,—CSi—1
]P’(|Si| =s5,0<i Sk) :Hw

-1
i=1 Si:

Furthermore, putting #;_; = so + 51 + ...+ ;1 we have for v ¢ Tifl,

7
PveSS)=1—(1—p)'=siip <1+0((1°i"))>. (12.1)
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P(|Sf|=5,0<i<k)= (12.2)

H( —li- 1) (Slnlc <1+0<(10gnn)7>>>s,-
x (1 - % <1+0 ((Wén’ly»)"msi

Here we use the fact that given s;_1,#;_1, the distribution of |Sl+| is the bino-
mial with n —#;_ trials and probability of success given in (12.1). The lemma
follows by simple estimations. O

Lemma 12.5 For1<i< (logn)?

(a) ]P’(\Sﬂ > slogn\|Si+_1| zs) <n 10
(b) P(|Si| > slogn|Si—1|=s) <n~1°

Proof
a) P(|ST] > slogn||S© .| = < P(Bin(sn,c/n) > slogn
i g i—1 g
slogn
<
- (slogn)
snec \ 18"
<
- (snlogn)
logn
<
< ()
<n 10
The proof of (b) is similar. O]

Keeping v fixed we next let

F ={3i:|T| > (logn)*}

={3i< (logn)?: |T;"|,|T}"],...,|TH | < (logn)* < |TF]} .
Lemma 12.6
P(F)=1-2+0o(1).
c
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Proof Applying Lemma 12.4 we see that
P(F) =P(F)+o(1), (12.3)

where .% is defined with respect to the branching process.
Now let & be the event that the branching process eventually becomes extinct.
We write

P(F) = P(F|-&)P(=&)+P(F NE). (12.4)

To estimate (12.4) we use Theorem 23.1. Let

o k, —c
ce
6= Y ol e
k=0 '

be the probability generating function of Po(c). Then Theorem 23.1 implies
that p = P(&) is the smallest non-negative solution to G(p) = p. Thus

p=ePc.
Substituting p = % we see that
P(&) = % where % =5 C, (12.5)

and so & = x.
The lemma will follow from (12.4) and (12.5) and P(.#|~&) = 1 +o(1)
(which follows from Lemma 12.5) and

P(FNE&)=o(1).
This in turn follows from

P(& | %) =o(1), (12.6)
which will be established using the following lemma.

Lemma 12.7 Each member of the branching process has probability at least
€ > 0 of producing (logn)?* descendants at depth logn. Here € > 0 depends
only on c.

Proof 1If the current population size of the process is s then the probability
that it reaches size at least %s in the next round is

)»

kz%s

(Cs)kefcs

—os
o= le

for some constant & > 0 provided s > 100, say.
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Now there is a positive probability € say that a single member spawns at least
100 descendants and so there is a probability of at least

gl1- Z e ®
s=100

logn
1
<C—i2_ ) > (logn)?

that a single object spawns

descendants at depth logn.

O
Given a population size between (logn)? and (logn)? at level iy, let s; denote
the population size at level iy + ilogn. Then Lemma 12.7 and the Chernoff
bounds imply that

1 1
P (s,-+1 < 2es,-(logn)z) < exp {—882si(logn)2} .

It follows that

so > (log n)2>

< iexp {—;sz (;s(logn)zy(logn)z} =o(1).

This completes the proof (12.6) and of Lemma 12.6. O]
We must now consider the probability that both D (v) and D~ (v) are large.

Lemma 12.8
P (|D~(v)| > (logn)* | D" (v)| > (logn)*) = 1 — );c +o(1).

Proof Expose Sy .Sy ,...,S! until either S =0 or we see that |T;"| € [(logn)?,
(logn)3]. Now let S denote the set of edges/vertices defined by
S¢St S

0S],SE
Let ¢ be the event that there are no edges from 7, to S,:r where 7, is the set of
vertices we reach through our BFS into v, up to the point where we first realise
that D~ (v) < (logn)? (because S; = 0 and |7, | < (logn)?) or we realise that
D~ (v) > (logn)?. Then

n nl_g(l)

P(_‘%):O((logn)‘L) _ 1
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and, as in (12.2),

P(IS;|=s,0<i<k|%)=

:fl<n/til> <S,‘]C <1+0((10gn)7>>>\1
Pl S; n n
- 1 7 =t y—s;
(5 o222
n n
where ' =n— |T;7|.

Given this we can prove a conditional version of Lemma 12.4 and continue as
before. O

‘We have now shown that if « is as in Lemma 12.3 and if
S={v:[D*(v)|,|D”(v)] > alogn}

then the expectation

X\ 2
IE(|S|)—(1+0(1))(1—E) .
We also claim that for any two vertices v,w
PlvyweS)=(1+0(1))P(veS)P(weS) (12.7)

and therefore the Chebyshev inequality implies that w.h.p.

S| :(1+o(1))(1_ic“)2n.

But (12.7) follows in a similar manner to the proof of Lemma 12.8.
All that remains of the proof of Theorem 12.2 is to show that

S is a strong component w.h.p. (12.8)

Recall that any v ¢ S is in a strong component of size < alogn and so the
second part of the theorem will also be done.
We prove (12.8) by arguing that

PEvweS:weD'(v)) =0o(l). (12.9)

In which case, we know that w.h.p. there is a path from each v € § to every
other vertex w # v in S.

To prove (12.9) we expose S;, S} ,..., S until we find that

T (v)| > n'/2logn. At the same time we expose Sy Sy ,---,S, until we find
that |7, (w)| > n'/2logn. If w ¢ D (v) then this experiment will have tried at
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least (n'/?log n)2 times to find an edge from DT (v) to D~ (w) and failed every
time. The probability of this is at most

(1 B E)ﬂ(logn)z _ 0(n_2).

n

This completes the proof of Theorem 12.2. O

Threshold for strong connectivity

Here we prove

Theorem 12.9 Let @ = @(n), ¢ > 0 be a constant, and let p = log#. Then

0 if @— —oo
lim P(D, , is strongly connected) = e ifo—c
n—soo

1 if @ — oo,

=limP(Avs.tdt(v)=0o0rd (v)=0)

n—soo

Proof We leave as an exercise to prove that

1 if @— —o
lim P(Jv s.t. dt(v)=00rd (v)=0)=<{1-e2° if ®—c
e

0 if @— oo.

Given this, one only has to show that if @ 4 —e then w.h.p. there does not
exist a set S such that (i) 2 < |S] < n/2 and (i) E(S:S) =0 or E(S:S) =0
and (iii) S induces a connected component in the graph obtained by ignoring
orientation. But, here with s = |S],

n/2

pas <23 (1) an -y

< ﬂ ’f (@)Sss_z (210gn>sn—s(l—s/n)ews/n

T logn &=\ s n

M n/2
< 2 —(1—s/n) a)/nl s
< lognszzé( n e®"logn)
=o(1).
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12.2 Hamilton Cycles

Existence of a Hamilton Cycle

Here we prove the following remarkable inequality: It is due to McDiarmid
[562]

Theorem 12.10

P(D,,, is Hamiltonian) > P(G,,, is Hamiltonian)

Proof We consider an ordered sequence of random digraphs

Lo, I1,I,...,Tw, N = () defined as follows: Let ey, e, ..., ey be an enumer-
ation of the edges of the complete graph K,. Each ¢; = {v;,w;} gives rise to
two directed edges o = (vi,w;) and = (wi,vi). In I'; we include e_} and
?j independently of each other, with probability p, for j <i. While for j > i
we include both or neither with probability p. Thus Iy is just G, , with each
edge {v,w} replaced by a pair of directed edges (v,w), (w,v) and Iy =D, .
Theorem 12.10 follows from

P(T; is Hamiltonian) > P(I";_; is Hamiltonian).

To prove this we condition on the existence or otherwise of directed edges
associated with ey,...,e;_1,¢€;11,...,ey. Let € denote this conditioning.
Either

(a) ¥ gives us a Hamilton cycle without arcs associated with e;, or

(b) 3 a Hamilton cycle if at least one of ?3, Z is present.

In I';_; this happens with probability p, while in I'; this happens with proba-

bility 1 — (1 —p)? > p.
Note that we will never require that both ?,?, Z occur. O

Theorem 12.10 was subsequently improved by Frieze [323], who proved the
equivalent of Theorem 6.5.

Theorem 12.11 Let p = log"%. Then

0 if cp— —oo

lim P(D,, , has a Hamilton cycle) = e=2¢"° if ¢, ¢
n—oo

1 if ¢ — oo.
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Number of Distinct Hamilton Cycles

Here we give an elegant result of Ferber, Kronenberg and Long [294].

Theorem 12.12 Let p = @ (@) Then w.h.p. D, ,, contains Wplp" di-

rected Hamilton cycles.

Proof The upper bound follows from the fisrt moment method. Let Xy de-
note the number of Hamilton cycles in D =D, ,. Now EXy = (n—1)!p", and
therefore the Markov inequality implies that w.h.p. we have Xy < M) p".

For the lower bound let o := a(n) be a function tending slowly to infinity
with n. Let S C V(G) be a fixed set of size s, where s ~ alggn and let V/ =
V \ S. Moreover, assume that s is chosen so that [V’| is divisible by integer
¢ =20alogn. From now on the set S will be fixed and we will use it for closing
Hamilton cycles. Our strategy is as follows: we first expose all the edges within
V', and show that one can find the “correct” number of distinct families &
consisting of m := |V'| /£ vertex-disjoint paths which span V’. Then, we expose
all the edges with at least one endpoint in S, and show that w.h.p. one can turn
“most” of these families into Hamilton cycles and that all of these cycles are

distinct.
We take a random partitioning V' = Vi U... UV, such that all the V;’s are of

size m. Let us denote by D; the bipartite graph with parts V; and V1. Observe

logn
m

that D is distributed as G, p, and therefore, since p = ® ( ), by Exercise

12.3.2, with probability 1 —n~®(!) we conclude that D; contains (1 —o(1))m
edge-disjoint perfect matchings (in particular, a (1 —o(1))m regular subgraph).
The Van der Waerden conjecture proved by Egorychev [273] and by Falikman
[287] implies the following: Let G = (AUB, E) be an r-regular bipartite graph
with part sizes |A| = |B| = n. Then, the number of perfect matchings in G is at
least (i)”n!.

Applying this and the union bound, it follows that w.h.p. each D; contains at
least (1 —o(1))"m!p™ perfect matchings for each j. Taking the union of one
perfect matching from each of the D;’s we obtain a family &7 of m vertex

disjoint paths which spans V. Therefore, there are

((1=o(1))"mlp™) = (1=o(1))"™* (m!)* p"~*

distinct families &2 obtained from this partitioning in this manner. Since this
occurs w.h.p. we conclude (applying the Markov inequality to the number
of partitions for which the bound fails) that this bound holds for (1 —o(1))-

. I . —s)! .-
fraction of such partitions. Since there are ((" ';Z such partitions, one can find
m!
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at least

(1= o) (1 1)y () i

— (1=o(1))" *(n—s)p"* = (1—o0(1))"nlp"

distinct families, each of which consists of exactly m vertex-disjoint paths of
size ¢ (for the last equality, we used the fact that s = o(n/logn)).

We show next how to close a given family of paths into a Hamilton cycle. For
each such family &, let A := A(%?) denote the collection of all pairs (sp,p)
where sp is a starting point and 7p is the endpoint of a path P € &7, and define an
auxiliary directed graph D(A) as follows. The vertex set of D(A) is V(A) = SU
{zp = (sp,tp) : zp € A}. Edges of D(A) are determined as follows: if u,v € S and
(u,v) € E(D) then (u,v) is an edge of D(A). The in-neighbors (out-neighbors)
of vertices zp in S are the in-neighbors of sp in D (out-neighbors of p). Lastly,
(zp,zg) is an edge of D(A) if (tp,sp) is an edge D.

Clearly D(A) is distributed as Dy, », and that a Hamilton cycle in D(A) cor-
responds to a Hamilton cycle in D after adding the corresponding paths be-
tween each sp and tp. Now distinct families & # 22’ yield distinct Hamilton
cycles (to see this, just delete the vertices of S from the Hamilton cycle, to re-
cover the paths). Using Theorem 12.11 we see that for p = @ (logn/(s+m)) =
o (log(s+m)/(s+m)), the probability that D(A) does not have a Hamilton cy-
cleis o(1). Therefore, using the Markov inequality we see that for almost all of
the families &2, the corresponding auxiliary graph D(A) is indeed Hamiltonian
and we have at least (1 —o(1))"n!p" distinct Hamilton cycles, as desired. [J

12.3 Exercises

12.3.1 Letp = log"Hk*]zl]OglogHw for a constant k = 1,2, ... Show that w.h.p.
D, is k-strongly connected.

12.3.2 The Gale-Ryser theorem states: Let G = (AU B, E) be a bipartite graph
with parts of sizes |A| = |B| = n. Then, G contains an r-factor if and

only if for every two sets X C A and Y C B, we have

ec(X.¥) = r(|X| +[Y] ~n).
Show that if p = w(logn/n) then with probability 1 —o(1/n), G, p
contains (1 —n~®() edge disjoint perfect matchings.

12.3.3 Show that if p = ®((logn)?/n) then w.h.p. G, , contains e”"n!p" dis-
tinct Hamilton cycles.
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12.3.4 A tournament T is an orientation of the complete graph K,,. In arandom
tournament, edge {u, v} is oriented from u to v with probability 1/2 and
from v to u with probability 1/2. Show that w.h.p. a random tournament
is strongly connected.

12.3.5 Let T be a random tournament. Show that w.h.p. the size of the largest
acyclic sub-tournament is asymptotic to 2log, . (A tournament is acyclic
if it contains no directed cycles).

12.3.6 Suppose that 0 < p < 1 is constant. Show that w.h.p. the size of the
largest acyclic tournament contained in D, is asymptotic to 2log, n
where b= 1/p.

12.3.7 Let mas(D) denote the number of vertices in the largest acyclic sub-
graph of a digraph D. Suppose that 0 < p < 1 is constant. Show that
w.h.p. mas(D, ) < ﬂ)oggq" where g = ll—p

12.3.8 Consider the random digraph D, obtained from G, ;/, by orienting
edge (i,j) from i to j when i < j. This can be viewed as a partial or-
der on [n] and is called a Random Graph Order. Show that w.h.p. D,
contains a path of length at least 0.51x. (In terms of partial orders, this
bounds the height of the order).

12.4 Notes
Packing

The paper of Frieze [323] was in terms of the hitting time for a digraph process
Dy. It proves that the first time that the 6% (G;),8 (G;) > k is w.h.p. the time
when G; has k edge disjoint Hamilton cycles. The paper of Ferber, Kronenberg
and Long [294] shows that if p = @((logn)*/n) then w.h.p. D,, , contains (1 —
o(1))np edge disjoint Hamilton cycles.

Long Cycles

The papers by Hefetz, Steger and Sudakov [405] and by Ferber, Nenadov,
Noever, Peter and Skori¢ [297] study the local resilience of having a Hamilton
cycle. In particular, [297] proves that if p > @ then w.h.p. one can delete
any subgraph H of D, , with maximum degree at most (% —¢&)np and still
leave a Hamiltonian subgraph.

Krivelevich, Lubetzky and Sudakov [507] proved that w.h.p. the random di-
graph D, ,,p = ¢/n contains a directed cycle of length (1 — (1 +¢&.)e “)n
where €. — 0 as ¢ — oo,
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Cooper, Frieze and Molloy [220] showed that a random regular digraph with
indegree = outdegree = r is Hamiltonian w.h.p. iff r > 3.

Connectivity

Cooper and Frieze [209] studied the size of the largest strong component in a
random digraph with a given degree sequence. The strong connectivity of an
inhomogeneous random digraph was studied by Bloznelis, G6tze and Jaworski
in [100].
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Hypergraphs

In this chapter we discuss random k-uniform hypergraphs. We are concerned
with the models H, ,.x and H,, ;.. For H,, ,x we consider the hypergraph with
vertex set [n] in which each possible k-set in ([Z]) is included as an edge with
probability p. In H,, ,,.x the edge set is a random m-subset of ([Z]). The param-
eter k is fixed and independent of n throughout this chapter.

Many of the properties of G, , and G, , have been generalized without too
much difficulty to these models of hypergraphs. Hamilton cycles have only re-
cently been tackled with any success. Surprisingly enough, in some cases it is
enough to use the Chebyshev inequality and we will describe these cases. Per-
fect matchings have also been tackled recently. Here the proof is a remarkable
tour de force and we will include it as some of the ideas will likely be of use
in other places.

13.1 Hamilton Cycles

Suppose that 1 < ¢ < k. An l-overlapping Hamilton cycle C in a k-uniform
hypergraph H = (V, &) on n vertices is a collection of my = n/(k — £) edges of
H such that for some cyclic order of [n] every edge consists of k consecutive
vertices and for every pair of consecutive edges E;_1,E; in C (in the natural
ordering of the edges) we have |E;_; NE;| = £. Thus, in every ¢-overlapping
Hamilton cycle the sets C; = E; \ E;_1,i = 1,2,...,my, are a partition of V
into sets of size k — ¢. Hence, my = n/(k — ¢). We thus always assume, when
discussing ¢-overlapping Hamilton cycles, that this necessary condition, k — /¢
divides n, is fulfilled. In the literature, when £ = k— 1 we have a tight Hamilton
cycle and when ¢ = 1 we have a loose Hamilton cycle.

In this section we will restrict our attention to the case £ = k — 1 i.e. tight
Hamilton cycles. So when we say that a hypergraph is Hamiltonian, we mean
that it contains a tight Hamilton cycle. The proof extends easily to £ > 2. The
case ¢ = 1 poses some more problems and is discussed in Frieze [326], Dudek,
Frieze [252] and Dudek, Frieze, Loh and Speiss [254] and in Ferber [292]. The
following theorem is from Dudek and Frieze [253]. Furthermore, we assume
that k > 3.

249
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Theorem 13.1
(i) If p < (1 —¢€)e/n, then w.h.p. H, . is not Hamiltonian.
(ii) If k=3 and np — oo then H,, ,;x is Hamiltonian w.h.p.
(iii) For all fixed € > 0, if k > 4 and p > (1 + €)e/n, then w.h.p. Hy, p.x is
Hamiltonian.

Proof We will prove parts (i) and (ii) and leave the proof of (iii) as an exer-
cise, with a hint.
Let ([n],&) be a k-uniform hypergraph. A permutation 7 of [n] is Hamilton
cycle inducing if

Ex(iy={n(i—1+j): jek]} €& forallie [n].

(We use the convention w(n+r) = m(r) for r > 0.) Let the term hamperm refer
to such a permutation.

Let X be the random variable that counts the number of hamperms 7 for H, ..
Every Hamilton cycle induces at least one hamperm and so we can concentrate
on estimating P(X > 0).

Now

E(X)=n!p".

This is because 7 induces a Hamilton cycle if and only if a certain n edges are
all in H,, ..
For part (i) we use Stirling’s formula to argue that

E(X) < 3\/?,(%)" <3y/n(1—¢e)" = o(1).

This verifies part (i).
We see that
n
E(X) > (@) oo (13.1)

e
in parts (ii) and (iii).
Fix a hamperm 7. Let H(%) = (Ex(1),Ex(2),...,Ez(n)) be the Hamilton cycle
induced by 7. Then let N(b,a) be the number of permutations 7’ such that
|E(H(m))NE(H(7'))|=band E(H(m))NE(H(7')) consists of a edge disjoint
paths. Here a path is a maximal sub-sequence Fi,F>,...,F; of the edges of
H(m) such that F;N F; # 0 for 1 <i < q. The set U?Zl F; may contain other
edges of H(). Observe that N(b,a) does not depend on 7.
Note that

a)p’

(b
E(X)?

E(X?) nIN(0,0)p*" & & nIN
E(x)z - E(x)z + Z Z

b=1la=1
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Since trivially, N(0,0) < n!, we obtain,

E(X?) . n!N(b,a)p?=*
<1+ _—— (13.2)
E(X)? b;lu; E(X)?
We show that
n b 'N(b ) 2n—b n N(b ) n—b
n. )P ,a)P
—_— = ———=—— =o(1). (13.3)
EL Exr CREE®)
The Chebyshev inequality implies that
E(X?)
PX=0)< —1=0(1
( O) = E(X)z 0( )7

as required.
It remains to show (13.3). First we find an upper bound on N(b,a). Choose a
vertices v;, 1 <i <a, on m. We have at most

n (13.4)
choices. Let
bi+by+---+b, =0,

where b; > 1 is an integer for every 1 < i < a. Note that this equation has

exactly
b—1
( ) <2b (13.5)
a—1

solutions. For every i, we choose a path of length b; in H(7r) which starts at v;.
Suppose a path consists of edges 7,3, ..., F;, g = b;. Assuming that F, ..., F;
are chosen, we have at most k possibilities for Fj. Hence, every such a path
can be selected in most k¥ ways. Consequently, we have at most

ﬁkbi _ kb
i=1

choices for all a paths.
Thus, by the above considerations we can find a edge disjoint paths in H ()
with the total of b edges in at most

n(2k)b (13.6)

many ways.
Let Pi,P,...,P, be any collection of the above a paths. Now we count the
number of permutations 7’ containing these paths.

First we choose for every P; a sequence of vertices inducing this path in 7. We
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see the vertices in each edge of P, in at most k! orderings. Crudely, every such
sequence can be chosen in at most (k!)b" ways. Thus, we have

ﬁ(k!)bi = (k!)? (13.7)

i=1

choices for all a sequences.
Now we bound the number of permutations containing these
sequences. First note that

V(P)| > bi+k—1.
Thus we have at most

n—

-

(bi+k—1)=n—b—a(k—1) (13.8)

i=1

vertices not in V(P)U---UV (P,). We choose a permutation ¢ of V'\ (V(P;) U
--+UV/(PF,)). Here we have at most

(n—b—a(k—1))!

choices. Now we extend o to a permutation of [n]. We mark a positions on &
and then insert the sequences. We can do it in

n
( >a!<na
a

ways. Therefore, the number of permutations containing P, P, ..., P, is smaller
than

(k)2 (n—b—a(k—1))n". (13.9)
Thus, by (13.6) and (13.9) and the Stirling formula we obtain
N(b,a) < n**(2k'k)?(n—b—a(k—1))! <

n—b—a(k—1)
2a(n11\b n
2 (2K1K)P /27 (e) .

Since
EX)=n!p"=+/(2+0(1))nn (ﬁ)np",
e
we get

b+a(k—1
< (1+0(1))n* (2k1k) (%) ——
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Finally, since a < b we estimate e’ t4*—1) < ¢k and consequently,

N(b,a)p"" <2k!ke’<>”1+o(1)

E(X) np 3] (13.10)
Proof of (ii):
Here k = 3 and np > ®. Hence, we obtain in (13.10)
b
N(b,a)p"" 2k ke
— 2" < (1 1 .
S = (e (=
Thus,
n b —-b n kN b
N(b,a)p" 2k!ke
—————— < (1+o0(1)) b( ) =o(1). (13.11)
h;a; E(X) /7;1 o

This completes the proof of part (ii).

We prove Part (iii) by estimating N(b,a) more carefully, see Exercise 13.3.2 at
the end of the chapter. O
Before leaving Hamilton cycles, we note that Allen, Bottcher,

Kohayakawa, and Person [19] describe a polynomial time algorithm for finding
a tight Hamilton cycle in H,, ,.x w.h.p. when p = n~ %€ for a constant £ > 0.
There is a weaker notion of Hamilton cycle due to Berge [79] viz. an alternating
sequence vi,eq,Va,..., vy, e, of vertices and edges such that (i) vi,vz,..., v,
are distinct and (i) v; € e;—1 Ne; fori = 1,2,...,n. The cycle is weak if we do
not insist that the edges are distinct. Poole [630] proves that the threshold for
the existence of a weak Hamilton cycle in H,, .+ is equal to the threshold for
minimum degree one.

13.2 Perfect Matchings

A 1-factor or perfect matching of I, ,,..x is a set of disjoint edges e;,i =1,2,...,
n/k that partition [n]. The existence of a perfect matching or 1-factor requires
that n is a multiple of k. When k = 2 this reduces to the ordinary notion of a
perfect matching in a graph. In the literature, the problem of the existence of a
perfect matching was first discussed in Schmidt and Shamir [675] and became
known as the “Shamir problem”.

The following theorem, which is a special case of the result of Johansson, Kahn
and Vu [451] constituted a considerable breakthrough. Restricting ourselves to
matchings enables us to present a simplified version of the proof in [451]. (In
truth it is not so simple, but it avoids a lot of the technical problems faced in
[451]).
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Theorem 13.2 Fix k > 2. Then there exists a constant K > 0 such that if
m > Knlogn then
lim P(H,, % has a I-factor) = 1.

n—soo

Proof 1In the following, K will be taken to be sufficiently large so that all
inequalities involving it are valid. Assume from now on that £ divides n and
let ej,ea,...,en,N = (Z) be a random ordering of the edges of M, .k, the
complete k-uniform hypergraph H,, y.; on vertex set V = [n]. Let H; = H, y.x —
{e1,...,e;} and E; = E(H;) and m; = N —i = |E}].

H; is distributed as H, ,,.x and the idea is to show that w.h.p. H; has many 1-
factors as long as m; > Knlogn. Thus we start with Hl, 5,z and remove N —
m edges one by one in random order, checking that the number of 1-factors
remains large w.h.p.

For a k-uniform hypergraph H = (V,E), where k | |V| we let % (H) denote the
set of 1-factors of H and

O(H) = |7 (H)|.
Let &, = ®(H,). Then if

&= ¢ P(Hi—e)

D D
we have
b D,
d>t=¢05;---¢[jl:<I>o(1—f:1)~~<1—é)
or
t
log®; = log®y + Zlog(l —&).
i=1
where
log®y = lo n! =l (13.12)
= = n n—cin .
BRI ke T T OB A
where
1
We also have
n/k 1

BE — v — < , 13.13
ST N2ia1 S kKlogn (13.13)
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fori <T =N —Knlogn.
Equation (13.13) with

, (so that |E;| = Npy),

N—1t
pi=—

gives rise to
d ! n N 1
Eé = = —11 Ol —) )=
pees i (e o))

n (logl to (1)> (13.14)
k )2 n

using the fact that Y7, + = logm + (Euler’s constant) + O(1/m). Recall that
Eulers constant is about 0.577 - - -.

For t = T this will give

_ Knlogn
pr= N
and so
I k—1 n
Z}/,-: nlogn — —loglogn+cyn
i=1 k k
where

1
lea| < 14 logk!+ %logK.
Our basic goal is to prove that if
L=K'*
and
! n
o = log| 7| > log|.Fol - Y %~ 7
i=1
then
P() <n Y fort <T. (13.15)
Note that if <7 occurs then

O (Hy) = ePrloglogn) (13.16)
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Partition of <7 into sub-events

We need the following notation: Suppose w : A — [0,0) where A is a finite set.
Then

W(A) = Z w(a),
acA
_oay . WA)
W(A) = A
maxw(A) = meaz(w(a),
~ maxw(A)
maxr w(A) = WA

and

medw(A) is the median value of w(a),a € A,
i.e the smallest value w(a) such that at least half of the a’ € A satisfy w(a') <
w(a).
WeletV, = (‘r/) For Z € V. we let H; — Z be the sub-hypergraph of H; induced
by V\ Z and let

wi(Z) = |®(H; = Z)|-

So, if Z € E then w;(Z) is the number of perfect matchings that contain Z as
an edge.
Now define property

PB; = {maxr w;(E;) < L}.
We also define

-1 1/n—-1
R = {‘D(x,Hi)— (Z_1>pi < L(Z—l)pi’ foraller}

D(x,H;) = |{e €E;:x€e}]

where

is the number of edges of H; that contain x.
We consider the first time ¢ < T, if any, where .7 fails. Then,

N[ C [U«@z] u [U ﬁfi%%] U [ﬁf; N ﬂ(%%)]
i<t i<t i<t i<t

Indeed, if the first two events in square brackets fail and (;, @%%;%; occurs,
then for the LHS to occur, we must have the occurrence of the third event in
square brackets.
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‘We can therefore write

P (%mﬂ%) <
i<t

Y P(%)+ Y P(%:B;) +P (d{m ﬂ(%%)) . (13.17)

i<t i<t i<t

Dealing with %,

The hypergraph H; is distributed as H,, ,,.x, the random k-uniform hypergraph
on vertex set [n] with m; = N —i edges. It is a little easier to work with H,, ,,
where each possible edge occurs independently with probability p;. Now the
probability that Hj, ,.. has exactly m; edges is Q(m;l/ 2) and so we can use

H,, ,.x as our model if we multiply the probability of unlikely events by O(mi1 / 2)
— using the simple inequality, P(A | B) <P(A)/P(B).
It then follows that the Chernoff bounds imply that

P(Ii<T:~%)=0n 1. (13.18)

This deals with the first sum in (13.17).

Dealing with the third term in (13.17)
We show next that

1
s E<
Pt = 6 = K3/4logn

This enables us to use a standard concentration argument to show that .27 holds
w.h.p., given that ",,(%;%;) holds.
We first compute

wii(Ei)=Y Y ler

e€E; | FeZ;_
I
FeZi k

Hence, forany e € E;_1,
k
P = ;WH(EIA)

k
> E|Ei71|maxwi71(Ei71)

S kNp;_,

= In W;_1 (6)
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Hence, if the event & = {%;,%;, j < i} holds then

B Wi_1 (e,-) Wi_1 (e) Ln L

&= < max

< < <
D, ek, ®;_1 T kNpi—1 — kKlogn — K3/410gn

Now define

g E&i—v if B;, 2% hold for j < i,
' 0 otherwise

and

We show momentarily that

P(X; >n) < e )

. (13.19)

(13.20)

So if we do have %;,%; fori <t <T (sothatX, =Y (& —7y)) and X; <n

then
t t _
Z§;<Z%+n§ nlogn
i=1 i=1
and hence
! 1 ! n
,.;é’ - K3/410gn,§{€ — K3/4
So,

t

t
n
log|.7| > log|Z| *Z(§i+§i2) > log|-Zo| — Zi%'* K3/4
=

i=1

This deals with the third term in (13.17). (If (), (%:%:) holds then <% holds

with sufficient probability).

- 1
Let us now verify (13.20). Note that |Z;| < P ogn

P(X, > n) = P(MAt-+24) > oy < B (Mt t2)) o =hn,

and that for any 4 > 0

(13.21)

Now Z; = & — ¥ (whenever &; holds) and E(&; | &;) = ¥;. The conditioning
does not affect the expectation since we have the same expectation given any
previous history. Also 0 < & < e = ! (whenever &; holds). So, with 7 < 1,

logn
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by convexity
E("%) = E(" | &) P(&) +E( | ~6)P(—&) <

eME (1 & + éehg
S £

5) P(&) +P(=8)

= (1 % + gehs) P(&)+1-P(&) < e,

Here we used the fact that in putting P(&;) = x, we maximise the LHS of the
penultimate expression by putting x = 1.
So,
E(eh(zl+"'+zt)) < ehzezle Yi
and going back to (13.21) we get
P(X; >n) < M ETin Yihn,
Now Y! % = O(nlogn) and € = 1/logn and so putting & equal to a small

enough positive constant makes the RHS of the above less than e~"/2 and
(13.20) follows.

Dealing with the second term in (13.17)
It only remains to deal with the second term in (13.17) and show that
P(o#%,%;) < n /4. (13.22)
For |Y| < k we let
Viv=A{ZeV,:ZDY} (13.23)
and
% = {maxwi(Vkﬁy) < max {n_kCID(Hi),Zmedwi(Vk’y)} VY € Vk_l}

This event “replaces” the average of w; by the median of w;. A subtle, but
important idea.
We will prove

P(%:%,%;) < &€ =n~ 9% where 8, =2~ *+3) (13.24)
P(A4%6) <n L. (13.25)

And then use
AR B C AR 6 R B

Proof of (13.24)
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‘We make the following assumption:

For if this doesn’t hold, (13.24) will be trivially satisfied.

Suppose that [V| =nand w: V, — RT. For X CV with |X| <k we let y(X) =
max w(Vy x). (See (13.23) for the definition of Vj x).

We need the following simple lemma:

Lemma 13.3  Suppose that for each Y € Vy_y and y(Y) > B we have
1 n—k

2 2
Then for any X CV with |X| =k — j and w(X) > 2/~'B we have

{zevrive)= Jun}|>

HZevk,x W(Z) > zljw(X>H > ("2">1(J_11), (13.26)

Proof Write N; for the RHS of (13.26). We proceed by induction on j, with
the case j = 1 given. Assume that X is as in the statement of the lemma and
choose Z € Vi x with w(Z) maximum (i.e. w(Z) = y(X)). Let y € Z\ X and
Y =XU{y}. Then |Y|=k—(j—1) and y(Y) = y(X) >2/"'B>2/72B. So
by our induction hypothesis there are at least N;_; sets Z' € Vi y with w(Z') >
2-U=Dy(y) =2-U-Dy(X). For each such Z',Z'\ {y} is a (k — 1)-subset of
V with w(Z'\ {y}) > w(Z') > 2-U-1B. So for each such Z’ there are at least
(n—k)/2 sets VAN Vk,Z’\{y} with

WZ') 2 Sy \ (5 > 2 ().

The number of these pairs (Z’,Z") is thus at least (n —k)N;_; /2. On the other
hand, each Z' associated with a given Z" is (Z"\ {u}) U{y} for some u € Z"\
(X U{y}); so the number of such Z' is at most j — 1 and the lemma follows. [
Now maxw;(Viy) > ®(H;)/(}). So, applying Lemma 13.3 with B = n*®(H;)
we see that if &; and a fortiori if %#;%; holds then

max w;(Viy) > B implies that 2medw;(Vy y) > maxw;(Vyy) and so

1 n—k
HZ€V1<,Y :wi(Z) = ZW(Y)H >

Putting j = k so that X = 0 and y(0) = max w;(V}), we see that if %Z;%; holds
then

maxw(Vk)}' Uil T O

KeVi=Vig:wi(K)>
O S =
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where § = 2%,
Let

Ef ={ecE;:wi(e) > dmaxw;(E;)/2}.
We show that (13.27) implies

Sznkpi
2k!

P(|E;‘| <

%,-%,-) < p9K/10, (13.28)

Now let X; denote the set of vertices for which there are at least Snf~!/k!
choices for xp, . ..,x; such that

wi(x1,...,x;) > O maxw;(E;). (13.29)

Now (13.27) implies that

X1 x nk=1 = X)) Snk1 - S(n—k)*
n—
2 =) : KT (k—1)
which implies that
on

Now fix 0 < ¢ < 2nlogn and let L = 2°. Fix a vertex x| € X; and let A, =
{e € ([Z]) :x) € e and w;(e) > L}. Here L will be an approximation to the ran-
dom variable 6 max w;(E;). Using L in place of max w;(E;) reduces the condi-
tioning. There are not too many choices for L and so we will be able to use the
union bound over L.

Note that without the conditioning Z;%;, the two events {S CA;,TNA, =0}
and {S C E;, T NE; = 0} will be independent for all S, T € (’,‘J) This is because
w;(e) depends only on the existence of edges f where e N f = 0. Hence, if
we work with the model H, ,..c, without the conditioning, |A; N E;| will be
distributed as Bin(|Az|, p;). Hence, if |Ar| > A = §n*~1 /k! then

P(|ALHE,'| SA/Z) <
P(Z%6}) -
e le=Pi/8 < =0K/9.

P(|ALNE;| <A/2 | 2%;) <

There are at most n choices for x;. The number of choices for £ is 2nlogn and
for one of these we will have 2¢ < § maxw;(E;) < 2*! and so with probability
1 — n2+o()=8K/9 we have that for each choice of x; € X; there are z%nkflp,'

choices for xp,...,x; such that {xj,...,x;} is an edge and w;(xj,...,x) >
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6 maxw;(E;). This verifies (13.28) and we have

wi(e) _ Yeerr Wile 5’ &’
Leery Wile) | Lecr Wile) gy 8 o 8
max w;(E;)

>
- — 2k! -2

max w;(E;)
which implies property %; if K > 2124,
Proof of (13.25)

Giveny € V we let X (y, H) denote the edge containing y in a uniformly random
1-factor of H. We let

h(y,H) = — Y P(X(y,H) = e) logP(X(y,H) = ¢)
esdy

denote the entropy of X (y, H). Here log still refers to natural logarithms. See
Chapter 24 for a brief discussion of the properties of entropy that we need.

Lemma 13.4
log®(H) <

1 —

Z h(y,H).
yev

Proof This follows from Shearer’s Lemma, Lemma 24.4. To get Lemma 13.4
from this, let X be the indicator of a random 1-factor so that we can take B =
([Zl) and &/ = (A, : v € [n]), where A, is the set of edges of H, ,,;x containing
v. Finally note that the entropy /(X)) of the random variable X satisfies h(X) =
log®(H) since X is (essentially) a random 1-factor.

O
For the next lemma let S be a finite set and w : S — R and let X be the random
variable with

Lemma 13.5 Ifh(X) > log|S| — M then there exist a,b € range(w) with
a S b S 24(M+]0g3)a
such that for J = w~[a,b] we have

| > e M72|S| and w(J) > .Tw(S).
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Proof Let
h(X)=1log|S|—-M (13.30)

and define C by logC =4(M +1log3). With w=w(S)/|S|, leta=w/C,b =Cw,
L=w1([0,a)),U =w!((b,=]),and J = S\ (LUU). We have

B WA) o Wi (Wi wid)
0= L W) Lwa) <1°g wia) tlog w<s>> '

It follows from (24.4) that

Z w(x) logw <loglA|

XEA W(A) W(A) -
and that
w(A)  w(A)
1 <log3
ac{troy W) * w(s) ~ °
So,
w(L) w(J) w(U)
h(X)§log3+Wlog|L|+Wlog|J|+Wlog\U|. (13.31)

Then we have a few observations. First, the Markov inequality implies that
|U| < |S|/C and this then implies that the r.h.s. of (13.31) is less than

w(U)
1 1 ———=1
og3+loglS| w(S) ogC
which with (13.30) implies
M +1log3
U —w(S) =w(S)/4. 13.32
w(U) < TogC w(S) =w(S)/ ( )

Of course this also implies |U| < |S|/4. Then, combining (13.32) with w(L) <
a|S| =w(S)/C, we have w(J) > 0.7w(S). But then since the RHS of (13.31) is
at most

wi), Vi U
log — <log3+log|S|+0.71log —, (13.33)
w(s) ~IS| S|

we have from (13.30) and (13.32) that

log3 +1log|S|+

‘]‘ > 67(0.7)’1(M+10g3)‘5|.

To verify (13.33) observe that it is equivalent to

w(L) w(J) w(U)
Wlog\ﬂ + wlog ||+ w(S)

log S| < log|S|
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or

ML tog 1)+ Y1) jog ] < W(LV)V(*S;V(J )

w(S) w(s) log|S].

O]
Assume that we have 7 and %; and that €; fails at Y. Let e =Y U {x} € V;
satisfy w;(e) = maxw;(Vyy). Note that if H; — e is the sub-hypergraph of H;
induced by V' \ e then, using (13.16),

wi(e) = ®(H; —e) > n *®(H;) = Hnloglogn), (13.34)
Define for all u € ([Z])

Ry = { D(z,H; —u) — (Z:Dpl' < i(Z:Dp,, foralleV\u}.

Arguing as in (13.18) we see that
. AW ) k—L2/4
P|3i<T,ue v ) ~“Fiy ) =0(n ). (13.35)

Choose y € V'\ Y with w;(Y U{y}) < medw;(Vyy) and with h(y, H; — ¢) max-
imum subject to this restriction and set f = Y U {y}. Note that y # x by its
definition.

We have

wi(e) > 2medw;(Viy) > 2w;(f).

Since we have <7, we have

nlogn—+ ﬁ log p; — c3n,

i
n
log |®(H;)| > log |®(Ho)| - }. % — T =
=1

k k
where ¢3 =c;+1/L+0(1).
This and (13.34) implies that
k—1
log®(H; —e) = logw;(e) > . nlogn+ % log p; — can, (13.36)

where ¢4 = c3+0(1).
But Lemma 13.4 with H = H; — e implies that

1
log®(H; —e) < < Y h(z.Hi—e)
zeV\e

and by our choice of y we have h(z,H; —e) < h(y,H; — e) for at least half the
Z’sin V' \ e and that for all z € V' \ e we have,

1 —1
h(z,H; —e) <logD(z,H; —e) < log ((1 + L) <Z_ I)Pi) .
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We have used (13.35) for the last inequality.

This implies that
I : 1 n—1\ (v Hi—e) 1 )
0g [ k1 pi h(y,Hi—e) |. 3.37

Combining (13.36) and (13.37) we get

log®(H; —e) <

Rl =

h(y,H; —e) > (k—1)logn+log p; — 2kcs —log(1+1/L)
=logD(y,H;—e) —cs (13.38)

where
|es| < 2keq +log(k—1)!42log(1+1/L) +o(1).

Recall the definition of Y, f following (13.34). Let W =V \ (Y + {x,y}) and
forZE W, ={ZCW:|Z|=k—1} let

Wi(Z) = ®(H; — (Y UZU{x,y})).

Then define

wyon W, ={KCV\e: |[K|=k,y €K}
and

weonW,={KCV\f: |[K|=kx€K}
by

wy(K) = wi(K\ {y}) and w.(K) = w;(K\ {x}).

Recall next that X (y,H; — e) denotes the edge containing y in a random 1-
factor of H; — e. In which case, X (y, H; — ¢) is chosen according to the weights
w, and X (x,H; — f) is chosen according to the weights w,. Note also that
wy, (W) = wi(e) and w,(Wy) = w;(f).

Let a,b € range(wy) C range(w}) be as defined in Lemma 13.5, using (13.38).
Let J = wy’1 [a,b] and let Z,Z,,...,Zy be an enumeration of the sets in J.
Then

M =|J| > e 2est) (Z:’;) (13.39)
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Now
M
wy(J) =Y ®H; — (Y +Zj+x+Y)1z4yeE
i=1
M
=Y ;g > Tw (W) = Twile). (13.40)
j=1
M
wi(J) = Z Q(H; — (Y +Z; +x+y))12j+er
i=1
M
=Y ;¢ < wa(We) = wi(f) < Swile). (13.41)

~.
I

For (13.40) we let a; = ®(H; — (Y +Z; +x+y)) and {\*) = 17, ,cp. Similarly
for (13.41).
But

Jj= j=1

where U = ZI}/IZI a;pi.

Let

S

X=Y ai¢ $

j=1

where
e —4(cs+1og3) <a;= aj <1
h =

Then

EX > 874(C5+10g3)Mpi >

) —k\ K1
o—4(cs+10g3) ,=2(cs +1) <Z_ 1) ](\)]gn > Lzlogn

for K sufficiently large.
It follows from Corollary 21.7 that

M
P (Z a;t < 19();1) =P(X <0.9EX) < e EX/200 < p=L2/200 (13 42y
=
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A similar argument gives

M
® < 11 —12/300
P <jzla,§j > mu) <nE/30, (13.43)

We have room to multiply the RHS’s of (13.42) and (13.43) by w1 to account
for the number of choices for x,y,Y. This completes the proof of (13.25). [

13.3.1

13.3.2

13.3.3

13.34

13.3 Exercises

Generalise the notion of configuration model to k-uniform hypergraphs.
Use it to show that if r = O(1) then the number of r-regular, k-uniform
hypergraphs with vertex set [r] is asymptotically equal to

(kv()rri’z)‘ )‘ef(kfl)(rfl)/Z.
. rn).

Prove Part (iii) of Theorem 13.1 by showing that

N(b,a) < n* (b_ 1) Y 2t n—b—alk—1)— 1)1 (k)

a—1) 5
<2k (n—b—alk—1))!,

where ¢ depends only on k.

Then use (13.2).

In a directed k-uniform hypergraph, the vertices of each edge are totally
order. Thus each k-set has k! possible orientations. Given a permutation
i1,i2,...,i, of [n] we construct a directed ¢-overlapping Hamilton cycle
E = (i1,.- .,ik),Eg = (lg—p1---si2k—0),--- ,E‘mé = (inf(k7€)+17 ceyip).
Let H?]In, p:k be the directed hypergraph in which each possible directed
edge is included with probability p. Use the idea of McDiarmid in Sec-
tion 12.2 to show (see Ferber [292]) that

—

IP(H,, p:x contains a directed /-overlapping Hamilton cycle)

> IP(H,, p.x contains an {-overlapping Hamilton cycle).

A hypergraph H = (V,E) is 2-colorable if there exists a partition of
V into two non-empty sets A, B such that eNA # 0, eN B # 0 for all
ecE Letm= (Z) p. Show that if ¢ is sufficiently large and m = c2kn
then w.h.p. H,, . is not 2-colorable.
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13.3.5 Let ¢, = ﬁ Show that if ¢ < ¢ then w.h.p. the maximum com-
ponent in H, ..« is of size O(logn). (Here two vertices u,v are in the
same component if there exists a sequence of edges ej,e»,...,e, such
thatu € e;,v€epand e;Nejr) O for 1 <i<f.

13.3.6 Show thatif ¢ > ¢, then w.h.p. H,, .. contains a linear size component.

13.3.7 Given a hypergraph H, let a vertex coloring be strongly proper if no
edge contains two vertices of the same color. The strong chromatic
number X (H) is the minimum number of color’s in a strongly proper
coloring. Suppose that k > 3 and 0 < p < 1 is constant. Show that w.h.p.

d nkflp

H, )~ —— here d = .
2(Hnpi) 5700 Whered = 5,

13.3.8 Let Uy, Us, ..., Uy denote k disjoint sets of size n. Let 5 &, , x denote
the set of k-partite, k-uniform hypergraphs with vertex set V = U; U
Uy U---UU; and m edges. Here each edge contains exactly one vertex
from each U;,1 < i < k. The random hypergraph HE, ,, ; is sampled
uniformly from S22, ,, . Prove the k-partite analogue of Theorem
13.2 viz there exists a constant K > 0 such that if m > Knlogn then
lim P(HP, ,,  has a 1-factor) = 1.

n—yo

13.4 Notes

Components and cores

If H=(V,E) is a k-uniform hypergraph and 1 < j <k — 1 then two sets J;,J» €
(‘j/) are said to be j-connected if there is a sequence of serts E1, E, ..., Ey such
that J; C Ey,Jp C Eg and |E;NE;y| > j for 1 <i < £. This defines an equiv-
alence relation on (‘j/) and the equivalance classes are called j-components.
Karonski and Luczak [467] studied the sizes of the 1-components of the ran-
dom hypergraph H, ,,,x and proved the existence of a phase transition at m =~

n

R Cooley, Kang and Koch [194] generalised this to j-components and

proved the existence of a phase transition at m ~ ((A)(fi(n)
7 ) k=i
phase transition corresponds to the emergence of a unique giant, i.e. one of

order (;’) )

. As usual, a

The notion of a core extends simply to hypergraphs and the sizes of cores in
random hypergraphs has been considered by Molloy [582]. The r-core is the
largest sub-hypergraph with minimum degree r. Molloy proved the existence
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of a constant ¢ - such that if ¢ < ¢, then w.h.p. H,, ¢,,.x has no r-core and that if
¢ > cpx then w.h.p. H, o has a r-core. The efficiency of the peeling algorithm
for finding a core has been considered by Jiang, Mitzenmacher and Thaler
[449]. They show that w.h.p. the number of rounds in the peeling algorithm is
asymptotically log(llfl% if ¢ < ¢, and Q(logn) if ¢ > ¢,x. Gao and Molloy
[357] show that for [¢ — c,x| < nd.0<8< 1/2, the number of rounds grows
like ®(n%/2). In this discussion, (r,k) # (2,2).

Chromatic number

Krivelevich and Sudakov [510] studied the chromatic number of the random
k-uniform hypergraph H,, ;.. For 1 <y < k—1 we say that a set of vertices S
is y-independent in a hypergraph H if |[SNe| < y. The y-chromatic number of a
hypergraph H = (V, E) is the minimum number of sets in a partition of V into
Y-independent sets. They show that if d ™ = y(k_l) (Z:}) p is sufficiently large

14
d\v 77 1s a good estimate of the y-chromatic number of H, .

then Whp W

Dyer, Frieze and Greenhill [267] extended the results of [5] to hypergraphs.
Let uy ;= £~ 'log /. They show that if ux—1 < ¢ < uy, then w.h.p. the (weak
(y = k— 1)) chromatic number of H, ., is either k or k+ 1.

Achlioptas, Kim, Krivelevich and Tetali [2] studied the 2-colorability of H =
H, pi. Letm = (Z) p be the expected number of edges in H. They show that if
m=c2*nand ¢ > % then w.h.p. H is not 2-colorable. They also show that if

c is a small enough constant then w.h.p. H is 2-colorable.

Orientability

Gao and Wormald [359], Fountoulakis, Khosla and Panagiotou [311] and
Lelarge [522] discuss the orientability of random hypergraphs. Suppose that
0 < ¢ < k. To ¢-orient an edge e of a k-uniform hypergraph H = (V,E), we
assign positive signs to ¢ of its vertices and k — ¢ negative signs to the rest. An
(¢, r)-orientation of H consists of an ¢-orientation of each of its edges so that
each vertex receives at most  positive signs due to incident edges. This notion
has uses in load balancing. The papers establish a threshold for the existence
of an (¢,r)-orientation. Describing it is somewhat complex and we refer the
reader to the papers themselves.
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VC-dimension

Ycart and Ratsaby [732] discuss the VC-dimension of H = H,, ... Let p =
cn—o for constants ¢, . They give the likely VC-dimension of H for various
values of o. For example if & € [k] and o0 = k — h(:;ll) then the VC-dimension
ishor h—1 w.h.p.

Erdoés-Ko-Rado

The famous Erd8s-Ko-Rado theorem states that if n > 2k then the maximum
size of a family of mutually intersecting k-subsets of [n] is (Z::) and this is
achieved by all the subsets that contain the element 1. Such collections will
be called stars. Balogh, Bohman and Mubayi [47] considered this problem in
relation to the random hypergraph H,, ,.r. They consider for what values of k, p
is it true that maximum size intersecting family of edges is w.h.p. a star. More
recently Hamm and Kahn [392], [393] have answered some of these questions.
For many ranges of k, p the answer is as yet unknown.

Bohman, Cooper, Frieze, Martin and Ruszinko [111] and Bohman,

Frieze, Martin, Ruszinko and Smyth [112] studied the k-uniform hypergraph H
obtained by adding random k-sets one by one, only adding a set if it intersects
all previous sets. They prove that w.h.p. H is a star for k = o(nl/ 3) and were
able to analyse the structure of H for k = o(n%/12).

Perfect matchings and Hamilton cycles in regular hypergraphs

The perfect matching probelm turns out to be a much easier problem than that
discussed in Section 13.2. Cooper, Frieze, Molloy and Reed [222] used small
subgraph conditioning to prove that H, . has a perfect matching w.h.p. iff

_ logr
k > k, where k, = 7(r—1)10g((r:|)) +1.

Dudek, Frieze, Ruciriski and Silekis [255] made some progress on loose Hamil-
ton cycles in random regular hypergraphs. Their approach was to find an em-
beddding of Hi, ,,.x in a random regular k-uniform hypergraph.
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Trees

The properties of various kinds of trees are one of the main objects of study in
graph theory mainly due to their wide range of application in various areas of
science. Here we concentrate our attention on the “average” properties of two
important classes of trees: labeled and recursive. The first class plays an im-
portant role in both the sub-critical and super-critical phase of the evolution of
random graphs. On the other hand random recursive trees serve as an example
of the very popular random preferential attachment models. In particular we
will point out, an often overlooked fact, that the first demonstration of a power
law for the degree distribution in the preferential attachment model was shown
in a special class of inhomogeneous random recursive trees.

The families of random trees, whose properties are analyzed in this chapter, fall
into two major categories according to the order of their heights: they are ei-
ther of square root (labeled trees) or logarithmic (recursive trees) height. While
most of square-root-trees appear in probability context, most log-trees are en-
countered in algorithmic applications.

14.1 Labeled Trees

Consider the family .7}, of all n"~2 labeled trees on vertex set [n] = {1,2,...,n}.
Let us choose a tree T, uniformly at random from the family .7,. The tree T;, is
called a random tree (random Cayley tree).

The Priifer code [638] establishes a bijection between labeled trees on vertex
set [n] and the set of sequences [1]"~2 of length n — 2 with items in [n]. Such
a coding also implies that there is a one-to-one correspondence between the
number of labeled trees on n vertices with a given degree sequence d;,d, . .. ,d,
and the number of ways in which one can distribute n — 2 particles into 7 cells,
such that ith cell contains exactly d; — 1 particles.

If the positive integers d;, i = 1,2,...,n satisfy

d1+d2+"'—|-dn=2(n—l),

then there exist

n—2
14.1
(dl—l,d2—17...,d,,—l> ( )

273
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trees with n labeled vertices, the ith vertex having degree d;.
The following observation is a simple consequence of the Priifer bijection.

Namely, there are
) )
(Z.’_ 1) (n—1)-! (14.2)

trees with n labeled vertices in which the degree of a fixed vertex v is equal to
i.

Let X, be the degree of the vertex v in a random tree 7,, and let X;; = X, — 1.
Dividing the above formula by n"2 it follows that, for every i, X;" has the
Bin(n — 2,1/n) distribution, which means that the asymptotic distribution of
X;* tends to the Poisson distribution with mean one.

This observation allows us to obtain an immediate answer to the question of
the limiting behavior of the maximum degree of a random tree. Indeed, the
proof of Theorem 3.4 yields:

Theorem 14.1 Denote by A = A(T,) the maximum degree of a random tree.
Then w.h.p.
logn

AT,) = .
(T2) loglogn

O

The classical approach to the study of the properties of labeled trees chosen
at random from the family of all labeled trees was purely combinatorial, i.e.,
via counting trees with certain properties. In this way, Rényi and Szekeres
[640], using complex analysis, found the height of a random labeled tree on n
vertices (see also Stepanov [694], while for a general probabilistic context of
their result, see a survey paper by Biane, Pitman and Yor [89]).

Assume that a tree with vertex set V = [n] is rooted at vertex 1. Then there is
a unique path connecting the root with any other vertex of the tree. The height
of a tree is the length of the longest path from the root to any pendant vertex of
the tree. Pendant vertices are the vertices of degree one.

Theorem 14.2  Let h(T,,) be the height of a random tree T,,. Then

}ﬂp(}i(/%) <x> =1(x),

where

473/ & 2
— 12— (km/x)"
x3 k;

n(x)
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Moreover,
w(wr—3
En(T,) ~V2nn and Varh(T,) ~ %n

We will now introduce a useful relationship between certain characteristics of
random trees and branching processes. Consider a Galton-Watson branching
process u(t), t =0,1,..., starting with M particles, i.e., with u(0) = M, in
which the number of offspring of a single particle is equal to r with probability
Dr,YgeoPr = 1. Denote by Zy the total number of offspring in the process
w(r). Dwass [264] (see also Viskov [716]) proved the following relationship.

Lemma 14.3 Let Y1,Ys,...,YN be a sequence of independent identically dis-
tributed random variables, such that

P(Y,=r)=p, for r=1,2,...,N.
Then
M
P(Zy =N) = N]P(Y1+Y2+...+YN:N7M).

Now, instead of a random tree 7;, chosen from the family of all labeled trees .7,
on n vertices, consider a tree chosen at random from the family of all (n+1)"~!
trees on n+ 1 vertices, with the root labeled 0 and all other vertices labeled
from 1 to n. In such a random tree, with a natural orientation of the edges from
the root to pendant vertices, denote by V; the set of vertices at distance ¢ from
the root 0. Let the number of outgoing edges from a given vertex be called
its out-degree and X;; be the number of vertices of out-degree r in V;. For our

branching process, choose the probabilities p,, for r =0, 1,.. ., as equal to
AT
Pr= 7'6 17
r.

i.e., assume that the number of offspring has the Poisson distribution with mean
A > 0. Note that A is arbitrary here.

Let Z,; be the number of particles in the rth generation of the process, having
exactly r offspring. Next let X = [m,], nt =0,1,...,n be a matrix of non-
negative integers. Let s, = Y"_, m,; and suppose that the matrix X satisfies the
following conditions:

(i) so=1,
S =myy—1+2mp; 1 +...nmy,y for t=1,2,...n

(ii) s; =0 implies that 5,11 =... =5, =0.
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(i) so+s1+...+s,=n+1.

Then, as proved by Kolchin [496], the following relationship holds between
the out-degrees of vertices in a random rooted tree and the number of offspring
in the Poisson process starting with a single particle.

Theorem 14.4
P(X}] =X) =P([Z,] =X|Z=n+1).

Proof InLemma 14.31let M =1and N =n—+ 1. Then,

1
]P(Z] :}’l+1): n 1 ]P)(Y1+Y2+"~+Yn+1 :n)
1 ntl g i

= e
n+1 r1+---+zrn+|:nil=—! rit
B (n_,'_l)nlnefk(rwl)

(n+1)!

Therefore
P((Z] = X|Z=n+1) =
5 m, 1My,
_ H:l:o (mo.l‘v"'vmn,t) pOOt “+Pn t
N P(Z=n+1)
r Myt
(n+ 1)‘H;l:0 mO,t! mlit!! o M) HIV‘ZZO (%e_l>
(I’l+ l)n;{nefl(wr])
(m+ 1) st sl e sy P12 1

ey U (142

On the other hand, one can construct all rooted trees such that [X,;] = X in the
following manner. We first layout an unlabelled tree in the plane. We choose
a single point (0,0) for the root and then points S; = {(i,z) :i=1,2,...,5}
for t =1,2,...,n. Then for each ¢, we choose m,; points of S; that will be
joined to r points in S;41. Then, forr =0,1,...,n — 1 we add edges. Note that
Sy, if non-empty, has a single point corresponding to a leaf. We go through S;
in increasing order of the first component. Suppose that we have reached (i,7)
and this has been assigned out-degree r. Then we join (i,¢) to the first r vertices
of S;4+1 that have not yet been joined by an edge to a point in S;. Having put
in these edges, we assign labels 1,2,...,n to Ui, S;. The number of ways of
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doing this is

n

HWL xn!.

it Iy my!

The factor n! is an over count. As a set of edges, each tree with [Xrﬂ =X
appears exactly [T'_o TT/_o(r!)™ times, due to permutations of the trees below
each vertex. Summarising, the total number of tree with out-degrees given by
the matrix X is

1s! !
n: s S2 cen Syt [HOH) m” r' v
which, after division by the total number of labeled trees on n+ 1 vertices,
i.e., by (n+1)""!, results in an identical formula to that given for the random
matrix [X'] in the case of [Z,/], see (14.3). To complete the proof one has to
notice that for those matrices X which do not satisfy conditions (i) to (iii) both
probabilities in question are equal to zero. O

Hence, roughly speaking, a random rooted labeled tree on n vertices has asymp-
totically the same shape as a branching process with Poisson, parameter one in
terms of family sizes. Grimmett [384] uses this probabilistic representation to
deduce the asymptotic distribution of the distance from the root to the nearest
pendant vertex in a random labeled tree 7;,, n > 2. Denote this random variable

by d(Ty,).
Theorem 14.5 Asn — oo,
k—1
P(d(T,) > k) — exp Z oy,
i=1
where the o; are given recursively by
=0, Oy=e%—e'—1

Proof Let k be a positive integer and consider the sub-tree of 7, induced by
the vertices at distance at most k from the root. Within any level (strata) of T,
order the vertices in increasing lexicographic order, and then delete all labels,
excluding that of the root. Denote the resulting tree by Tnk .

Now consider the following branching process constructed recursively accord-
ing to the following rules:

(i) Start with one particle (the unique member of generation zero).
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(ii) For k > 0, the (k+ 1)th generation Ay is the union of the families of de-
scendants of the kth generation together with one additional member which
is allocated at random to one of these families, each of the |A;| families
having equal probability of being chosen for this allocation. As in Theorem
14.4, all family sizes are independent of each other and the past, and are
Poisson distributed with mean one.

Lemma 14.6 As n — oo the numerical characteristics of T,{‘ have the same
distribution as the corresponding characteristics of the tree defined by the first
k generations of the branching process described above.

Proof For a proof of Lemma 14.6, see the proof Theorem 3 of [384].

Let Y, be the size of the kth generation of our branching process and let Nj
be the number of members of the kth generation with no offspring. Let i =
(i1,12,...,ix) be a sequence of positive integers, and let

Aj:{NjZO} and Bj:{Yj:ij} for j:1,27...,k.
Then, by Lemma 14.6, as n — oo,
P(d(T,) > k) — P(A; NA2N...NA) -

Now,

k
P(A1NAN...NA) =Y [[P(4,lAi1N...NA; -1 NBiN...B))
i j=1
X P(BJ|A1 N...NA;_1NB ﬂ...Bj,I),

Using the Markov property,

k
P(A1NA2N...NA) =Y []P(A;|B;)P(B)|Aj-1NB, 1)
i j=1

LI

where C;(i;) = P(B;|Aj_1 N B;_1) is the coefficient of x'/ in the probability
generating function D(x) of ¥; conditional upon ¥;_; =i;_; and N; = 0. Thus

(1—e ") ci(i)), (14.4)

|
:»

Il
=

J

Y, = 1+Z+ R, +~~-+Rij,1717
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where Z has the Poisson distribution and the R; are independent random vari-
ables with Poisson distribution conditioned on being non-zero. Hence

_ l’j,lfl
Dj(x) =xe*! (ex 1) .

e—1

Now,

We can use this to eliminate iy in (14.4) and give

P(Al ﬂAzﬂ...ﬁAk) =

ﬁ'—l ir—1—1
IR T (1) (149

(i1 5ensik—1) J=

where B = 1 — e~ !. Eliminating i;_; from (14.5) we get

P(Al NA2N...NA) =

B 1 e-2~1
)ePr+B ¢
Z Hﬁ e ( e—1 ) ’

(i1yesig—2) J=
(07204
1

where 3, = (eﬁl —1). Continuing we see that, for k > 1,

k
P(A; ﬂAzﬂ...ﬂAk) ZGXP{Z(ﬁi_ 1)} —exp{

i=1

™=

i

where fo, i, ... are given by the recurrence
Bo=1, Bi1= (eﬁ" - 1) e

and o; = B; — 1. One can easily check that 3; remains positive and decreases
monotonically as i — oo, and so o; — —1. O

Another consequence of Lemma 14.3 is that, for a given N, one can associated
with the sequence Y1,Y>, ..., Yy, a generalized occupancy scheme of distribut-
ing n particles into N cells (see [496]). In such scheme, the joint distribution of
the number of particles in each cell (v, v,,...,Vy) is given, forr=1,2,... N
by

P(v, =k) =P (Y, =k,

N
Y v.= n> . (14.6)
r=1

Now, denote by X;© = Z;’:()X,f, the number of vertices of out-degree r in a
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random tree on n + 1 vertices, rooted at a vertex labeled 0. Denote by zn =
Y'—0Zr:, the number of particles with exactly r offspring in the Poisson process
U (t). Then by Theorem 14.4,

P(X," =k, r=0,1,...,n) =
[P(Z(’) =k, r=0,1,...,n|1Zy =n+1).

Hence by equation (14.1), the fact that we can choose A = 1 in the process
() and (14.6), the joint distribution of out-degrees of a random tree coincides
with the joint distribution of the number of cells containing the given number
of particles in the classical model of distributing # particles into n+ 1 cells,
where each choice of a cell by a particle is equally likely.

The above relationship, allows us to determine the asymptotic behavior of the
expectation of the number X, of vertices of degree r in a random labeled tree
T,.

Corollary 14.7

14.2 Recursive Trees

We call a tree on n vertices labeled 1,2,...,n a recursive tree (or increasing
tree) if the tree is rooted at vertex 1 and, for 2 < i < n, the labels on the unique
path from the root to vertex i form an increasing sequence. It is not difficult
to see that any such tree can be constructed “recursively”: Starting with the
vertex labeled 1 and assuming that vertices “arrive” in order of their labels, and
connect themselves by an edge to one of the vertices which “arrived” earlier.
So the number of recursive (increasing) trees on n vertices is equal to (n — 1)!.
A random recursive tree is a tree chosen uniformly at random from the family
of all (n— 1)! recursive trees. Or equivalently, it can be generated by a recur-
sive procedure in which each new vertex chooses a neighbor at random from
previously arrived vertices. We assume that our tree is rooted at vertex 1 and
all edges are directed from the root to the leaves.

Let 7, be a random recursive tree and let D,J{J- be the out-degree of the vertex
with label i, i.e the number of “children” of vertex i. We start with the exact
probability distribution of these random variables.
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Theorem 14.8 Fori=1,2,...,nandr=1,2,....n—1,

P(D;;=r) = (i-1)! nf (k) (i—1)*"s(n—i,k)| (14.7)

(n—l)!k:r r

where s(n—i,k) is the Stirling number of the first kind.

Proof Conditioning on tree 7,,_; we see that, for r > 1,

n—2
P(anl. =r)= — }P’(D:{_u

1
=r)+ nflP(D;_u =r—1). (148)
Fix i and let

n—i

Dyi(z) =Y, P(D,,;=r)Z
r=0

be the probability generating function of DL.
Multiplying (14.8) by 7" and then summing over r > 1 we see that

D,i(z) = P(D,;=0) =
n—

2 Z
(@11 B0, = 0)) B,
Notice, that the probability that vertex i is a leaf equals
]P>(D+70)fnﬁ1 T (14.9)
ni - o ] - n—1" .
Therefore
@0(0) = 2B 1i(2) 4@y (2
n,i\Z *n_] n—1,i\Z 1 n—1,i\Z)-
With the boundary condition,
D;i(z) = ]P’(Dﬁi =0)=1.
One can verify inductively that
i (ztitk—2
D,i(z) = —_
ni(?) ,Q ( itk—1 )
(i—1)! . :
:W(Z+171)(z+z)...(z+n—2). (14.10)

Recall the definition of Stirling numbers of the first kind s(n,k). For non-
negative integers n and k

2(z—=1)...(z—n+1)= is(n,k)zk.
k=1



282 Trees

Hence
Bui(0) = LN il e+ i 1)
(n 1)'k:l
7(171)!’1_1]( k rl* krsnil
<n—1>'kl,§o<r>z( DEr|s(n— i, k)|

It follows from (14.10), by putting z = 0, that the expected number of vertices
of out-degree zero is

i—1 n
n—1 P

n

1

Then (14.8) with i = r = 1 implies that P(D;', = 1) = 1/(n— 1). Hence, if L,
is the number of leaves in 7}, then

(14.11)

For a positive integer n, let {,(s) = Y}, k~* be the incomplete Riemann zeta
function, and let H, = {(1) = ¥7_, k! be the nth harmonic number, and let
5,17;( denote the Kronecker function 1,_y.

Theorem 14.9 For 1 <i <n, let D, ; be the degree of vertex i in a random
recursive tree T,. Then

ED,;=H,_1 —Hi_1+1-6,,
while
VarD,; =H,—1 —Hi—1 — §—1(2)+ §i—1(2).

Proof Let N; be the label of that vertex among vertices 1,2, ... j—1 which is
the parent of vertex j. Then for j > land 1 <i<j

n
Dpi=Y &y (14.12)
Jj=i+1

By definition N,, N3, ..., N, are independent random variables and for all 7, j,

P(N; = i) = —. (14.13)
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The expected value of D, ; follows immediately from (14.12) and (14.13). To
compute the variance observe that

! 1 1
S S (R

jmir1 )~ j—1
O

From the above theorem it follows that VarD,,; <ED, ;. Moreover, for fixed i
and n large, ED,, ; ~ logn, while for i growing with n the expectation ED,, ; ~
logn —logi. The following theorem, see Kuba and Panholzer [516], shows a
standard limit behavior of the distribution of Dj, ;.

Theorem 14.10 Let i > 1 be fixed and n — . Then
(Dyi—logn)/\/logn % N(0,1).

Now, leti =i(n) — e asn — oo, If

(i) i=o(n), then

(D — (logn —logi))/+/logn—logi % N(0, 1),
(ii) i=cn, 0 <c <1, then
Dy N Po(—logc),
(iii) n—i=o(n), then

IP’(DL. =0)—1.

Now, consider another parameter of a random recursive tree.

Theorem 14.11 Let r > 1 be fixed and let X, , be the number of vertices of
degree r in a random recursive tree T,. Then, w.h.p.

Xy, =n/2",
and
X,,,r—n/Z’ i} Y,

n

as n — oo, where Y, has the N(0, 6?2) distribution.
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O
In place of proving the above theorem we will give a simple proof of its imme-
diate implication, i.e., the asymptotic behavior of the expectation of the random
variable X, . The proof of asymptotic normality of suitably normalized X, , is
due to Janson and can be found in [424]. (In fact, in [424] a stronger statement
is proved, namely, that, asymptotically, for all » > 1, random variables X,, . are
jointly Normally distributed.)

Corollary 14.12 Let r > 1 be fixed. Then
EX,,~n/2".

Proof Let us introduce a random variable Y, , counting the number of vertices
of degree at least r in 7,. Obviously,

Xn,r = Inr— Y117}’+1 . (14.14)
Moreover, using a similar argument to that given for formula (14.7), we see
that for 2 <r <n,
n—2 1
E[Yn,r|Tn71] - nfl,r'*‘ 7Yn71,r71 (1415)
n—1 n—1
Notice, that the boundary condition for the recursive formula (14.15) is, triv-
ially given by
EY,,J =n.
We will show, thatEY;, , /n—27" +1 which, by (14.14), will imply the theorem.
Set

anyi=n2"" —EY,,. (14.16)
EY, 1 = nimplies that a, | = 0. We see from (14.11) that the expected number
of leaves in a random recursive tree on n vertices is given by
n 1
EX,1==+—.
n =t
Hencea,» =1/(n—1)asEY,» =n—EX, .
Now we show that,

0 <dp1 <anp < <dpp-1. (14.17)

From the relationships (14.15) and (14.16) we get

n—2 1
Qpr= ——0p—1r+ ——0n—1r-1. (14.18)
n—1 n—1
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Inductively assume that (14.17) holds for some n > 3. Now, by (14.18), we get

anr > ——ap—1r—1+ ——=an—1 -1 =An—1,—1-
n—1 n—1

Finally, notice that

2
(n—1)1"

Anp—1 = n2rn

since there are only two recursive trees with n vertices and a vertex of degree
n— 1. So, we conclude that a(n,r) — 0 as n — o, for every r, and our theorem
follows. O

Finally, consider the maximum degree A, = A, (T},) of a random recursive tree
T,. It is easy to see that for large n, its expected value should exceed logn, since
it is as large as the expected degree of the vertex 1, which by Theorem 14.9
equals H,_; ~logn. Szymaiiski [700] proved that the upper bound is O(log, n)
(see Goh and Schmutz [376] for a strengthening of his result). Finally, Devroye
and Lu (see [240]) have shown that in fact A, ~ log,n . This is somewhat
surprising. While each vertex in [1,n1_"(1)] only has a small chance of having
such a degree, there are enough of these vertices to guarantee one w.h.p..

Theorem 14.13 In a random recursive tree T,, w.h.p.

Ap = log, n.

The next theorem was originally proved by Devroye [235] and Pittel [625].
Both proofs were based on an analysis of certain branching processes. The
proof below is related to [235].

Theorem 14.14  Let h(T,) be the height of a random recursive tree T,. Then
w.h.p.

h(T,) = elogn.

Proof

Upper Bound: For the upper bound we simply estimate the number v; of
vertices at height 7 = (14 €)elogn where € = o(1) but is sufficiently large so
that claimed inequalities are valid. Each vertex at this height can be associated
with a path iy = 1,i,...,i, of length k in T,. So, if S = {i1,...,i,} refers to
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such a path, then

1 1
Ev, = Z H ; <— -
IS|=h, iesi—1 7 M\ =

1=
=
=
IA

hy
((l—l-}llogn)e> =o0(1), (14.19)
1

assuming that i€ — co.

Explanation: If S = {i; = 1,is,...,i, } then the term H?‘Zl 1/i; is the proba-
bility that i; chooses i;_1 in the construction of 7.

Lower Bound: The proof of the lower bound is more involved. We consider
a different model of tree construction and relate it to 7,,. We consider a Yule
process. We run the process for a specific time ¢ and construct a tree Y (r). We
begin by creating a single particle x; at time O this will be the root of a tree
Y (¢). New particles are generated at various times 7; = 0, T2, ... ,. Then at time
7 there will be k particles X = {x1,x2,...,x;} and we will have Y (¢) = Y (7;)
for 7, <r < 71 1. After x; has been added to Y (1), each x € X is associated
with an exponential random variable E, with mean one'. If z; is the particle
in X; that minimizes Ey,x € X then a new particle x| is generated at time
Tir1 = T + E;, and an edge {zi,xx41} is added to Y (i) to create Y (Tyy1).
After this we independently generate new random variables Ey,x € Xj.y|.

Remark 14.15 The memory-less property of the exponential random vari-
able, i.e. P(Z>a+b|Z > a) =P(Z > b), implies that we could equally well
think that at time ¢ > 7 the E, are independent exponentials conditional on
being at least 7. In which case the choice of z; is uniformly random from X,
even conditional on the processes prior history.

Suppose then that we focus attention on Y (y;s,7), the sub-tree rooted at y con-
taining all descendants of y that are generated after time s and before time ¢.
We observe three things:

(T1) The tree Y (7,) has the same distribution as 7. This is because each par-
ticle in X is equally likely to be z.

(T2) If s <tandy € Y(s) then Y (y;s,?) is distributed as ¥ (f —s). This follows
from Remark 14.15, because when z; ¢ Y (y;s,¢) it does not affect any of
the the variables Ey,x € Y (y;s,1).

! An exponential random variable Z with mean A is characterised by P(Z > x) = ¢ /%,
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(T3) If x,y € Y(s) then Y (x;s,7) and Y (y;s,¢) are independent. This also fol-
lows from Remark 14.15 for the same reasons as in (T2).

It is not difficult to prove (see Exercise (vii) or Feller [290]) that if P,(¢) is the
probability there are exactly n particles at time ¢ then

B(t)=e"(1—e )" 1, (14.20)
Next let
t1 = (1—¢€)logn.

Then it follows from (14.20) that if v(z) is the number of particles in our Yule
process at time ¢ then

n—1
P(v(t;) >n) < Z e (l—e Mkt = <1 - )

k>n

o(1). (14.21)

We will show that w.h.p. the tree 7, ;) has height at least
hy = (1 - 8)et1

and this will complete the proof of the theorem.
We will choose s — o, s = O(logt#;). It follows from (14.20) that if vy = ge*
then

P(v(s) < vp) = Zote_s(lfe_s)k_l <e=o(1). (14.22)
k=0

Suppose now that v(s) > vo and that the vertices of Tj,o s are
{x1 1 X255 Xy (s) } Leto = v(;/z and consider the sub-trees

Aj,j=1,2,...,tof T, rooted at x;, j = 1,2,...,v(s). We will show that

P(Ty,.s., has height at least (1 —¢€)3elogn) (14.23)

> —.
~ 2o0logo
Assuming that (14.23) holds, since the trees A1,A»,...,A; are independent, by
T3, we have

P(h(T,) < (1 —¢)’elogn) <

o(1) +P(h(Ti0,) < (1—¢€)*elogn) <o(1)+ (1 - Mi)gc) ’ =o(1).

To prove all this we will associate a Galton-Watson branching process with
each of x1,xy,...,x¢. Consider for example x = x; and let 7y = logc. The ver-
tex x will be the root of a branching process I, which we now define. We will
consider the construction of Y (x;s,¢) at times 7; = s+ ity for i = 1,2,... iy =
(t1 —s)/ 0. The children of x in IT are the vertices at depth at least (1 —€)eTp in
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Y (x;s,71). In general, the particles in generation i will correspond to particles
at depth at least (1 — €)etp in the tree Y (&;7;1,7;) where & is a particle of
Y (x;5,t) included in generation i — 1 of IT.
If the process IT does not ultimately become extinct then generation iy corre-
sponds to vertices in Y (¢) that are at depth

iox (1—€)ety=(1—¢€)e(t; —s) > (1 —¢€)>elogn.

We will prove that

P(IT does not become extinct) > (14.24)

2clogo’

and this implies (14.23) and the theorem.

To prove (14.24) we first show that u, the expected number of progeny of a
particle in IT satisfies > 1 and after that we prove (14.24).

Let D(h,m) denote the expected number of vertices at depth 4 in the tree T,
Then for any & €11,

uw>D((1—¢)ety,0) xP(v(1H) > 0). (14.25)

It follows from (14.20) and o = ¢™ that

P(]Y(£,0,%)| > 0) = Ze_m e )
1
=(1—e"™°%>_—. (14.26
(I—e7®)7= 5. (14.26)
We show next that for m > h we have
logm —logh —1)"
D(h,m)z(ogm ogh—1)" (14.27)

h!
To prove this, we go back to (14.19) and write

13 1 1
D(hym)=-Y —— —
h;l 1 (;"\(})JEIS_\I{} —1
1 1 1 1 1 LA |
=% (1577 L =12 ; [ X ¢
Se([i_n;])]GS k SE([2M])]€S k=h+1

S logm —logh—1
- h
Equation (14.27) follows by induction since D(1,m) > logm.
Explanation of (14.28): We choose a path of length £ by first choosing a vertex
i and then choosing S C [2,m] \ {i}. We divide by & because each h-set arises

D(h—1,m). (14.28)
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h times in this way. Each choice will contribute [];csu(;) J_il We change the

order of summation i, S and then lower bound ¥1",, o ¢ by Yt

We now see from (14.25), (14.26) and (14.27) that

> (TO_IOg((l_S)ETo)— 1)(1*@“’0 y i -
= (1—¢)etp)! 20 =
1 1

2e/21T x (1 _8/2)(178)670

>1,

if we take £7p/log Ty — oo.

We are left to prove (14.24). Let G(z) be the probability generating function for
the random variable Z equal to the number of descendants of a single particle.
We first observe that for any 6 > 1,

P(Z>00) <P(|Y(£,0,79)| > 60) = Z e (11— M)k <,
k=060

Note that for 0 < x < 1, any kK > 0 and a > k it holds that

<1—k)+kx“>xk.
a a

We then write for 0 <x <1,

6o 6o
x) < Zpkxk—i—IP’(Z >00)< Zpkxk—&—e*e
k=0 k=0

< Z ((l—)pk-i-ekpkx >+ee

E(( o) o

u Hu -6
=Hx)=1——+—
(x) = ey x%% te
The function H is monotone increasing in x and so p = P(IT becomes extinct)
being the smallest non-negative solution to x = G(x) (see Theorem 23.1) im-
plies that p is at most the smallest non-negative solution ¢ to x = H(x). The
convexity of H and the fact that H(0) > 0 implies that g is at most the value {

satisfying H'({) =1 or
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But p = G(p) < G(q) < H(g) and so

H 1 PR el S 1
l-p>—(1-——— )= 9> — >
P=%0 ( ueo/wc—l)) “ =96 ¢ “2clogo’
after putting 8 = 2logo and using u > 1. O

Devroye, Fawzi and Fraiman [236] give another proof of the above theorem
that works for a wider class of random trees called scaled attachment random
recursive trees, where each vertex i attaches to the random vertex [iX;| and
Xo,...,X, is a sequence of independent identically distributed random vari-
ables taking values in [0,1).

14.3 Inhomogeneous Recursive Trees

Plane-oriented recursive trees

This section is devoted to the study of the properties of a class of inhomoge-
neous recursive trees that are closely related to the Barabdsi-Albert “preferen-
tial attachment model”, see [56]. Bollobas, Riordan, Spencer and Tusnady gave
a proper definition of this model and showed how to reduce it to random plane-
oriented recursive trees, see [149]. In this section we present some results that
preceded [56] and created a solid mathematical ground for the further develop-
ment of general preferential attachment models, which will be discussed later
in the book (see Chapter 17).

Suppose that we build a recursive tree in the following way. We start as before
with a single vertex labeled 1 and add n — 1 vertices labeled 2,3, ... ,n, one by
one. We assume that the children of each vertex are ordered (say, from left to
right). At each step a new vertex added to the tree is placed in a position “in
between” old vertices. A tree built in this way is called a plane-oriented recur-
sive tree. To study this model it is convenient to introduce an extension of a
plane-oriented recursive tree: given a plane-oriented recursive tree we connect
each vertex with external nodes, representing a possible insertion position for
an incoming new vertex. See Figure 14.3 for a diagram of all plane-oriented
recursive trees on n = 3 vertices, together with their extensions.

Assume now, as before that all the edges of a tree are directed toward the
leaves, and denote the out-degree of a vertex v by d (v). Then the total number
of extensions of an plane-oriented recursive tree on n vertices is equal to

Y (@ (v)+1)=2n-1

veV

So a new vertex can choose one those those 2n — 1 places to join the tree and
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1 1 1

3 2 3 3 2
1 1 !
2 @
3

Figure 14.1 Plane-oriented recursive trees and their extensions, n = 3

S5}
w

create a tree on n+ 1 vertices. If we assume that this choice in each step is made
uniformly at random then a tree constructed this way is called a random plane-
oriented recursive tree. Notice that the probability that the vertex labeled n+-1
is attached to vertex v is equal to % i.e., it is proportional to the degree
of v. Such random trees, called plane-oriented because of the above geometric
interpretation, were introduced by Szymarnski [699] under the name of non-
uniform recursive trees. Earlier, Prodinger and Urbanek [637] described plane-
oriented recursive trees combinatorially, as labeled ordered (or plane) trees
with the property that labels along any path down from the root are increasing.
Such trees are also known in the literature as heap-ordered trees (see Chen and
Ni [178], Prodinger [636], Morris, Panholzer and Prodinger [590]) or, more
recently, as scale-free trees. So, random plane-oriented recursive trees are the
simplest example of random preferential attachment graphs.

Denote by a, the number of plane-oriented recursive trees on n vertices. This
number, for n > 2 satisfies an obvious recurrence relation

an+1 = (2n—1)a,.
Solving this equation we get that
an=1-3-5--(2n—-3)=(2n-3)!L

This is also the number of Stirling permutations, introduced by Gessel and
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Stanley [366], i.e. the number of permutations of the multiset
{1,1,2,2,3,3,...,n,n}, with the additional property that, for each value of
1 <i < n, the values lying between the two copies of i are greater than i.
There is a one-to-one correspondence between such permutations and plane-
oriented recursive trees, given by Koganov [491] and, independently, by Janson
[426]. To see this relationship consider a plane-oriented recursive tree on n + 1
vertices labelled 0,1,2,...,n, where the vertex with label O is the root of the
tree and is connected to the vertex labeled 1 only, and the edges of the tree are
oriented in the direction from the root. Now, perform a depth first search of
the tree in which we start from the root. Next we go to the leftmost child of
the root, explore that branch recursively, go to the next child in order etc., until
we stop at the root. Notice that every edge in such a walk is traversed twice. If
every edge of the tree gets a label equal to the label of its end-vertex furthest
from the root, then the depth first search encodes each tree by a string of length
2n, where each label 1,2,...,n appears twice. So the unique code of each tree
is a unique permutation of the multiset {1,1,2,2,3,3,...,n,n} with additional
property described above. Note also that the insertion of a pair (n+ 1,n+ 1)
into one of the 2n — 1 gaps between labels of the permutation of this multiset,
corresponds to the insertion of the vertex labeled n+ 1 into a plane-oriented
recursive tree on n vertices.

Let us start with exact formulas for probability distribution of the out-degree
D;r_l- of a vertex with label i, i = 1,2,...,n in a random plane-oriented recursive
tree. Kuba and Panholzer [516] proved the following theorem.

Theorem 14.16 Fori=1,2,....nandr=1,2,...,n—1,

+_r . k F(” 3/2) (1—1/2)
PO Z() i 1—k/2T(n—1/2)’

where T'(z) = [ t*"'e~'dt is the Gamma function. Moreover,

47[ 1
]E(D:l) = % -1 (14.29)
( n—1 )

For simplicity, we show below that the formula (14.29) holds for i = 1, i.e.,
the expected value of the out-degree of the root of a random plane-oriented
recursive tree, and investigate its behavior as n — oo, It is then interesting to
compare the latter with the asymptotic behavior of the degree of the root of a
random recursive tree. Recall that for large # this is roughly log#n (see Theorem
14.10).
The result below was proved by Mahmoud, Smythe and Szymanski [554].
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Corollary 14.17 For n > 2 the expected value of the degree of the root of a
random plane-oriented recursive tree is

4n71

E(Dzl) = w -1,
n—1
and,
E(D,,) ~ V7n.
Proof Denote by
4" ne 2 2n)!

”":@:Hzpl T 2n-DI

n i=1

Hence, in terms of u,, we want to prove that E(D:{l) =u,_1— 1.
It is easy to see that the claim holds for n = 1,2 and that

N n—1 2 1
P(DT, =1)= l—-— ) =—
(D=1 Hl< 2i1> 2n—3’
while, forr > 1andn > 1,

]P’(D,Lm =)=
r+1 .
(IZH—I)P(DIA”)+2n_]]P’(D;:1r1)'
Hence
E(Dy 1)
< 2n—r—2 N - N
:,Zﬁ(znﬂ”(% ) g P == 1)) =
n—1 1 i
-1 r:lr(zn—r—z)P(DL:r)+r;(r+1) P}, =)
1 & N
=57 Y 2nr+1)P(D) =1r).

r=1
So, we get the following recurrence relation

i 2n n 1

E(Dn+1,1):m ( n,1)+m

and the first part of the theorem follows by induction.
To see that the second part also holds one has to use the Stirling approximation
to check that

3
un:\/nn—l—i—g\/?t/n—i—--m
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The next theorem, due to Kuba and Panholzer [516], summarizes the asymp-
+

n,i

totic behavior of the suitably normalized random variable D

Theorem 14.18 Let i > 1 be fixed and let n — oo. If
(i) i=1, then
rfl/zDrt1 4 Dy, with density fp,(x) = (x/2)efx2/2,

i.e., is asymptotically Rayleigh distributed with parameter ¢ = /2,
(ii) i >2, thenn™ 2D}, % Dy, with density

2i—-3 * i4 g2
f&(@zm/x (t—x)2 e ar.

1—
Leti=i(n) > oasn— . If

(i) i=o(n), then the normalized random variable (n/i)~"/ D, is asymptot-
ically Gamma distributed y(c, B), with parameters o = —1/2 and B =1,

(ii) i =cn, 0 < ¢ < 1, then the random variable D;i is asymptotically nega-
tive binomial distributed NegBinom(r, p) with parameters r =1 an p =
Ve,

(iii) n—i=o(n), then P(D},=0)— 1, asn— oo,

We now turn our attention to the number of vertices of a given out-degree. The
next theorem shows a characteristic feature of random

graphs built by preferential attachment rule where every new vertex prefers to
attach to a vertex with high degree (rich get richer rule). The proportion of
vertices with degree r in such a random graph with n vertices grows like n/r%,
for some constant & > 0, i.e., its distribution obeys a so called power law. The
next result was proved by Szymanski [699] (see also [554] and [701]) and it
indicates such a behavior for the degrees of the vertices of a random plane-
oriented recursive tree, where o0 = 3.

Theorem 14.19 Let r be fixed and denote by X,:f . the number of vertices of
out-degree r in a random plane-oriented recursive tree T,. Then,

4n !
X = T D2 53) +0<r>'
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Proof Observe first that conditional on 7j,,
r

r+1
P lx,i, + o lx,;f,_l +1,-0, (14.30)

E(X,0, 1) =X, -
which gives

2n—r—2
+ —
BXr= "0 1

forr>1, (X;f_l =0).
‘We will show that the difference

r
Eer,rr_‘_mEer:r—l +1=0 (14.31)

4n
(r+1)(r+2)(r+3)°

is asymptotically negligible with respect to the leading term in the statement
of the theorem. Substitute a, , in the equation (14.31) to get that for r > 1,
2n—r—2 r 1

N P I Py e v

def +
Anr = EXnJ_

(14.32)

We want to show that |a, | < ﬁ{rl}, foralln > 1,r > 0. Note that this is true
for all n and r = 0, 1, since from (14.31) it follows (inductively) that for n > 2

2n—1 1
EXIO: n3 andsoanﬁoz—g.
Forn > 2,
1 3 1 3
EXH =" — 4+ > _and S I —
T T a2 =3y MO T T T i =3y

We proceed by induction on r. By definition
4r
apr = — 5
’ (r+1)(r+2)(r+3)

and so,

2
< -—.
r

s

We then see from (14.32) that for and r > 2 and n > r that
2n—r—2 2 n r 2 1
2n—1 r 2n—1 r—1 2n—-1’

2 4 2 r
S S - _ L
n—1)r r—

(2 1) 1 2

|an+l7r| <

2
r
2
<=
r

)

which completes the induction and the proof of the theorem. O
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In fact much more can be proved.

Theorem 14.20 Let € > 0 and r be fixed. Then, w.h.p.

X+
(1-¢€)a, < L < (1+¢€)ay, (14.33)
n
where
4
a, = .
(r+1)(r+2)(r+3)
Moreover,

X+ —na,
(\/ﬁ"a) 4y, (14.34)

as n — oo, jointly for all r > 0, where the Y, are jointly Normally distributed
with expectations EY, = 0 and covariances c,; = Cov(Y,,Y;) given by

ros [ 1\k+l [
=2 X% v o) () (e~ i)
k=01=0 : :
Proof For the proof of asymptotic normality of a suitably normalized random
variable Xn+ . 1.e., for the proof of statement (14.34)) see Janson [424]. We will
give a short proof of the first statement (14.33), due to Bollobas, Riordan,
Spencer and Tusnady [149] (see also Mori [588]).

Consider a random plane-oriented recursive tree 7, as an element of a process
(T));2,- Fixn> 1 and r > 0 and for 0 <t < n define the martingale

Y, =E(X,|T;) where Yp=E(X,,) and ¥, =X, .

n,r
One sees that the differences
Y1 =Y <2

For a proof of this, see the proof of Theorem 17.3. Applying the
Hoeffding- Azuma inequality (see Theorem 21.15) we get, for any fixed r,

P(X,f, ~EX| > /nlogn) < e (/91" = o(1),

But Theorem 14.19 shows that for any fixed r, IEX,;F, > /nlogn and (14.33)
follows. O

Similarly, as for uniform random recursive trees, Pittel [625] established the
asymptotic behavior of the height of a random plane-oriented recursive tree.
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Theorem 14.21 Let h}, be the height of a random plane-oriented recursive
tree. Then w.h.p.

__ logn
T2y

where 7 is the unique solution of the equation

*
h, ,

yertl =1,

ie, y=0.27846.., so z% =1.79556....

Inhomogeneous recursive trees: a general model

As before, consider a tree that grows randomly in time. Each time a new vertex
appears, it chooses exactly one of the existing vertices and attaches to it. This
way we build a tree 7, of order n with n+ 1 vertices labeled {0,1,...,n},
where the vertex labeled O is the root. Now assume that for every n > 0 there
is a probability distribution

n
P(n) = (p07l71a---7pn)7 ij: 1.
j=0

Suppose that 7;, has been constructed for some n > 1. Given T, we add an
edge connecting one of its vertices with a new vertex labeled n+ 1 and thus
forming a tree T;,1. A vertex v, € {0,1,2,...,n} is chosen to be a neighbor of
the incoming vertex with probability

P(v, = j|T,) = pj, for j=0,1,...,n.

Note that for the uniform random recursive tree we have
1

=—, for0<j<n.
n+1

Pj

We say that a random recursive tree is inhomogeneous if the attachment rule
of new vertices is determined by a non-uniform probability distribution. Most
often the probability that a new vertex chooses a vertex j € {0,1,...,n} is
proportional to w(d,(j)), the value of a weight function w applied to the degree
d,(j) of vertex j after n-th step. Then the probability distribution P is defined

 wlda))
P Y wldn(k))”

Consider a special case when the weight function is linear and, for 0 < j <n,

w(dn(j)) = dn(j)+B, B>—1, (14.35)
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so that the total weight

n

wn =Y (dn(k)+B) =2n+ (n+1)B. (14.36)
k=0

Obviously the model with such probability distribution is only a small gen-
eralisation of plane-oriented random recursive trees and we obtain the latter
when we put § = 0 in (14.35). Inhomogeneous random recursive trees of this
type are known in the literature as either scale free random trees or Barabdsi-
Albert random trees. For obvious reasons, we will call such graphs generalized
random plane-oriented recursive trees.
Let us focus the attention on the asymptotic behavior of the maximum degree
of such random trees. We start with some useful notation and observations.
Let X, ; denote the weight of vertex j in a generalized plane-oriented random
recursive tree, with initial values X; o = X; ; = 14 8 for j > 0. Let

o ) S
r(n+4%)

be a double sequence of normalising constants. Note that

Cnk =

Cntlk  Wn
- )
Cn.k wy, +k

(14.37)

and, for any fixed &,
e =nMED (1L om).
Let k be a positive integer and

X, j+k—1
Xn.,j;k :Cn,k< " k )

Lemma 14.22 Let .7, be the o-field generated by the first n steps. If n >
max{1, j}, then ( ,”k,a‘n) is a martingale.

Proof Because X, 41 j — Xy j € {0,1}, we see that

(X,H_]j-i-k—l)
(xnj+k—1> <n,+k—l><X,,+1, x,)
+ 1
(n/+k1> <1 n+]] Xn,))
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Hence, noting that

X .
IP)(XrH»l,j_ n,j:1|yn): n’jv

n
and applying (14.37)

Cnt1k k
E(Xn+1,j;k|jn) :Xn,j;k m (1 + ) :Xn,j;ka
Ch, Wn

we arrive at the lemma. O
Thus, the random variable X, ;.x, as a non-negative martingale, is

bounded in L; and it almost surely converges to X Jk /k!, where X; is the limit
of X, j;1. Since X, j.x < cX,, j.ok, where the constant ¢ does not depend on n, it

is also bounded in L,, which implies that it converges in L. Therefore we can
determine all moments of the random variable X;. Namely, for j > 1,

n—soo k

Let A, be the maximum degree in a generalized random plane-oriented recur-
sive tree T, and let, for j <n,

Xk k
L= I EX, jx = X ja = i (B * ) (14.38)

Ay ;= max X, ;1 = max ¢, 1Xp,;.
0<i<; 0<i<j 7

Note that since X,, ; is the weight of vertex i, i.e., its degree plus 8, we find that
Any = cn1 (A, + B). Define
Ei=maxX; and & =&, =supX;. (14.39)
0<i<j >0

Now we are ready to prove the following result, due to Moéri [589].

Theorem 14.23
JP’(lim n /(B2 — J;) —1.

n—o0

The limiting random variable & is almost surely finite and positive and it has
an absolutely continuous distribution. The convergence also holds in L,, for
all p, 1 < p < oo

Proof In the proof we skip the part dealing with the positivity of £ and the
absolute continuity of its distribution.

By Lemma 14.22, A, ,, is the maximum of martingales, therefore

(Ann| ) is a non-negative sub-martingale, and so

n o =]
k k k B+k
EAf, < Z})Exn’j;l < Z;)EXj = k!( X ) Z()Cj,k < o,
J= J= J=
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if k > B+ 2. (Note ¢ is defined here as equal to ¢; ;). Hence (A, ,|.%) is
bounded in Ly, for every positive integer k, which implies both almost sure
convergence and convergence in L, for any p > 1.

Assume that k > 8 + 2 is fixed. Then, for n > k,

n
E(An,rz _An,j)k < Z EXn,i;L
i=j+1

Take the limit as n — oo of both sides of the above inequality. Applying (14.39)
and (14.38), we get

e i=j+1 =741
The right-hand side tends to 0 as j — oo, which implies that
n~V/(B+2) A, tends to €, as claimed. O

To conclude this section, setting 8 = 0 in Theorem 14.23, one can obtain the
asymptotic behavior of the maximum degree of a plane-oriented random re-
cursive tree.

14.4 Exercises

(i) Use the Priifer code to show that there is one-to-one correspondence be-
tween the family of all labeled trees with vertex set [n] and the family of all
ordered sequences of length n — 2 consisting of elements of [n].

(ii) Prove Theorem 14.1.

(iii) Let A be the maximum degree of a random labeled tree on n vertices. Use
(14.1) to show that for every € > 0, P(A > (1 +¢€)logn/loglogn) tends to
0 asn — oo.

(iv) Let A be defined as in the previous exercise and let #(n,k) be the number
of labeled trees on n vertices with maximum degree at most k. Knowing

that #(n,k) < (n—2)! (1 +l+L+. o+ ﬁ)n, show that for every € >
0, P(A < (1—¢)logn/loglogn) tends to 0 as n — .

(v) Determine a one-to-one correspondence between the family of permutations
on {2,3,...,n} and the family of recursive trees on the set [n].

(vi) Let L, denote the number of leaves of a random recursive tree with n ver-
tices. Show that EL, =n/2 and VarL, = n/12.

(vii) Prove (14.20).
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(vili) Show that ®, ;(z) given in Theorem 14.8 is the probability generating func-
tion of the convolution of n —i independent Bernoulli random variables with
success probabilities equal to 1/(i+k—1) fork=1,2,...,n—1i.

(ix) Let L denotes the number of leaves of a random plane-oriented recursive
tree with n vertices. Show that

2n—1 and VarL* — 2n(n—2)
" 9(2n—3)°

EL: =

(x) Prove that L} /n (defined above) converges in probability, to 2/3.

14.5 Notes

Labeled trees

The literature on random labeled trees and their generalizations is very exten-
sive. For a comprehensive list of publications in this broad area we refer the
reader to a recent book of Drmota [250], to a chapter of Bollobds’s book [130]
on random graphs, as well as to the book by Kolchin [498]. For a review of
some classical results, including the most important contributions, forming the
foundation of the research on random trees, mainly due to Meir and Moon
(see, for example : [574], [575]and [577]), one may also consult a survey by
Karoniski [465].

Recursive trees

Recursive trees have been introduced as probability models for system gen-
eration (Na and Rapoport [597]), spread of infection (Meir and Moon [576]),
pyramid schemes (Gastwirth [360]) and stemma construction in philology (Na-
jock and Heyde [601]). Most likely, the first place that such trees were intro-
duced in the literature, is the paper by Tapia and Myers [704], presented there
under the name ‘“concave node-weighted trees”. Systematic studies of random
recursive trees were initiated by Meir and Moon ([576] and [587]) who inves-
tigated distances between vertices as well as the process of cutting down such
random trees. Observe that there is a bijection between families of recursive
trees and binary search trees, and this has opened many interesting directions
of research, as shown in a survey by Mahmoud and Smythe [553] and the book
by Mahmoud [551].

Early papers on random recursive trees (see, for example, [597], [360] and
[249]) were focused on the distribution of the degree of a given vertex and of
the number of vertices of a given degree. Later, these studies were extended
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to the distribution of the number of vertices at each level, which is referred to
as the profile. Recall, that in a rooted tree, a level (strata) consists of all those
vertices that are at the same distance from the root.

The profile of a random recursive tree is analysed in many papers. For example,
Drmota and Hwang [251] derive asymptotic approximations to the correlation
coefficients of two level sizes in random recursive trees and binary search trees.
These coefficients undergo sharp sign-changes when one level is fixed and the
other is varying. They also propose a new means of deriving an asymptotic
estimate for the expected width, which is the number of nodes at the most
abundant level.

Devroye and Hwang [238] propose a new, direct, correlation-free approach
based on central moments of profiles to the asymptotics of width in a class of
random trees of logarithmic height. This class includes random recursive trees.
Fuchs, Hwang, Neininger [354] prove convergence in distribution for the pro-
file, normalized by its mean, of random recursive trees when the limit ratio
o of the level and the logarithm of tree size lies in [0,e). Convergence of all
moments is shown to hold only for o € (0, 1) (with only convergence of finite
moments when a € (1,e)).

van der Hofstadt, Hooghiemstra and Van Mieghem [409] study the covariance
structure of the number of nodes k and / steps away from the root in random
recursive trees and give an analytic expression valid for all &,/ and tree sizes n.
For an arbitrary positive integer i < i, < n— 1, a function of n, Su, Liu and
Feng [697] demonstrate the distance between nodes i and » in random recursive
trees T, is asymptotically normal as n — oo by using the classical limit theory
method.

Holmgren and Janson [411] proved limit theorems for the sums of functions
of sub-trees of binary search trees and random recursive trees. In particular,
they give new simple proofs of the fact that the number of fringe trees of size
k =k, in a binary search tree and the random recursive tree (of total size n)
asymptotically has a Poisson distribution if k — oo, and that the distribution
is asymptotically normal for k = o(y/n). Recall that a fringe tree is a sub-tree
consisting of some vertex of a tree and all its descendants (see Aldous [14]).
For other results on that topic see Devroye and Janson [239].

Feng, Mahmoud and Panholzer [291] study the variety of sub-trees lying on the
fringe of recursive trees and binary search trees by analysing the distributional
behavior of X, x, which counts the number of sub-trees of size k in a random
tree of size n, with k = k(n). Using analytic methods, they characterise for both
tree families the phase change behavior of X, ;.

One should also notice interesting applications of random recursive trees. For
example, Mehrabian [573] presents a new technique for proving logarithmic
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upper bounds for diameters of evolving random graph models, which is based
on defining a coupling between random graphs and variants of random re-
cursive trees. Goldschmidt and Martin [377] describe a representation of the
Bolthausen-Sznitman coalescent in terms of the cutting of random recursive
trees.

Bergeron, Flajolet, Salvy [80] have defined and studied a wide class of ran-
dom increasing trees. A a tree with vertices labeled {1,2,...,n} is increasing
if the sequence of labels along any branch starting at the root is increasing.
Obviously, recursive trees and binary search trees (as well as the general class
of inhomogeneous trees, including plane-oriented trees) are increasing. Such a
general model, which has been intensively studied, yields many important re-
sults for random trees discussed in this chapter. Here we will restrict ourselves
to pointing out just a few papers dealing with random increasing trees authored
by Dobrow and Smythe [248], Kuba and Panholzer [516] and Panholzer and
Prodinger [613], as well as with their generalisations, i.e., random increasing
k-trees, published by Zhang, Rong, and Comellas [735], Panholzer and Seitz
[614] and Darrasse, Hwang and Soria [229],

Inhomogeneous recursive trees

Plane-oriented recursive trees

As we already mentioned in Section 14.3, Prodinger and Urbanek [637], and,
independently, Szymanski [699] introduced the concept of plane-oriented ran-
dom trees (more precisely, this notion was introduced in an unpublished pa-
per by Dondajewski and Szymanski [249]), and studied the vertex degrees of
such random trees. Mahmoud, Smythe and Szymanski [554], using Pélya urn
models, investigated the exact and limiting distributions of the size and the
number of leaves in the branches of the tree (see [426] for a follow up). Lu
and Feng [532] considered the strong convergence of the number of vertices
of given degree as well as of the degree of a fixed vertex (see also [553]). In
Janson’s [424] paper, the distribution of vertex degrees in random recursive
trees and random plane recursive trees are shown to be asymptotically normal.
Brightwell and Luczak [157] investigate the number D, ; of vertices of each
degree k at each time n, focusing particularly on the case where k = k(n) is a
growing function of n. They show that D, ; is concentrated around its mean,
which is approximately 4n/k3, for all k < (nlogn)~'/3, which is best possible
up to a logarithmic factor.

Hwang [413] derives several limit results for the profile of random plane-
oriented recursive trees. These include the limit distribution of the normalized
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profile, asymptotic bimodality of the variance, asymptotic approximation to
the expected width and the correlation coefficients of two level sizes.

Fuchs [353] outlines how to derive limit theorems for the number of sub-trees
of size k on the fringe of random plane-oriented recursive trees.

Finally, Janson, Kuba and Panholzer [428] consider generalized Stirling per-
mutations and relate them with certain families of generalized plane recursive
trees.

Generalized recursive trees
Mori [588] proves the strong law of large numbers and central limit theorem for
the number of vertices of low degree in a generalized random plane-oriented
recursive tree. Szymanski [701] gives the rate of concentration of the number
of vertices with given degree in such trees. Mori [589] studies maximum de-
gree of a scale-free trees. Zs. Katona [478] shows that the degree distribution
is the same on every sufficiently high level of the tree and in [477] investigates
the width of scale-free trees.
Rudas, Toth, Valko [661], using results from the theory of general branching
processes, give the asymptotic degree distribution for a wide range of weight
functions. Backhausz and Méri [44] present sufficient conditions for the almost
sure existence of an asymptotic degree distribution constrained to the set of
selected vertices and describe that distribution.
Bertoin, Bravo [81] consider Bernoulli bond percolation on a large scale-free
tree in the super-critical regime, i.e., when there exists a giant cluster with high
probability. They obtain a weak limit theorem for the sizes of the next largest
clusters, extending a result in Bertoin [83] for large random recursive trees.
Devroye, Fawzi, Fraiman [236] study depth properties of a general class of
random recursive trees called attachment random recursive trees. They prove
that the height of such tree is asymptotically given by ¢, logn where 04,y
is a constant. This gives a new elementary proof for the height of uniform
random recursive trees that does not use branching random walk. For further
generalisations of random recursive trees see Mahmoud [552].
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In the evolution of the random graph G, ,, during its sub-critical phase, tree
components and components with exactly one cycle, i.e. graphs with the same
number of vertices and edges, are w.h.p. the only elements of its structure.
Similarly, they are the only graphs outside the giant component after the phase
transition, until the random graph becomes connected w.h.p. In the previous
chapter we studied the properties of random trees. Now we focus our attention
on random mappings of a finite set into itself. Such mappings can be repre-
sented as digraphs with the same number of vertices and edges. So the study of
their “average” properties may help us to better understand the typical structure
of classical random graphs. We start the chapter with a short look at the basic
properties of random permutations (one-to-one mappings) and then continue
to the general theory of random mappings.

15.1 Permutations

Let f be chosen uniformly at random from the set of all n! permutations on
the set [n], i.e., from the set of all one-to-one functions [#] — [n]. In this sec-
tion we will concentrate our attention on the properties of a functional digraph
representing a random permutation.

Let Dy be the functional digraph ([n], (i, f(i))). The digraph Dy consists of
vertex disjoint cycles of any length 1,2,... n. Loops represent fixed points,
see Figure 15.1.

Let X,,; be the number of cycles of length #, t = 1,2,...,n in the digraph Dy.
Thus X, 1 counts the number of fixed points of a random permutation. One can
easily check that

1 [n/1] (—l)i e*]/l

P(Xn,t:k):m & ) - tkk!
fa

as n — oo, (15.1)

fork=0,1,2,...,n. Indeed, convergence in (15.1) follows directly from Lemma
20.10 and the fact that

Bi:E(X””) _1 n! (t—=1D))i(n—ri)! 1

i n! (tD)i(n—ti)! il il

305
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fx) 3 10 1 4 2 6 8 9 7 5

Figure 15.1 A permutation digraph example

This means that X, ; converges in distribution to a random variable with Pois-
son distribution with mean 1/z.
Moreover, direct computation gives

IP>(Xn,l = j17XVL2 = j2>---7Xn,n = ]n)

1 n! n

= P AT 11:11(([ — 1))’

n 1 Jt 1
-1(;) v

for non-negative integers ji, j2,..., j, satisfying Y.\, tj; = n.

Hence, asymptotically, the random variables X, ; have independent Poisson
distributions with expectations 1/z, respectively (see Goncharov [380] and
Kolchin [495]).

Next, consider the random variable X, =}/ X, ; counting the total number
of cycles in a functional digraph D of a random permutation. It is not difficult
to show that X, has the following probability distribution.
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Theorem 15.1 Fork=1,2,...,n,

|s(n,k)|
P(X” == k) = T,
where the s(n,k) are Stirling numbers of the first kind, i.e., numbers satisfying

the following relation:
x(x—=1)---(x—n+1)= Zs(n,k)xk .
k=0

Moreover,
|
EX,=H,= Z o

VarX, =H, - Y
=17 j=1

1

P

Proof Denote by c¢(n,k) the number of digraphs D (permutations) on n ver-
tices and with exactly k cycles. Consider a vertex n in Dy. It either has a loop
(belongs to a unit cycle) or it doesn’t. If it does, then Dy is composed of a
loop in n and a cyclic digraph (permutation) on n — 1 vertices with exactly
k— 1 cycles. and there are ¢(n— 1,k — 1) such digraphs (permutations). Other-
wise, the vertex n can be thought as dividing (lying on) one of the n — 1 arcs
which belongs to cyclic digraph on n — 1 vertices with k cycles and there are
(n—1)c(n—1,k) such permutations (digraphs) of the set [n]. Hence

cmk)=cln—1,k—=1)+(n—1)c(n—1,k) .

Now, multiplying both sides by x*, dividing by n! and summing up over all k,
we get

Gp(x) = (x+n—1)Gy_1(x).
where G, (x) is the probability generating function of X,,. But G (x) = x, so

(x4+1)---(x+n—1)
n!

Golx) =2

)

and the first part of the theorem follows. Note that

Gﬂw::<x+nl)_dXF&+n)

n C T(X)T(n+1)’

where I is the Gamma function.

The results for the expectation and variance of X;, can be obtained by calculat-
ing the first two derivatives of G, (x) and evaluating them at x = 1 in a standard
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way but one can also show them using only the fact that the cycles of functional
digraphs must be disjoint. Notice, for example, that

EX, = Z P(S induces a cycle)
0£5C ]

:,; (Z) (k=Din=R)!

n!

Similarly one can derive the second factorial moment of X, counting ordered
pairs of cycles (see Exercises 15.3.2 and 15.3.3) which implies the formula for
the variance. O
Goncharov [380] proved a Central Limit Theorem for the number X, of cy-
cles.

Theorem 15.2

— X
lim P <X,,10gn SX) :/ e_,2/2dt7
n—yoo Vl1ogn —oo
i.e., the standardized random variable X, converges in distribution to the stan-
dard Normal random variable.

Another numerical characteristic of a digraph Dy is the length L, of its longest
cycle. Shepp and Lloyd [683] established the asymptotic behavior of the ex-
pected value of L,.

Theorem 15.3

EL, [= =
lim —=" — / exp{—x— / eydy}dx:O.62432965....
0 x Y

n—e n

15.2 Mappings

Let f be chosen uniformly at random from the set of all n* mappings from
[n] — [n]. Let Dy be the functional digraph ([n], (i, f(i))) and let Gy be the
graph obtained from Dy by ignoring orientation. In general, D has unicyclic
components only, where each component consists of a directed cycle C with
trees rooted at vertices of C, see the Figure 15.2.

Therefore the study of functional digraphs is based on results for permutations
of the set of cyclical vertices (these lying on cycles) and results for forests
consisting of trees rooted at these cyclical vertices (we allow also trivial one
vertex trees). For example, to show our first result on the connectivity of G
we will need the following enumerative result for the forests.
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X 1 2 3 4 5 6 7 8 9 10

fxd) 3 10 5 4 2 5 8 9 7 5

Q)QQ

Figure 15.2 A mapping digraph example

Lemma 154 Let T (n,k) denote the number of forests with vertex set [n],
consisting of k trees rooted at the vertices 1,2,... k. Then,

T(n,k) = kn" %1,

Proof Observe first that by (14.2) there are (Z:%)n”_k trees with n+ 1 labelled

vertices in which the degree of a vertex n+ 1 is equal to k. Hence there are

(o)) -

trees with n+ 1 labeled vertices in which the set of neighbors of the vertex n+ 1
is exactly [k]. An obvious bijection (obtained by removing the vertex n + 1
from the tree) between such trees and the considered forests leads directly to
the lemma. O

Theorem 15.5

P(Gy is connected ) =
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Proof If Gy is connected then there is a cycle with k vertices say such that
after removing the cycle we have a forest consisting of k trees rooted at the
vertices of the cycle. Hence,

n
P(Gy is connected ) =n"" Z n) (k—1)!'T(n,k)

i1 \k
e n»li“(lf)
ni= ot ni=1j=0 n
1 n
:quk.
nz1

If k > n3/3, then

k(k—1 1
uy < exp 7g < exp ——n'/? ,
2n 3
while, if k < n3/3,
K2 K3
ukexp{szrO(rﬂ)}.

!

5
1 1
IP(Gy is connected ) = L+o(l) ) ey (ne’"1/5/3>
n

So

k=1

_ 1#oll) +ol) /me_xz/z"dx—i-O (ne_"l/sﬂ)

n 0
1+o0(1) /°° =y RV

=—F——/ ¢ d +O<ne " /)
v o Y

~ ]

=5,

O

Let Z; denote the number of cycles of length & in a random mapping. Then
n 1] Jj Uy
EZ = k—1)nk=2 1—L) =2
k <k>( )in kQ( n> k
=
zZ=7Z+2,+---+72,, then
=1

Ez Xn: o / /gy Ly
= — —e X~ —1l0ogn.
= k 1 x 2 g
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Moreover the expected number of vertices of cycles in a random mapping is

equal to
E kZ; | = g —.
O

Note that the functional digraph of a random mapping can be interpreted as a
representation of a process in which vertex i € [n] chooses its image indepen-
dently with probability 1/n. So, it is natural to consider a general model of a
random mapping f : [n] — [n] where, independently for all i € [n],

P(f(i)=j)=pj, j=1,2,....n, (15.2)
and
pr+p+...+p=1
This model was introduced (in a slightly more general form) independently by

Burtin [168] and Ross [655]. We will first prove a generalisation of Theorem
15.5.

Theorem 15.6

P(G} is connected ) =

Z <1+ZP/+ZZP1P1<+ZZ Y, pippi+- )

j#i JFEIkFAL] jAikFALj Ik

To prove this theorem we use the powerful “Burtin—Ross Lemma”. The short
and elegant proof of this lemma given here is due to Jaworski [439] (His gen-
eral approach can be applied to study other characteristics of a random map-
pings, not only their connectedness).

Lemma 15.7 (Burtin-Ross Lemma) Let f be a generalized random mapping
defined above and let G j;[U | be the subgraph of G 7 induced by U C [n]. Then

IP’(Gf[U} does not contain a cycle) = Z Dk-
[n\U
Proof The proof is by induction on r = |U|. For » = 0 and r = 1 it is obvious.
Assume that the result holds for all values less than r, r > 2. Let 0 # S C U and
denote by o7 the event that G 7 [S] is the union of disjoint cycles and by % the
event that G;[U \ §] does not contain a cycle . Notice that events </ and % are
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independent, since the first one depends on choices of vertices from S, only,
while the second depends on choices of vertices from U \ S. Hence

P(Gf[U] contains a cycle ) = Z P(o/)P(A).
' 0£SCU

But if .7 holds then f restricted to S defines a permutation on S. So,
P(e) =S| ] p;-
jes
Since |U \ S| < r, by the induction assumption we obtain

P(G;[U] contains a cycle ) =

= Z \S|!Hl7j Z Pk

0#£SCU JES  ken]\(U\S)

_ ¥ sunp,-(l— y pk>

0£SCU  jes ke(U\S)

= Y BSIIe— Y IS]]ex

Scu, |S|=1  keS ScU, |S|>2  keS

= Zpka

keU

completing the induction. O

Before we prove Theorem 15.6 we will point out that Lemma 15.4 can be
immediately derived from the above result. To see this, in Lemma 15.7 choose
pj=1/n,for j=1,2,---n, and U such that |U| = r = n — k. Then, on one
hand,

1 &
IP(G ¢[U] does not contain a cycle) = Z —=-.
iempu ™ M
On the other hand,
T(n,k
P(G¢[U] does not contain a cycle) = (:lik) ,
n

where T (n,k) is the number of forests on [n] with k trees rooted in vertices
from the set [n] \ U. Comparing both sides we immediately get the result of
Lemma 15.4, i.e., that

T (n,k) = kn" <71,

Proof (of Theorem 15.6). Notice that Gf is connected if and only if there is
a subset U C [n] such that U spans a single cycle while there is no cycle on
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[n] \ U. Moreover, the events “U C [n] spans a cycle” and “there is no cycle on
[n] \ U” are independent. Hence, by Lemma 15.7,

Pr(G; is connected) =
Z P(U C [n] spans a cycle) P(there is no cycle on [n]\ U)

0£UCln]
= ) (U-0Iri Y e
0#£UC[n] jeU  keU
—Zp, <1+Zp,+2 Y rik+Y Y Y pipkoi+- )
J#i JEIKFL ] JF#Ik#LjI#i, ]k

O
Using the same reasoning as in the above proof, one can show the following
result due to Jaworski [439].

Theorem 15.8 Let X be the number of components in G andY be the num-
ber of its cyclic vertices (vertices belonging to a cycle). Thenfor k=1,2,...,n

Z HP/ ([U],6)] Z HPJ (Ul =1,K)[U],
n] jeU ucln] Jjeu
\U\>k |U|>k+1

where s(-,-) is the Stirling number of the first kind. On the other hand,

= k! Z [1ri—( Z [1r)-

n) jeu Ucln] jeUu
|U| U|= k+1

The Burtin—Ross Lemma has another formulation which we present below.

Lemma 15.9 (Burtin-Ross Lemma - the second version) Let g : [n] — [n] U
{0} be a random mapping from the set [n] to the set [n] U{0}, where, indepen-
dently for all i € [n],

P(g(i)=j)=q;, j=0,1,2,....n,
and
Q+qa+qp+...+q,=1.

Let Dy be the random directed graph on the vertex set [n] U{0}, generated by
the mapping g and let G; denote its underlying simple graph. Then

P(Gg is connected ) = qo.
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Notice that the event that G; is connected is equivalent to the event that D; is
a (directed) tree, rooted at vertex {0}, i.e., there are no cycles in G;|[n]].

We will use this result and Lemma 15.9 to prove the next theorem (for more
general results, see [440]).

Theorem 15.10 Let D 7 be the functional digraph of a mapping f defined in
(15.2) and let Zg be the number of predecessors of a set R C [n|, |[R|=r, r > 1,
of vertices ofo ) Le.,

Zr = |{j € [n] : for some non-negative integer k, f*)(j) € R}|,

where f©(j) = j and for k> 1, f®(j) = F(7*1(j)).
Then, fork=0,1,2,....,n—r,

P(Zg=k+r)=%¢ Y (Svwr) (1-Zpur)" ",
Uc[n]\R
|U|=k

where for A C [n], Xa = ¥jeca pj-

Proof The distribution of Zg follows immediately from the next observation
and the application of Lemma 15.9. Denote by .27 the event that there is a forest
spanned on the set W = U UR, where U C [n]\ R, composed of r (directed) trees
rooted at vertices of R. Then

P(Zg=k+r)= Y P(A|BNEC)P(B)P(E), (15.3)
U‘C[‘n]\R
U|=k

where 4 is the event that all edges that begin in U end in W, while 4" denotes
the event that all edges that begin in [n] \ W end in [n] \ W. Now notice that

P(#) = (Ew)*, while P(%) = (1—Zy)"*.
Furthermore,
P(e7|% N C) =P(Gy is connected ),

where § : U — U U {0}, where {0} stands for the set R collapsed to a single
vertex, is such that for all u € U independently,

» )y
4, =P&u) = j) = 2L for j € U, while go = =%
Xw Xw
So, applying Lemma 15.9, we arrive at the thesis. O

We will finish this section by stating the central limit theorem for the number
of components of Gy, where f is a uniform random mapping f : [n] — [n]
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(see Stepanov [695]). It is an analogous result to Theorem 15.2 for random
permutations.

Theorem 15.11

X_ll X
limPp | 208" :/ e_’z/zdt,

e \/ % logn B

the standardized random variable X,, converges in distribution to the standard

Normal random variable.

15.3.1

15.3.2

15.3.3

153.4

15.3.5

15.3.6

15.3.7

15.3.8
15.3.9

15.3 Exercises

Prove directly that if X,,; is the number of cycles of length ¢ in a random
permutation then EX,,, = 1/z.

Find the expectation and the variance of the number X, of cycles in
a random permutation using fact that the rth derivative of the gamma
function equals %F(x) =[5 (logt)" e dt,

Determine the variance of the number X, of cycles in a random per-
mutation (start with computation of the second factorial moment of X,
counting ordered pairs of cycles).

Find the probability distribution for the length of a typical cycle in a
random permutation, i.e., the cycle that contains a given vertex (say
vertex 1). Determine the expectation and variance of this characteristic.
Find the probability distribution of the number of components in a
functional digraph D of a uniform random mapping f : [n] — [n].
Determine the expectation and variance of the number of components
in a functional digraph Df of a generalized random mapping f (see
Theorem 15.8)

Find the expectation and variance of the number of cyclic vertices in a
functional digraph D 7 of a generalized random mapping f (see Theo-
rem 15.8).

Prove Theorem 15.8.

Show that Lemmas 15.7 and 15.9 are equivalent.
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15.3.10 Prove the Burtin-Ross Lemma for a bipartite random mapping, i.e. a
mapping with bipartition ([n], [m]), where each vertex i € [n] chooses its
unique image in [m] independently with probability 1/m, and, similarly,
each vertex j € [m] selects its image in [n] with probability 1/n.

15.3.11 Consider an evolutionary model of a random mapping (see [441],[442]),
i.e., a mapping f,[n] — [n], such that for i, j € [n], P(f,(i) = j) = qif
i = j while, P(f,(i) = j) = (1—¢q)/(n—1) if i # j, where 0 < ¢ < 1.
Find the probability that fq is connected.

15.3.12 Show that there is one-to-one correspondence between the family of n”
mappings f : [n] — [n] and the family of all doubly-rooted trees on the
vertex set [1] (Joyal bijection)

15.4 Notes

Permutations

Systematic studies of the properties of random permutations of n objects were
initiated by Goncharov in [379] and [380]. Golomb [378] showed that the ex-
pected length of the longest cycle of Dy, divided by n is monotone decreas-
ing and gave a numerical value for the limit, while Shepp and Lloyd in [683]
found the closed form for this limit (see Theorem 15.3). They also gave the
corresponding result for kth moment of the rth longest cycle, for k,r =1,2,...
and showed the limiting distribution for the length of the rth longest cycle.
Kingman [485] and, independently, Vershik and Schmidt [714], proved that
for a random permutation of n objects, as n — oo, the process giving the pro-
portion of elements in the longest cycle, the second longest cycle, and so on,
converges in distribution to the Poisson-Dirichlet process with parameter 1 (for
further results in this direction see Arratia, Barbour and Tavaré [39]). Arratia
and Tavaré [40] provide explicit bounds on the total variation distance between
the process which counts the sizes of cycles in a random permutations and a
process of independent Poisson random variables.

For other results, not necessarily of a “graphical” nature, such as, for example,
the order of a random permutation, the number of derangements, or the number
of monotone sub-sequences, we refer the reader to the respective sections of
books by Feller [290], Bollobas [131] and Sachkov [669] or, in the case of
monotone sub-sequences, to a recent monograph by Romik [654].
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Mappings

Uniform random mappings were introduced in the mid 1950’s by Rubin and
Sitgraves [656], Katz [479] and by Folkert [307]. More recently, much atten-
tion has been focused on their usefulness as a model for epidemic processes,
see for example the papers of Gertsbakh [365], Ball, Mollison and Scalia-
Tomba [53], Berg [78], Mutafchiev [596], Pittel [622] and Jaworski [442]. The
component structure of a random functional digraph Dy has been studied by
Aldous [12]. He has shown, that the joint distribution of the normalized order
statistics for the component sizes of Dy converges to the Poisson-Dirichlet dis-
tribution with parameter 1/2. For more results on uniform random mappings
we refer the reader to Kolchin’s monograph [497], or a chapter of Bollobas’
[131].

The general model of a random mapping f, introduced by Burtin [168] and
Ross [655], has been intensively studied by many authors. The crucial Burtin-
Ross Lemma (see Lemmas: 15.7 and 15.9) has many alternative proofs (see
[37]) but the most useful seems to be the one used in this chapter, due to Ja-
worski [439]. His approach can also be applied to derive the distribution of
many other characteristics of a random digraph Dy, as well as it can be used to
prove generalisations of the Burtin-Ross Lemma for models of random map-
pings with independent choices of images. (For an extensive review of results
in that direction see [440]). Aldous, Miermont, Pitman ([17],[18]) study the
asymptotic structure of D ; using an ingenious coding of the random mapping
f as a stochastic process on the interval [0, 1] (see also the related work of Pit-
man [621], exploring the relationship between random mappings and random
forests).

Hansen and Jaworski (see [394], [395]) introduce a random mapping fD :[n]—
[n] with an in-degree sequence, which is a collection of exchangeable random
variables (D1,D>,...,D,). In particular, they study predecessors and succes-
sors of a given set of vertices, and apply their results to random mappings with
preferential and anti-preferential attachment.
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Several interesting graph properties require that the minimum degree of a graph
be at least a certain amount. E.g. having a Hamilton cycle requires that the min-
imum degree is at least two. In Chapter 6 we saw that G,, ,, being Hamiltonian
and having minimum degree at least two happen at the same time w.h.p. One
is therefore interested in models of a random graph which guarantee a certain
minimum degree. We have already seen d-regular graphs in Chapter 10. In this
chapter we consider another simple and quite natural model G;_,,, that gen-
eralises random mappings. It seems to have first appeared in print as Problem
38 of “The Scottish Book™ [558]. We discuss the connectivity of this model
and then matchings and Hamilton cycles. We also consider a related model of
“Nearest Neighbor Graphs”.

16.1 Connectivity

For an integer k, 1 <k <n—1, let @k_gu, be a random digraph on vertex
set V.= {1,2,...,n} with arcs (directed edges) generated independently for
each v € V by a random choice of k distinct arcs (v,w), where w € V' \ {v}, so
that each of the (”;l) possible sets of arcs is equally likely to be chosen. Let
Gg—our be the random graph(multigraph) obtained from @k,gm by ignoring the
orientation of its arcs, but retaining all edges.

Note that G_y is a functional digraph of a random mapping f : [n] — [n],
with a restriction that loops (fixed points) are not allowed. So for k = 1 the
following result holds.

Theorem 16.1
lim P(G_ou is connected ) =0.

n—soo

The situation changes when each vertex is allowed to choose more than one
neighbor. Denote by x(G) and A(G) the vertex and edge connectivity of a
graph G respectively, i.e., the minimum number of vertices (respectively edges)

318
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the deletion of which disconnects G. Let §(G) be the minimum degree of G.
The well known Whitney’s Theorem states that, for any graph G,

k(G) <A(G) < 6(G).

In the next theorem we show that for random k — out graphs these parameters
are equal w.h.p. It is taken from Fenner and Frieze [298]. The Scottish Book
[558] contains a proof that G;_,,, is connected for k > 2.

Theorem 16.2 Ler k = K(Gi—pyr ), A = A(Gr—our) and 6 = 6(Gy_yz ). Then,
SJor2<k=0(1),

limP(k=A=8=k) = 1.

n—»oeo

Proof In the light of Whitney’s Theorem, to prove our theorem we have to
show that the following two statements hold:

Hm P(k(Gj_pue) > k) =1, (16.1)
n—soo

and
lim P((S(kaout) < k) =1L (16.2)
n—soo

Then, w.h.p.

k<k<A<6<k,

and the theorem follows.

To prove statement (16.1) consider the deletion of r vertices from the random
graph G;_,,;, where 1 <r <k—1.1If G;_,, can be disconnected by deleting r
vertices, then there exists a partition (R, S, T) of the vertex set V, with | R |=r,
|S|=sand |T |=t=n—r—s, withk—r+1<s<n—k—1,such that G;_
has no edge joining a vertex in § with a vertex in 7. The probability of such an
event, for an arbitrary partition given above, is equal to

() (5) < 6

]P)(K(Gk—out) < I") <

[(n—r)/2] n! r+s sk n—s (n—r—s)k
)y s!r!(n—r—s)!< n ) ( n >

s=k—r+1

Thus
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We have replaced n —k — 1 by | (n —r) /2| because we can always interchange
Sand T so that |S| < |T|.
But, by Stirling’s formula,

n! n

<
sl (n—r—s)! = “sS(n—r—s)nrs

where

s(n—r—s

n V2 9c
o = os,n,r) <c P p— < —

for some absolute constant ¢ > 0.

Thus
[(n—r)/2] 1 r+s s H—s (n—r—s)
]P —ou S S 2 ) s
(K(Gr—ow) <) Cs:I;rH SIp < p > (n—r—s) u
where
Uy = (r_’_s)(kfl)s(n _ S)(kfl)(nfrfx)nnfk(nfr).
Now,
r+s s n—s n—r—s < ezr
K n—r—s - ’
and

(r_i_s)x(n _ S)nfrfs

decreases monotonically, with increasing s, for s < (n — r)/2. Furthermore, if
s < n/4 then the decrease is by a factor of at least 2.
Therefore

n/4

(k1) (s—ktr— 2 n
P(K(Gk—oul)<I”)<2C€2r<<k ‘+12 (k=1) (st 1)+I’L1/24> Uk—r+1

<5¢n" P,y < See¥ an> kD),

where
a= (k+ 1)(k71)(k7r+1).

It follows that

lim P(k(Gy_ow) < 7) = lim P(k(Gy_p) <k—1) =0,

n—o0 n—yoo
which implies that
Hm P(k(Gy_pue) > k) =1,

n—o
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i.e., that equation (16.1) holds.
To complete the proof we have to show that equation (16.2) holds, i.e., that

P(6(Giour) =k) — 1 as n— oo,

Since 6 > k in Gy_,,;, we have to show that w.h.p. there is a vertex of degree
k in Gk—out~

Let &, be the event that vertex v has indegree zero in @k_om. Thus the degree
of vin Gy_,, is k if and only if &, occurs. Now

(n72) n—1 k n—1

P(&,) = ( L ) = <1— ) — ek

("c) n—1

Let Z denote the number of vertices of degree k in Gy_,,,;. Then we have shown
that E(Z) ~ ne~*. Now the random variable Z is determined by kn independent
random choices. Changing one of these choices can change the value of Z by

at most one. Applying the Azuma-Hoeffding concentration inequality — see
Section 21.7, in particular Lemma 21.16 we see that for any > 0

P(Z<E(Z)-1) gexp{—it:}.

Putting = ne % /2 we see that Z > 0 w.h.p. and the theorem follows. O

16.2 Perfect Matchings

Non-bipartite graphs

Assuming that the number of vertices n of a random graph Gy_,,, is even,
Frieze [322] proved the following result.

Theorem 16.3

lim P(Gy_ou h fect matching) — 4 ° T ¥ =1
m _ as a perfect maicnin =
s k—out 4 8 1 ifk>2.

neven

We will only prove a weakening of the above result to where k > 15. We follow
the ideas of Section 6.1. So, we begin by examining the expansion properties
of G= Gaf()utaa > 3.

Lemma 164 W.h.p. |Ng(S)| > |S| for all S C [n],|S| < k,n where K, =
2\30 :
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Proof The probability there exists a set S with insufficient expansion is at
most

OB e ()

Kant

_ ; ((;)“_zezza)s —o(1). (163)

Lemma 16.5 Let b= [(1+4,2)/2|. Then as n — oo, n even, Gy p)—ou has
a perfect matching w.h.p.

Proof  First note that G, p)_ oy contains H = Gy—pur U Gp—pyr in the follow-
ing sense. Start the construction of G, ), With H. If there is a v € [n] that
chooses edge {v,w} in both G, and G;,_,,, then add another random choice
for v.

Let us show that H has a perfect matching w.h.p. Enumerate the edges of
Gb—ou as e1,€2,...,ep,. Here e(;_1), ; is the ith edge chosen by vertex j. Let
Go = Gg—our and let G; = Go + {ey,e2,...,¢;}. If G; does not have a perfect
matching, consider the sets A,A(x),x € A defined prior to (6.6). It follows from
Lemma 16.4 that w.h.p. all of these sets are of size at least k,n. Furthermore,
ifi+1 modn=xandx €A and ¢; = {x,y} then P(y € A(x)) > % (We
subtract i to account for the i previously inspected edges associated with x’s
choices).

It follows that

~

(G(4+b)—ow does not have a perfect matching)
P(H does not have a perfect matching)
P

<
< P(Bin(bkan, ks —b/n) <n/2) = o(1).

O

Putting a = 8 gives b = 7 and a proof that G5_,,, n even, has a perfect match-
ing w.h.p.

Bipartite graphs

We now consider the related problem of the existence of a perfect matching in
a random k-out bipartite graph.

LetU = {uy,up,...,un},V={vi,va,...,v,} and let each vertex from U choose
independently and without repetition, k neighbors in V, and let each vertex
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from V choose independently and without repetition k neighbors in U. Denote
by Bj_ou the digraphs generated by the above procedure and let B;_,,; be its
underlying simple bipartite graph.

Theorem 16.6

0 ifk=1
lim P(By_,,; has a perfect matching) =
o ( k—out )4 f g) {1 szZZ

We will give two different proofs. The first one - existential- of a combinatorial
nature is due to Walkup [719]. The second one - constructive- of an algorith-
mic nature, is due to Karp, Rinnooy-Kan and Vohra [475]. We start with the
combinatorial approach.

Existence proof

Let X denote the number of perfect matchings in By_,,,. Then
P(X >0) <E(X) <n!2%(k/n)".

The above bound follows from the following observations. There are n! ways
of pairing the vertices of U with the vertices of V. For each such pairing there
are 2" ways to assign directions for the connecting edges, and then each possi-
ble matching has probability (k/n)" of appearing in By_,y;.

So, by Stirling’s formula,

P(X > 0) < 3n'/2(2k/e)",

which, for k = 1 tends to 0 as n — oo, and the first statement of our theorem
follows.

To show that B;_,,, has a perfect matching w.h.p. notice that since this is an
increasing graph property, it is enough to show that it is true for k = 2. Note
also, that if there is no perfect matching in B;_,,,, then there must exist a set
R C U (or R C V) such that the cardinality of neighborhood of § = N(R) of
R in U ( respectively, in V) is smaller than the cardinality of the set R itself,
i.e., | S|<| R |. We will call such a pair (R, S) a bad pair, and, in particular, we
will restrict our attention to the “minimal bad pairs”, i.e., such that there is no
R’ C R for which (R',N(R')) is bad.

If (R,S) is a bad pair with R C U then (V \ S,U \ R) is also a bad pair. Given
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this, we can concentrate on showing that w.h.p. there are no bad pairs (R,S)
with 2 < |R| < (n+1)/2.
Every minimal bad pair has to have the following two properties:

@) [S|=|R[ -1,
(ii) every vertex in S has at least two neighbors in R.

The first property is obvious. To see why property (ii) holds, suppose that there
is a vertex v € S with at most one neighbor u in R. Then the pair (R\ {u},S\
{v}) is also “bad pair” and so the pair (R,S) is not minimal.

Let r € [2,(n+1)/2] and let Y, be the number of minimal bad pairs (R,S),
with | R |= r in B;_,,. To complete the proof of the theorem we have to
show that ', EY, — 0 as n — . By symmetry, choose (R,S), such that R =
{ur,uz,...u,} CU and S = {vy,v2,...v,_1 } CV is a minimal “bad pair”. Then

EYr:2<n>< " )P,Q,, (16.4)
r/\r—1

P, =P((R,S) is bad)

where

and

0, =P((R,S) is minimal | (R,S) is bad).
We observe that, for any fixed %,

(Y

(%)
N2 (n—r 2n=r)
P,g(;) ( ; ) . (16.5)

Then we use Stirling’s formula to show,

0" =)

2(n—r)
r n n\y [ 1
< n (" . 16.
_n—r—l—lr(n—r)<r) <n—r> (16.6)

To estimate Q, we have to consider condition (ii) which a minimal bad pair
has to satisfy. This implies that a vertex v € S = N(R) is chosen by at least one
vertex from R (denote this event by A,), or it chooses both its neighbors in R
(denote this event by B,). Then the events A,,v € S are negatively correlated

(")
()

Hence, for k =2,
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(see Section 21.2) and the events B,,v € S are independent of other events in
this collection. Let S = {v{,vy,...,v,—1 }. Then we can write

QgP(TR%UBm>

i=1
1 -

:h]P’(Ale v UA UBVJ>
j=1

IN
|
pacy
>
o
pact
=
o

T

(-G (-8
<n! (16.7)

for some absolute constant 0 < ) < 1 when r < (n+1)/2.
Going back to (16.4), and using (16.5), (16.6), (16.7)

(n+1)/2 (n+1)/2 nr 1
EX, <2 ——— =90(1).
Z Z (n—r+1) =o(l)
Hence Y, EX, — 0 as n — oo, which means that w.h.p. there are no bad pairs,
implying that B;_,,, has a perfect matching w.h.p. [

Frieze and Melsted [343] considered the related question. Suppose that M, N
are disjoint sets of size m,n and that each v € M chooses d > 3 neighbors
in N. Suppose that we condition on each vertex in N being chosen at least
twice. They show that w.h.p. there is a matching of size equal to min{m,n}.
Fountoulakis and Panagiotou [310] proved a slightly weaker result, in the same
vein.

Algorithmic Proof

We will now give a rather elegant algorithmic proof of Theorem 16.6. It is
due to Karp, Rinnooy-Kan and Vohra [475]. We do this for two reasons. First,
because it is a lovely proof and second this proof is the basis of the proof that
2-in,2-out is Hamiltonian in [206]. In particular, this latter example shows that
constructive proofs can sometimes be used to achieve results not obtainable
through existence proofs alone.

Start with the random digraph @zﬂmz and consider two multigraphs, Gy and
Gy with labeled vertices and edges, generated by ]ﬁz,ou, on the sets of the
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bipartition (U,V) in the following way. The vertex set of the graph Gy is U
and two vertices, u and 1/, are connected by an edge, labeled v, if a vertex v € V
chooses u and « as its two neighbors in U. Similarly, the graph Gy has vertex
set V and we put an edge labeled u between two vertices v and v/, if a vertex
u € U chooses v and V' as its two neighbors in V. Hence graphs Gy and Gy are
random multigraphs with exactly n labeled vertices and n labeled edges.

We will describe below, a randomized algorithm which w.h.p. finds a perfect
matching in B,_,,, in O(n) expected number of steps.

Algorithm PAIR

e Step 0. Set Hy = Gy and let Hy be empty graph on vertex set V. Initially
all vertices in Hy are unmarked and all vertices in Gy are unchecked. Let
CORE denote the set of edges of Gy that lie on cycles in Gy i.e. the edges
of the 2-core of Gy .

e Step 1. If every isolated tree in Hy contains a marked vertex, go to Step
5. Otherwise, select any isolated tree T in Hy in which all vertices are un-
marked. Pick a random vertex u in T and mark it.

e Step 2. Add the edge {x,y},x,y € V that has label u to the graph Hy .

e Step 3. Let C,,Cy be the components of Hy just before the edge labeled u is
added. Let C = C, UC,y. If all vertices in C are checked, go to Step 6. Oth-
erwise, select an unchecked vertex v in C. If possible, select an unchecked
vertex v for which the edge labeled v in Hy belongs to CORE.

e Step 4. Delete the edge labeled v from Hy, return to Step 1.

e Step 5. STOP and declare success.

e Step 6. STOP and declare failure.

We next argue that Algorithm PAIR, when it finishes at Step 5, does indeed
produce a perfect matching in B,_,,,. There are two simple invariants of this
process that explain this:

(I1) The number of marked vertices plus the number of edges in Hy is equal
to n.
(I2) The number of checked vertices is equal to the number of edges in Hy .

For I1, we observe that each round marks one vertex and deletes one edge of
Hy . Similarly, for 12, we observe that each round checks one vertex and adds
one edge to Hy.

Lemma 16.7 Up until (possible) failure in Step 6, the components of Hy are
either trees with a unique unchecked vertex or are unicyclic components with
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all vertices checked. Also, failure in Step 6 means that PAIR tries to add an
edge to a unicyclic component.

Proof This is true initially, as initially Hy has no edges and all vertices are
unchecked. Assume this to be the case when we add an edge {x,y} to Hy. If
C, # C, are both trees then we will have a choice of two unchecked vertices
in C = C,UC, and C will be a tree. After checking one vertex, our claim will
still hold. The other possibilities are that C, is a tree and C, is unicyclic. In
this case there is one unchecked vertex and this will be checked and C will be
unicyclic. The other possibility is that C = C, = C, is a tree. Again there is
only one unchecked vertex and adding {x,y} will make C unicyclic. O

Lemma 16.8 [f Hy consists of trees and unicyclic components then all the
trees in Hy contain a marked vertex.

Proof Suppose that Hy contains k trees with marked vertices and ¢ trees with
no marked vertices and that the rest of the components are unicyclic. It follows
that Hy contains n — k — ¢ edges and then (I1) implies that £ = 0. O

Lemma 16.9 [f the algorithm stops in Step 5, then we can extract a perfect
matching from Hy ,Hy.

Proof Suppose that we arrive at Step 5 after k rounds. Suppose that there are
k trees with a marked vertex. Let the component sizes in Hy be ny,n, ..., n;
for the trees and my,mo, ..., my for the remaining components. Then,

nm+ny+-+nt+m+m+---+mp=|V(Hy)| =n.
|E(Hy)| =n—k,
from I1 and so
(m—=1)+(na— 1)+ + (m— 1)+
(>mi)+ (> m)+(>my) =n—k.

It follows that the components of Hy that are not trees with a marked vertex
have as many edges as vertices and so are unicyclic.

‘We now show, given that Hy, Hy only contain trees and unicyclic components,
that we can extract a perfect matching. The edges of Hy define a matching
of By_,, of size n — k. Consider a tree T component with marked vertex p.
Orient the edges of T away from p. Now consider an edge {x,y} of T, oriented
from x to y. Suppose that this edge has label z € V. We add the edge {y,z} to
M. These edges are disjoint: z appears as the label of exactly one edge and y
is the head of exactly one oriented edge.



328 k-out

For the unicyclic components, we orient the unique cycle

C = (uy,uy,...,us) arbitrarily in one of two ways. We then consider the trees
attached to each of the u; and orient them away from the u;. An oriented edge
{x,y} with label z yields a matching edge {y,z} as before.

The remaining k edges needed for a perfect matching come from Hy. We ex-
tract a set of k matching edges out of Hy in the same way we extracted n — k
edges from Hy. We only need to check that these k edges are disjoint from
those chosen from Hy. Let {y,z} be such an edge, obtained from the edge
{x,y} of Hy, which has label z. z is marked in Hy and so is the root of a tree
and does not appear in any matching edge of M;. y is a checked vertex and so
the edge labelled y has been deleted from Hy and this prevents y appearing in
a matching edge of M. O

Lemma 16.10 Wh.p. Algorithm PAIR cannot reach Step 6 in fewer than
0.49n iterations.

Proof 1t follows from Lemma 2.10 that w.h.p. after < 0.499n rounds, Hy
only contains trees and unicyclic components. The lemma now follows from
Lemma 16.7. O

To complete our analysis, it only remains to show

Lemma 16.11 W.h.p., at most 0.49n rounds are needed to make Hy the union
of trees and unicyclic components.

Proof Recall that each edge of Hy corresponds to an unchecked vertex of Hy,
the edges corresponding to checked vertices having been deleted. Moreover,
each tree component 7 of Hy has one unchecked vertex, ur say. If ur is the
label of an edge of Hy belonging to CORE then due to the choice rule for
vertex checking in Step 3, every vertex of 7 must be the label of an edge of
CORE. Hence the number of edges left in CORE, after a given iteration of
the algorithm, is equal to the number of tree components of Hy, where every
vertex labels an edge of CORE. We use this to estimate the number of edges
of CORE that remain in Hy after .49n iterations.

Let xe ™ = 2¢2, where 0 < x < 1. One can easily check that 0.40 < x < 0.41.
It follows from Lemma 2.16 that w.h.p. [CORE| ~ (1 —3 )2 n, which implies,
that 0.63 n < |CORE| < 0.64 n.

Let Z be the number of tree components in Hy made up of vertices which are
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the labels of edges belong to CORE. Then, after at most 0.49n rounds,

EZ <ol +l°gz’~j ()kk 2(049n)(k_1)!(0.64)kx

k—1
X X 49n—(k—1)
><<1— (n— )> (16.8)

()

(logn)? 1 k—2 L 008k
<(1+o(1))n k; T(0.64) eV
<(14o(1))n
k
(0.6460)%  (0.646)°  2(0. 649 = ((0.64)e?)
[ O649+ st Z e

where 6 = e~

<(I4o(1))n [0.279—&- :

2% 552 (1 — (0.64)@02)]
(1+0(1))n[0.279+0.026]

Explanation of (16.8); The o(1) term corresponds to components of size greater
than (logn)? and w.h.p. there are none of these. For the summand, we choose k
vertices and a tree on these k vertices in (})k*~2 ways. The term (%) (k—1)!
gives the number of sequences of edge choices that lead to a given tree. The
term (}) 01 s the probability that these edges exist and (0.64)* bounds the
probability that the vertices of the tree correspond to edges in CORE. The final
term is the probability that the tree is actually a component.

So after 0.49n rounds, in expectation, the number of edges left in CORE, is at
most % < 0.485 of its original size, and the Chebyshev inequality (applied
to Z) can be used to show that w.h.p. it is at most 0.49 of its original size.
However, randomly deleting approximately 0.51 fraction of CORE's will w.h.p.
leave just trees and unicyclic components in Hy. To see this, observe that if
we delete 0.505n random edges from Gy then we will have a random graph
in the sub-critical stage and so w.h.p. it will consist of trees and unicyclic
components. But deleting 0.505x7 random edges will w.h.p. delete less than
a 0.51 fraction of CORE. O
This completes the proof that w.h.p. Algorithm PAIR finishes before 0.49n

rounds with a perfect matching. In summary,



330 k-out

Theorem 16.12 W.h.p. the algorithm PAIR finds a perfect matching in the
random graph B, _,,; in at most .49n steps.

One can ask whether one can w.h.p. secure a perfect matching in a bipartite
random graph having more edges then B;_,,,, but less than B,_,,,. To see that
it is possible, consider the following two-round procedure. In the first round
assume that each vertex from the set U chooses exactly one neighbor in V and,
likewise, every vertex from the set V chooses exactly one neighbor in U. In the
next round, only those vertices from U and V which have not been selected in
the first round get a second chance to make yet another random selection. It
is easy to see that, for large n, such a second chance is, on the average, given
to approximately n/e vertices on each side. Le, that the average out-degree of
vertices in U and V is approximately 1+ 1/e. Therefore the underlying simple
graph is denoted as By /¢)_o.» and Karofiski and Pittel [468] proved that the
following result holds.

Theorem 16.13  With probability 1 — O(n~"/%) a random graph By ;1 /) ou
contains a perfect matching.

16.3 Hamilton Cycles

Bohman and Frieze [114] proved the following:
Theorem 16.14

lim P(Gy_ oy has a Hamiltonian Cycle) =
n—roo

0 if k<2

1 if k>3.
To see that this result is best possible note that one can show that w.h.p. the
random graph G;_,,, contains a vertex adjacent to three vertices of degree two,
which prevents the existence of a Hamiltonian Cycle. The proof that G3_,
w.h.p. contains a Hamiltonian Cycle is long and complicated, we will therefore
prove the weaker result given below which has a straightforward proof, using
the ideas of Section 6.2. It is taken from Frieze and Luczak [338].

Theorem 16.15
lim P(Gg—_oye has a Hamiltonian Cycle) = 1, if k > 5.

n—yoo
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Proof LetH = GoUG1UG, where G; = (le.,om, where () ko= 1,k =k =2
and (ii) Gy, G1,G, are generated independently of each other. Then we can
couple the construction of H and Gs_,,,, so that H C Gs_,,,. This is because
in the construction of H, some random choices in the construction of the as-
sociated digraphs might be repeated. In which case, having constructed H, we
can give Gs_,,, some more edges.

It follows from Theorem 16.3 that w.h.p. G;,i = 1,2 contain perfect matchings
M;,i = 1,2. Here we allow n to be odd and so a perfect matching may leave
one vertex isolated. By symmetry My, M, are uniform random

matchings. Let M = M| UM,. The components of M are cycles. There could be
degenerate 2-cycles consisting of two copies of the same edge and there may
be a path in the case n is odd.

Lemma 16.16 Let X be the number of components of M. Then w.h.p.

X < 3logn.

Proof Let C be the cycle containing vertex 1. We show that

(16.9)

n 1
> —) > —.
P (cr1)

To see this note that

k—1 ;
n—2i 1 1
P(|C| = 2k) = :
(IC] =2k) g(n_2i+1>n—2k+l<n—2k+l

Indeed, consider the M,-edge {1 =i;,iy} € C containing vertex 1. Let {i,i3} €
C be the M;-edge containing i, Now, P(i3 # 1) = (n—2)/(n—1). Assume that
i3 # 1 and let {i3,i4} € C be the M;-edge containing i3. Let {i,i5} € C be the
M,-edge containing is. Then P(is # 1) = (n—4)/(n—3), and so on until we
close the cycle with probability 1/(n—2k+ 1). Hence

[n/4] 1 1

n
P(lc|< %) — <
Cl<3)< Ximsi <2

and the bound given in (16.9) follows.

Consider next the following experiment. Choose the size s of the cycle contain-
ing vertex 1. Next choose the size of the cycle containing a particular vertex
from the remaining n — s vertices. Continue until the cycle chosen contains
all remaining vertices. Observe now, that deleting any cycle from M leaves a
random pair of matchings of the remaining vertices. So, by this observation
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and the fact that the bound (16.9) holds, whatever the currently chosen cycle
sizes, with probability at least 1/2, the size of the remaining vertex set halves,
at least. Thus,

P(X > 3logn) <P(Bin(3logn, 1/2) <log,n) =o(1).

O
We use rotations as in Section 6.2. Lemma 16.16 enables us to argue that we
only need to add random edges trying to find x,y where y € END(x), at most
O(logn) times. We show next that H; = G| U G has sufficient expansion.

Lemma 16.17 Wh.p. S C [n],|S| < n/1000 implies that |Ng, (S)| > 2|S|.

Proof Let X be the number of vertex sets that violate the claim. Then,

o< B G ((5)

n/1000 (63}13 81k4)k

e 4ot
n/1000 /@1 .35\
kg’l ( 4n )
=o(1).

O
If n is even then we begin our search for a Hamilton cycle by choosing a cycle
of H; and removing an edge. This will give us our current path P. If n is odd
we use the path P joining the two vertices of degree one in M| UM,. We can
ignore the case where the isolated vertex is the same in M| and M, because
this only happens with probability 1/n. We run Algorithm Pésa of Section 6.2
and observe the following: At each point of the algorithm we will have a path P
plus a collection of vertex disjoint cycles spanning the vertices not in P. This is
because in Step (d) the edge {u, v} will join two cycles, one will be the newly
closed cycle and the other will be a cycle of M. It follows that w.h.p. we will
only need to execute Step (d) at most 3logn times.
We now estimate the probability that we reach the start of Step (d) and fail
to close a cycle. Let the edges of Gy be {e1,es,...,e,} where ¢; is the edge
chosen by vertex i. Suppose that at the beginning of Step (d) we have identified
END. We can go through the vertices of END until we find x € END such that
ex = {x,y} where y € END(x). Because Gy and H, are independent, we see
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by Lemma 16.17 that we can assume P(y € END(x)) > 1/1000. Here we use
the fact that adding edges to H; will not decrease the size of neighborhoods. It
follows that with probability 1 —o(1/n) we will examine fewer than (logn)?
edges of G before we succeed in closing a cycle.

Now we tryclosing cycles O(logn) times and w.h.p. each time we look at
O((logn)?) edges of Go. So, if we only examine an edge of Gy once, we
will w.h.p. still always have 1/1000 — O((logn)?) edges to try. The proba-
bility we fail to find a Hamilton cycle this way, given that H; has sufficient ex-
pansion, can therefore be bounded by P(Bin(1/1000 — O((logn)?),1/1000) <
3logn) =o(1). O

16.4 Nearest Neighbor Graphs

Consider the complete graph K,,, on vertex setV ={1,2,,...,n}, in which each
edge is assigned a cost C; j,i # j, and the costs are independent identically
distributed continuous random variables. Color an edge green if it is one of
the k shortest edges incident to either end vertex, and color it blue otherwise.
The graph made up of the green edges only is called the k-th nearest neighbor
graph and is denoted by Gy_peqress- Note that in the random graph Gi_peqrest
the edges are no longer independent, as in the case of Gj_,, or in the classical
model G, ,. Assume without loss of generality that the C; ; are exponential
random variables of mean one. Cooper and Frieze [205] proved

Theorem 16.18
0 ifk=1,
liln P(Gi—neares: is connected ) =y if k=2,
1 if k>3,

where 0.99081 < y < 0.99586.

A similar result holds for a random bipartite k-th nearest neighbor graph, gen-
erated in a similar way as Gy_peqresr DUt starting with the complete bipartite
graph K, , with vertex sets Vi,V» = {1,2,,...,n}, and denoted by Bi_ncares:-
The following result is from Pittel and Weishar [629].
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Theorem 16.19

0 ifk=1,
li_r}n P(Bi—neares: is connected ) =< v if k=2,
frareed

1 if k>3,

where 0.996636 < 7.

The paper [629] contains an explicit formula for 7.

Consider the related problem of the existence of a perfect matching in the
bipartite k-th nearest neighbor graph By_peqres:- FOor convenience, to simplify
computations, we will assume here that the C; ; are iid exponential random
variables with rate 1/n. Coppersmith and Sorkin [226] showed that the ex-
pected size of the largest matching in B|_peqres (Which itself is a forest) is
w.h.p. asymptotic to

_ L
(2 —e ¢ e ) n~0.807n.

The same expression was obtained independently in [629]. Also, w.h.p.,

By _nearest does not have a perfect matching. Moreover, w.h.p., in a maximal
matching there are at least lﬁé(;%:gn unmatched vertices, see [629].

The situation changes when each vertex chooses three, instead of one or two,

of its “green” edges. Then the following theorem was proved in [629]:

Theorem 16.20 B3_,cqrest has a perfect matching, w.h.p.

Proof The proof is analogous to the proof of Theorem 16.6 and uses Hall’s
Theorem. We use the same terminology. We can, as in Theorem 16.6, consider
only bad pairs of “size” k < n/2. Consider first the case when k < €n, where
€ < 1/(2€%), i.e., “small” bad pairs. Notice, that in a bad pair, each of the k
vertices from V| must choose its neighbors from the set of kK — 1 vertices from
V5. Let A, be the number of such sets. Then,

s () C) 52 () (5

(The factor 2 arises from allowing R to be chosen from V) or V.)
Let P, be the probability that there is a bad pair of size k in B3_peqresr- Then
the probability that B3 _neqres coOntains a bad pair of size less than 7 = | en] is,
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letting = | (logn)?], at most

So, if € < 1/(2¢?), then

len]

Z P, — 0.

k=4
It suffices to show that

n/2

Z P, — 0.

k=|en|+1

To prove that there are no “large” bad pairs, note that for a pair to be bad it must
be the case that there is a set of n — k+ 1 vertices of V, that do not choose any
of the k vertices from V;. Let R C Vi, |R| = k and S C V,,|S| = k — 1. Without
loss of generality, assume that R = {1,2,...k},S = {1,2,...k— 1}. Then let
Y;,i=1,2,...k be the smallest weight in K, , among the weights of edges
connecting vertex i € R with vertices from V,\ S, and let Z;, j = k,k+1,...n
be the smallest weight among the weights of edges connecting vertex j € V5 \ S
with vertices from R. Then, each ¥; has an exponential distribution with rate
(n—k+1)/n and each Z; has the exponential distribution with rate k/n.
Notice that in order for there not to be any edge in B3 _peqresr bEtween respective
sets R and V; \ S the following property should be satisfied: each vertex i € R
has at least three neighbors in K, ,, with weights smaller than ¥; and each vertex
J € Vo \ S has at least three neighbors in K, , with weights smaller than the
corresponding Z;. If we condition on the value ¥; = y, then the probability that
vertex i has at least three neighbors with respective edge weight smaller than
Y;, is given by

Pui(y) =1- (e‘y/ ) RSy (1 - e—y/n) (e—y/n> 2

(3 0y ey
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Putting a = k/n
—a —a 1 2.2 —ay
Po(y) =~ fla,y) =1—e ¥ —aye ™ — Faye Y,
Similarly, the probability that there are three neighbors of vertex j € V,\ S with

edge weights smaller than Z; is =~ f(1 —a,Z;).
So, the probability that there is a bad pair in B3_peqres can be bounded by

A=2(p)(L)n

where, by the Cauchy-Schwarz inequality and independence separately of Y7,
SY,and Zy,...,Z,,

i=1 Jj=k
E(f*(a, Y1) E(f2(1—a,Z,)) " 072,

Asymptotically, ¥ has an exponential (1 — a) distribution, so

E(f2 (av n ))
- 1 2
~ / <1 —e Y —qye™ W — zazyze_ay> (1- a)e_(l_a)ydy
0
_ (1 _ a) / (e,(lfa)y — 2 — Zayefy _ aZyZef)' 4 e*(1+a)y
0
+2aye1HaY 4 2g? e~ (1Hay 4 g3\ 3o~ (Fa)y 411“4y ey

Now using

= i!
l,—Cy .
/Oye =T
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we obtain

E(2(a, 1)) = (1 —a) <122a2a2+

1—a 1+a
n 2a n 442 n 6a° n 6a*
(1+a)?  (1+a)P (14+a)* (1+a)
_ 2a°(10+5a+a?)
- (1+a)’
Letting
gla) =E(f*(a,11))"?,
we have

L P LR By R

a2a(1 — a)2(i-d

Numerical examination of the function 4(a) shows that it is bounded below 1
for a in the interval [8,0.5], which implies that the expected number of bad
pairs is exponentially small for any k > 6n, with k < n/2. Taking 0 < € <
1/(2¢?), we conclude that, w.h.p., there are no bad pairs in B3_pearesr» and so
we arrive at the theorem. O

16.5 Exercises

16.5.1 Let p = log"ﬂm*lr)lloglogww where @ — oo. Show that w.h.p. it is pos-

sible to orient the edges of G, , to obtain a digraph D such that the
minimum out-degree 61 (D) > m.

16.5.2 The random digraph Dj_;, ¢—y is defined as follows: each vertex v €
[n] independently randomly chooses k-in-neighbors and ¢-out-neighbors.
Show that w.h.p. Dy, iy m—ou 1S m-strongly connected for m > 2 i.e. to
destroy strong connectivity, one must delete at least m vertices.

16.5.3 Show that w.h.p. the diameter of Gy_,,, is asymptotically equal to
logy, n for k > 2.

16.5.4 For a graph G = (V,E) let f: V — V be a G-mapping if (v, f(v)) is an
edge of G for all v € V. Let G be a connected graph with maximum de-
greed. Let H = Ui'(:o H; where (i) k > 1, (ii) Hy is an arbitrary spanning
tree of G and (iii) H{,H;,...,H; are independent uniform random G-
mappings. Let Oy =1 — (1 — %)21( and let o = 16/6;. Show that w.h.p.
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for every A C V, we have

Ok

where eg(A) (resp. ex(A)) is the number of edges of G (resp. H) with
exactly one endpoint in A.

16.5.5 Let G be a graph with n vertices and minimum degree (% +¢&)n for some
fixed € > 0. Let H = U*_ H; where (i) k > 2 and (ii) Hy,H,,...,H;
are independent uniform random G-mappings. Show that w.h.p. H is
connected.

16.5.6 Show that w.h.p. Gy_,,, contains k edge disjoint spanning trees. (Hint:
Use the Nash-Williams condition [602] — see Frieze and Luczak [339]).

16.6 Notes

k-out process

Jaworski and Luczak [443] studied the following process that generates Gy— gy
along the way. Starting with the empty graph, a vertex v is chosen uniformly
at random from the set of vertices of minimum out-degree. We then add the
arc (v,w) where w is chosen uniformly at random from the set of vertices that
are not out-neighbors of v. After kn steps the digraph in question is precisely
Cr—ou- Ignoring orientation, we denote the graph obtained after m steps by
U(n,m). The paper [443] studied the structure of U(n,m) for n < m < 2m.
These graphs sit between random mappings and Ga_y;-

Nearest neighbor graphs

There has been some considerable research on the nearest neighbor graph gen-
erated by n points 2" = {X;,X>,...,X,} chosen randomly in the unit square.
Given a positive integer k we define the k-nearest neighbor graph G 4 ; by
joining vertex X € 2" to its k nearest neighbors in Euclidean distance. We
first consider the existence of a giant component. Teng and Yao [705] showed
that if k > 213 then there is a giant component w.h.p. Balister and Bollobdas
[50] reduced this number to 11. Now consider connectivity. Balister, Bollobds,
Sarkar and Walters [52] proved that there exists a critical constant ¢* such that
if k < clogn and ¢ < c* then w.h.p. G4 is not connected and if k > clogn
and if ¢ > ¢* then w.h.p. G 4~ ; is connected. The best estimates for c* are given
in Balister, Bollobas, Sarkar and Walters [51] i.e. 0.3043 < ¢* < 0.5139.

When distances are independently generated then the situation is much clearer.
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Cooper and Frieze [205] proved that if £ = 1 then the k-nearest neighbor
graph O is not connected; the graph &, is connected with probability y €
[.99081,.99586]; for k > 2, the graph & is k-connected w.h.p.

Directed k-in, /-out

There is a natural directed version of Gy_,s called Dy_jy ¢—oir Where each
vertex randomly chooses k in-neighbors and ¢ out-neighbors.

Cooper and Frieze [203] studied the connectivity of such graphs. They prove
for example that if 1 < k,¢ < 2 then

lg‘n P(Dy—in,¢—our 18 strongly connected) =
n—ro0
(1—Q2—ke H1—2-0e).

In this result, one can in a natural way allow k,¢ € [1,2]. Hamiltonicity was
discussed in [206] where it was shown that w.h.p. D>_;, 2, is Hamiltonian.
The random digraph D, , as well as @k,,,u, are special cases of a random di-
graph where each vertex, independently of others, first chooses its out-degree d
according to some probability distribution and then the set of its images - uni-
formly from all d-element subsets of the vertex set. If d is chosen according
to the binomial distribution then it is D, , while if d equals k with probabil-
ity 1, then it is @k_gu,. Basic properties of the model (monotone properties,
k-connectivity), were studied in Jaworski and Smit [445] and in Jaworski and
Palka [444] .

k-out subgraphs of large graphs

Just as in Section 6.5, we can consider replacing the host graph K, by graphs of
large degree. Let an n vertex graph G be strongly Dirac if its minimum degree
is at least cn for some constant ¢ > 0. Frieze and Johansson [332] consider the
subgraph Gy, obtained from G by letting each vertex independently choose k
neighbors in G. They show that w.h.p. Gy is k-connected for k > 2 and that Gy is
Hamiltonian for & sufficiently large. The paper by Frieze, Goyal, Rademacher
and Vempala [328] shows the use of Gy as a cut-sparsifier.

k-out with preferential attachment

Peterson and Pittel [620] considered the following model: Vertices
1,2,...,n in this order, each choose k random out-neighbors one at a time,
subject to a “preferential attachment” rule: the current vertex selects vertex i
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with probability proportional to a given parameter & = o(n) plus the number
of times i has already been selected. Intuitively, the larger o gets, the closer
the resulting k-out mapping is to the uniformly random k-out mapping. They
prove that o = @(n!/ 2) is the threshold for o growing “fast enough” to make
the random digraph approach the uniformly random digraph in terms of the
total variation distance. They also determine an exact limit of this distance for
a=Bn'/2.



17
Real World Networks

There has recently been an increased interest in the networks that we see
around us in our every day lives. Most prominent are the Internet or the World
Wide Web or social networks like Facebook and Linked In. The networks are
constructed by some random process. At least we do not properly understand
their construction. It is natural to model such networks by random graphs.
When first studying so-called “real world networks”, it was observed that of-
ten the degree sequence exhibits a tail that decays polynomially, as opposed
to classical random graphs, whose tails decay exponentially. See, for example,
Faloutsos, Faloutsos and Faloutsos [288]. This has led to the development of
other models of random graphs such as the ones described below.

17.1 Preferential Attachment Graph

Fix an integer m > 0, constant and define a sequence of graphs G1,Go,...,G;.
The graph G; has vertex set [¢] and G; consists of m loops on vertex 1. Suppose
we have constructed G;. To obtain G;1 we apply the following rule. We add
vertex ¢ + 1 and connect it to m randomly chosen vertices y,y2, ...,y € [t] in
such a way that fori =1,2,...,m,

deg (w, G,
Plyi = w) = LG,

In this way, Gy is obtained from G; by adding vertex ¢ + 1 and m randomly
chosen edges, in such a way that the neighbors of 7 4 1 are biased towards
higher degree vertices.

When m = 1, G; is a tree and this is basically a plane-oriented recursive tree as
considered in Section 14.5.

This model was considered by Barabdsi and Albert [56]. This was followed
by a rigorous analysis of a marginally different model in Bollobds, Riordan,
Spencer and Tusnady [149].

341



342 Real World Networks

Expected Degree Sequence: Power Law
Fix ¢ and let V; () denote the set of vertices of degree k in G;, where m < k =
O(t'/%). Let Dy(r) = Vi (r)]. Then (compare with (14.30) when m = 1)
E(Di(t+1)|G;) =

Dy (t) +m <<k— D)Di—1(t)  kDy(2)

2mt 2mt

> + L+ e(k,t). (17.1)

Explanation of (17.1): The total degree of G; is 2mt and so

W is the probability that y; is a vertex of degree k — 1, creating a
new vertex of degree k. Similarly, Zm(t) is the probability that y; is a vertex of
degree k, destroying a vertex of degree k. At this point ¢ 4+ 1 has degree m and
this accounts for the term 1;—,,. The term €(k,¢) is an error term that accounts

for the possibility that y; = y; for some i # j.

Thus
elk,) =0 ((’;) n’;) = 01/?). (17.2)

Taking expectations over G;, we obtain

(k—1)Dy—1(r)  kDy(t)
2mt 2mt

Dk(t+1)13k(t)+1k=m+m< >+8(k,t). (17.3)

Under the assumption Dy (t) ~ dyt (justified below) we are led to consider the

recurrence
L+ SR R g gy
dy = 17.4)
0 if k<m,
or
g +3sn i k>m
k+2 k—1 =
diy =
0 if k<m.
Therefore
2
d = —
" m42
k
[—1 2m(m+1)
=d, . 17.5
H l+2 k(k+1)(k+2) ( )

I=m+1
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So for large k, under our assumption Dy () ~ dit, we see that

- 2m(m+1)
Dy(t) ~ — g

We now show that the assumption Dy (¢) ~ dit can be justified. Note that the

following theorem is vacuous for k > 1'/°.
Theorem 17.1
D (1) — dyt| = O(:"1?) for k = O(t'/?).

Proof Let
Ak(l) = Dk(l) —dit.

Then, replacing Dy (t) by Ax(¢) +dit in (17.3) and using (17.2) and (17.4) we
get

At +1) = %A,H(z) + <1 — 2kt) A(t) +0(71/?). (17.6)

Now assume inductively on ¢ that for every k > 0
|Ac()] < Ci'/(logi)P,

where (log?)P is the hidden power of logarithm in O(r~'/2) of (17.6) and C is
an unspecified constant.

This is trivially true for k < m also for small ¢ if we make A large enough. So,
replacing O(t~'/2) in (17.6) by the more explicit

ar 2 (logr)B we get

A(t+1) <

k—1
< 7Ak,1(l‘)

-1/2 B
+ ot logt
=17 (log?)

+ ‘ <1 - 2kt> A1)
k—1

< TtAtl/z(logt)B + (1 - ;) A2 (logr)P + ar 12 (logr)P
< (logt)P (At' 2 + o =1/2).

Note that if ¢ is sufficiently large then

1/2

1 1
1/2 _ 1/2 - 124 _—
(t+1) t (1+t> >t +t3
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and so

< A(log(t+ 1)’ (1+1)'2,

assuming that A > 3q. ]
In the next section, we will justify our bound of O(tl/ 2) for vertex degrees.
After that we will prove concentration of the number of vertices of degree %,
for small .

Maximum Degree

Fix s <t and let X; be the degree of vertex s in G; for s <[ <t.

Lemma 17.2
P(X, > Ae"(1/5)"*(log(t +1))?) = 0(t™).
Proof Note firstthat X; =m. If0 < A < & = 1Og(}+]> then,
E (elx/“ |X1)

m k m—k
_Axy (MY (XN (X ik
¢ kzo<k> <2ml> ( mi) ¢

<y (M) (X o2\ k)
- = \k/ \2ml 2ml
_ A (1 +m)LX, (m— 1)/12)(,2)

2m 4mi?
X
ge?LX, (1+2;l(1+ml)> , since X; < ml,
S el(l#‘i(lzl[nl)))(l.

We define a sequence A = (A, A;11,...,A,) where
1+mA;

Here our only choice will be ;. We show below that we can find a suitable
value for this, but first observe that if we manage this then

E (e)LX’> <E <ell+‘XH) - <E (el’X’) <1+o(1).




17.1 Preferential Attachment Graph 345

Now
1—|—m£t
Ajr1 < (1 3 )lj,
implies that
! l+m8t ! 1+m8, t 1/2
=2T1(1 <2 m () A
A 1j1:11< + 27 1 €XP jZ:l 2 7 ]

This gives
E(exp{e*'"e,(z/t)‘ﬁx,}) <1+o(1).
So,

P (X, > A" (t/1)'*(log(t+1))%)) <
oA/ 2 (log(t+1)%) (ezx,) _ O(t—A)'
O
Thus with probability 1 —o(1) as # — oo we have that the maximum degree in
G; is O(t'/*(logr)?). This is not best possible. One can prove that w.h.p. the

maximum degree is O('/?w(r)) and Q(t'/?/w(r)) for any () — oo, see for
example Flaxman, Frieze and Fenner [303].

Concentration of Degree Sequence

Fix a value k for a vertex degree. We show that Dy (r) is concentrated around
its mean Dy (1).

Theorem 17.3

2
P(IDx(r) — Dy(1)] > ) SZCXP{;W}' (17.7)
Proof Let Y1,Ys,...,Y, be the sequence of edge choices made in the con-

struction of Gy, and for Y1,Y>,...,Y; let
Z; :Z,'<Y1,Y2,...,Y,') :E(Dk(l) | Yl,Yg,...7Y,‘).

We will prove next that |Z; — Z;_;| < 4 and then (17.7) follows directly from
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v v

—
G G
Figure 17.1 Constructing G from G.

the Azuma-Hoeffding inequality, see Section 21.7, in particular Lemma 21.16.
Fix Y1,Y»,...,Y; and ¥; # Y;. We define a map (measure preserving projection)
¢ of

Y]aY27'"aYi717Yi7Yi+l7"'7Yf’U

to

~>

Y]aY27"'aYi717Yi7Yi+l7"'7

mt

such that
Z(N. Yo, Y) ~ Zi(N Do, T) < 4

In the preferential attachment model we can view vertex choices in the graph
G as random choices of arcs in a digraph G, which is obtained by replacing
every edge of G by a directed 2-cycle (see Figure 17.1).
Indeed, if we choose a random arc and choose its head then v will be cho-
sen with probability proportional to the number of arcs with v as head i.e. its
degree. Hence Y1,Y>, ... can be viewed as a sequence of arc choices. Let

Y; = (x,y) where x >y

Y; = (&,9) where £ > .
Note that x = £ if i mod m # 1.
Now suppose j > i and Y; = (u,v) arises from choosing (w,v). Then we define

Y; (va)#Yi
AT
#%) {(m) (wv) =,
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This map is measure preserving since each sequence ¢(Y,Y2,...,Y;) occurs
with probability H’j’ii 1 j~L. Only x,%,y,¥ change degree under the map ¢ so
Dy (t) changes by at most four. O

17.2 A General Model of Web Graphs

In the model presented in the previous section a new vertex is added at time ¢
and this vertex chooses m random neighbors, with probability proportional to
their current degree. Cooper and Frieze [208] generalise this in the following
ways: they allow (a) new edges to be inserted between existing vertices, (b)
a variable number of edges to be added at each step and (c) endpoint vertices
to be chosen by a mixture of uniform selection and copying. This results in
a large number of parameters, which will be described below. We first give a
precise description of the process.

Initially, at step t = 0, there is a single vertex vo. Atany stept =1,2,...,7,...,
there is a birth process in which either new vertices or new edges are added.
Specifically, either a procedure NEW is followed with probability 1 — o, or
a procedure OLD is followed with probability ¢. In procedure NEW, a new
vertex v is added to G,_; with one or more edges added between v and G;_;.
In procedure OLD, an existing vertex v is selected and extra edges are added at
V.

The recipe for adding edges at step ¢ typically permits the choice of initial
vertex v (in the case of OLD) and of terminal vertices (in both cases) to be made
from G,_; either u.a.r (uniformly at random) or according to vertex degree, or
a mixture of these two based on further sampling. The number of edges added
to vertex v at step ¢ by the procedures (NEW, OLD) is given by distributions
specific to the procedure.

Notice that the edges have an intrinsic direction, arising from the way they are
inserted, which one can ignore or not. Here the undirected model is considered
with a sampling procedure based on vertex degree. The process allows multiple
edges, and self-loops can arise from the OLD procedure. The NEW procedure,
as described, does not generate self-loops, although this could easily be modi-
fied.

Sampling parameters, notation and main properties
Our undirected model G, has sampling parameters o, 3,7, 8, p,q whose mean-
ing is given below:
Choice of procedure at step z.
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a: Probability that an OLD vertex generates edges.

1 — a: Probability that a NEW vertex is created.
Procedure NEW

p = (pi:i>1): Probability that the new node generates i new edges.

B: Probability that choices of terminal vertices are made uniformly.

1 — B: Probability that choices of terminal vertices are made according to
degree.
Procedure OLD

q = (g; : i > 1): Probability that the old node generates i new edges.

0: Probability that the initial node is selected uniformly.

1 — &: Probability that the initial node is selected according to degree.

7: Probability that choices of terminal vertices are made uniformly.

1 — y: Probability that choices of terminal vertices are made according to
degree.

The models require @ < 1 and pg = go = 0. It is convenient to assume a finite-
ness condition for the distributions {p;}, {¢;}. This means that there exist
Jo, j1 such that p; =0, j > jo and g; = 0, j > j;. Imposing the finiteness
condition helps simplify the difference equations used in the analysis.

The model creates edges in the following way: An initial vertex v is selected. If
the terminal vertex w is chosen u.a.r, we say v is assigned uniformly to w. If the
terminal vertex w is chosen according to its vertex degree, we say v is copied
to w. In either case the edge has an intrinsic direction (v,w), which we may
choose to ignore. Note that sampling according to vertex degree is equivalent
to selecting an edge u.a.r and then selecting an endpoint u.a.r.

Let
Jo J1
Wpy=Y Jpjs Mg =Y. Jjq
j=1 j=1
be the expected number of edges added by NEW or OLD and let

0 =2((1- ), + apy).
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To simplify subsequent notation, we introduce new parameters as follows:

ayhy,  ad

=1 _
a +ﬂ‘u”+1—a+1—a’

(1-a)(1=B)y (1=t  al1-5)

b= 0 0 6
_ OYHq
c_ﬁ#p+l_aa
d= (l_a)(l_ﬁ).up_’_a(l*}')ﬂq’
0 0
o ad
-’
o(1—9)
f=m
‘We note that
cte=a—landb=d+f. (17.8)

Now define the sequence (dy,d,...,d,...) by dy =0, and for k > 1
k-1
de(a+bk) = (1= @)pi+ (c+d(k—1))di 1+ Y (e+ £k = )asdic.
i=1

J
(17.9)

For convenience we define d;, = 0 for k < 0. Since a > 1, this system of equa-
tions has a unique solution.

The main quantity we study is the random variable Dy (z), the number of ver-
tices of degree k at step t. Cooper and Frieze [208] prove that, as t — oo, for
small k, Dy (t) = djt.

Theorem 17.4 There exists a constant M > 0 such that almost surely for all
t,k>1

Dk (1) — tdy| < Mt'/?1ogz.

This will be proved in Section 17.2.

It is shown in (17.10), that the number of vertices v(¢) at step ¢ is w.h.p. asymp-
totic to (1 — a)z. It follows that the proportion of vertices of degree k is w.h.p.
asymptotic to

_ dy
dy = .
k 11—«

The next theorem summarises what is known about the sequence (dj) defined
by (17.9).
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Theorem 17.5 There exist constants C1,C,C3,Cq > 0 such that

(i) Ck¢<d, < szin{kfl’kfi/jl} where { = (1+d+ fu,)/(d+ f).
(i) If j1 = 1 then di ~ C3k~ 11/ (d+0)),

(iii) If f = O then dj ~ C4k~(1+1/4),

Evolution of the degree sequence of G,

Let v(r) = |V (z)| be the number of vertices and let 1(¢) = |2E(¢)| be the total
degree of the graph at the end of stepz. Ev(¢) = (1 — &) and En(¢) = 0¢. The
random variables v(t), n(t) are sharply concentrated provided 7 — . Indeed
v(t) has distribution Bin(#, 1 — a¢) and so by Theorem 21.6 and its corollaries,

P(|v(t) — (1 —o)t| > '?1ogt) = 0 K) (17.10)

for any constant K > 0.

Similarly, 11 (¢) has expectation 8¢ and is the sum of 7 independent random vari-
ables, each bounded by max{ jo, j; }. Hence, by Theorem 21.6 and its corollar-
ies,

P(|n(t) — 6] > t'/*1ogt) = 0(+ %) (17.11)

for any constant K > 0.

These results are almost sure in the sense that they hold for all ¢ > #p with
probability 1 — O(t, K“). Thus we can focus on processes such that this is
true.

We remind the reader that Dy (¢) is the number of vertices of degree k at step ¢
and that Dy (r) is its expectation. Here D;(r) = 0 for all j <0,z >0, D;(0) =
1, Di(0) =0, k > 2.
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Using (17.10) and (17.11) we see that

Dy(t+1) =Dy (r) + (1 — &) p + Ot~ *logr) (17.12)
JDi1 (1) jD(t)
Z”’@( klx)t(l—ka)r>
<J Dk 1 jka(t)>> (17.13)

or
D (1) ( 6)k (r)
- <<1 “ai t : )

+a i% (
ta jzl ja;i <Y(8k:10(;)), - (1Df((tx))t> "

=1
(1-7) <(k I)ODI"‘IU) - kDé‘f”)) . (17.15)

~.

(17.14)

Here (17.13), (17.14), (17.15) are (respectively) the main terms of the change
in the expected number of vertices of degree k due to the effect on: terminal
vertices in NEW, the initial vertex in OLD and the terminal vertices in OLD.
Rearranging the right hand side, we find:

Di(t+1) =Dy (t) + (1 — &) px + O(t~*1ogr)
Dy (t) <ﬁup+fczu;+ ad  (1-o)(l—B)uk

— +
t 11—« 7]
o(l1—=y)uk o(1—906)k
+ 5 o+ 5 >
D1t 1—a)(1—
N ktl() (ﬁ p+ftzu;+( )( eﬁ)up( )+
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Thus for all £ > 1 and almost surely for all 7 > 1,
Di(t+1) = Di(t) + (1 — &) px + O~ *logr) (17.16)
1 — _
+ ;((l — (a4 bk))Dy(t) + (c+d(k—1))Dy_1(t)
J1 .
+ Y ajle+ k= j))Dej(1))-
Jj=1

The following Lemma establishes an upper bound on dj given in Theorem
17.5().

Lemma 17.6  The solution of (17.9) satisfies d; < %

Proof Assume that k > kg where ky is sufficiently large, and thus p; = 0.
Smaller values of k can be dealt with by adjusting C,. We proceed by induction
on k. From (17.9),

G 1 . G
(a+bk)dk§(c+d(k—1))fl+Z(e+f(k—1))qj7k_j
j=1
C
<Cy(d+p)+ 2Lt
k—ji
-1
=C2b+%,),
k=1
from (17.8). So
G Gb Cyla—1) G
dp— 2 < _2
Tk Sarbk @ik k
___Ga-1)  Ga
(k= j1)(a+bk) k(a+bk)
<0,
for k > jia. O

We can now prove Theorem 17.4, which is restated here for convenience.

Theorem 17.7 There exists a constant M > 0 such that almost surely for
t,k>1,

Di(t) — tdy| < Mt'*logt. (17.17)
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Proof Let Ar(t) = Dy(t) — td. It follows from (17.9) and (17.16) that

a+bk—1

Ac(t+1) = A1) <1— >+0(t_1/210gt)

M\A

1

+i<(c+d(k—1)>Ak1(z)+ (e+ f(k—j))qid ,()). (17.18)

J
Let L denote the hidden constant in O(I_l/ 2logt). We can adjust M to deal with
small values of 7, so we assume that 7 is sufficiently large. Let ky(7) = L%J .
If k > ko(r) then we observe that (i) Di(t) < % =0(1) and (ii) td; <
tkfﬁ = O(1) follows from Lemma 17.6, and so (17.17) holds trivially.
Assume inductively that A (1) < Mrt!/? logt for K+ T < k+1¢ and that k <
ko(t). Then (17.18) and k < k¢ implies that for M large,

log?
t1/2

<1+1 <c+dk+ ]Zl(e+fk)qj—(a+bk—1)>>

=1

|Ac(t41)| < L=S5 + Mt ?logt x

logt

/2 +Mt1/zlogt

L=
<M(t+1)"log(t+1)

provided M > 2L. We have used (17.8) to obtain the second line.
This completes the proof by induction. O

A general power law bound for d;

The following lemma completes the proof of Theorem 17.5(1).
Lemma 17.8 For k > jy we have,

@) di > 0.
(ll) Clkf(lerJr.f[Jq)/b < dk < C2k7(1+d+f[vlq)/bj1‘

Proof (i) Let k be the first index such that p, > 0, so that, from (17.9), d, > 0.
It is not possible for both ¢ and d to be zero. Therefore the coefficient of di_|
in (17.9) is non-zero and thus dj, > 0 for k > k.

(ii) Re-writing (17.9) we see that for k > jo, px = 0 and then dj, satisfies

c+d(k e—|—f(k J)
_ Z 17.1
dy=dy_ | ——— bk —l— dr—q; e (17.19)
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which is a linear difference equation with rational coefficients (see [581]).
We let d; = 0 for i < 0 to handle the cases where k — j < 0 in the above sum.
Lety =1+d+ fu,, then

— - >0
1 bk atbk =

c+dk—1) i et flk—J) _, v

a+bk =

and thus

y .
(1 ot <
y
(1 — LH—bk) max{dk,l,...,dk,jl}. (17.20)

It follows that

k
y
iy H (l_a+bj> Sdi s

j=jo+1
L(k—jo) 1] y
max{dy,dy,...,dj,} SI;!) ( a+b(k—Sj1)) ( :

The lower bound in (17.21) is proved by induction on k. It is trivial for k = jj
and for the inductive step we have

y . d y
di>di | 1——— 1-—
k= ’°< a+bk)ij(r)?.1.3<1{j:lj;l+l< a+bj>}
k
H y
:d./O (1_a+b]).

Jj=Jjo+1

The upper bound in (17.21) is proved as follows: Let d;, = max{d_1,...,
dy_j, }, and in general, let d; , | = max{d;, 1,...,d;,; }. Using (17.20) we see
there is a sequence k — 1 > iy > iy > --- > i, > jo > ip41 such that i — i | <
Jjiforallt,and p > | (k— jo)/j1]. Thus

£ y
N

t=0

and the RHS of (17.21) now follows.
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Now consider the product in the LHS of (17.21).

ﬁ <1_a+ybj>

J=Jo+1

o y 1y Y
=exp - ( ) -
{j=§’+l< a+bj 2\a+bj )}

S
:exp{O(l)— Z ]a—|—bj}

J=Jjo+

= Clkiy/b.

This establishes the lower bound of the lemma. The upper bound follows sim-
ilarly, from the upper bound in (17.21). O

The case j; =1

We prove Theorem 17.5(1i). When ¢ =1, p; = 0,j > jo = O(1), the general
value of dy, k > jo can be found directly, by iterating the recurrence (17.9).
Thus

1

dy = PN (dr-1((a=1) +b(k—1)))

1+b
=dp_y (1 ———
k 1( a+bk>

k 1+b
=i 11 (1_a+jb>'

J=Jjo+1

Thus, for some constant Cg > 0,

dp ~ Ce(a+bk)™

where
x—l—i—l—l-i- 2
b a(l1=-8)+(-a)(1-B)+a(l—7)
The case f =0

We prove Theorem 17.5(iii). The case (f = 0) arises in two ways. Firstly if
o = 0 so that a new vertex is added at each step. Secondly, if o £ 0 but § = 1
so that the initial vertex of an OLD choice is sampled u.a.r.

Observe that b = d now, see (17.8).
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We first prove that for a sufficiently large absolute constant A, > 0 and for all
sufficiently large k, that
dy 14+d é (k)

=1- 17.22
dk—l a+dk+ k2 ( )

where |€ (k)| < Aj.
We first re-write (17.9) as

di  cHdk—1) & eq; S odi

= . 17.23
di_1 a+dk jzz’la—l—a’lct:kiﬂrl d; ( )
(We assume here that k > jo, so that py = 0.)
Now use induction to write
k—1 s
dt—l . d +1 g (.]7k)
=1 —1)——— 17.24
g U gt e (17.24)

t=k—j+1

where |E*(j, k)] < Az for some constant A3 > 0. (We use the fact that j; is
constant here.)
Substituting (17.24) into (17.23) gives

dh _crdb-1) | e elp-DE+D | ER)
dy1  a+dk a+dk (a+dk)? (a+dk)k?

where |E** (k)| < eAj.
Equation (17.22) follows immediately from this and ¢ +e = a — 1. On iterating
(17.22) we see that for some constant C7 > 0,

dy ~ ik~ (1+3)

17.3 Small World

In an influential paper Milgram [580] describes the following experiment. He
chose a person X to receive mail and then randomly chose a person Y to send
it. If Y did not know X then Y was to send the mail to someone he/she thought
more likely to know X and so on. Surprisingly, the mail got through in 64 out of
296 attempts and the number of links in the chain was relatively small, between
5 and 6. More recently, Kleinberg [488] described a model that attempts to
explain this phenomenon.
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Kleinberg’s Model

The model can be generalized significantly, but to be specific we consider
the following. We start with the n x n grid Gy which has vertex set [n]* and
where (i, j) is adjacent to (¢, j') iff d((i, ), (', j)) = 1 where d((i, j), (k,£)) =
|i — k| + |j — ¢|. In addition, each vertex u = (i, j) will choose another random
neighbor ¢ (u) where

d(u,v)~?

Po(w) =v=(k.0) = =

where

D.=Y d(x,y) %
y7#x

The random neighbors model “long range contacts”. Let the grid Go plus the
extra random edges be denoted by G.

It is not difficult to show that w.h.p. these random contacts reduce the diam-
eter of G to order logn. This however, would not explain Milgram’s success.
Instead, Kleinberg proposed the following decentralized algorithm <7 for find-
ing a path from an initial vertex uy = (ip, jo) to a target vertex u; = (i, jr):
when at # move to the neighbor closest in distance to ur.

Theorem 17.9 Algorithm <7 finds a path from initial to target vertex of order
O((logn)?), in expectation.

Proof Note that each step of .o/ finds a node closer to the target than the
current node and so the algorithm must terminate with a path.
Observe next that for any vertex x of G we have

2n—2 2n—2
D,< Y 4jxj?=4Y j ' <4log(3n).
J=1 j=1

As a consequence, v is the long range contact of vertex u, with probability at
least (41log(3n)d(u,v)?)~".

For 0 < j <log, n, we say that the execution of .2 is in Phase j if the distance
of the current vertex u to the target is greater than 2/, but at most 2/7!. We say
that .o is in Phase O if the distance from u to the target is at most 2.

Let B; denote the set of nodes at distance 2/ or less from the target. Then

2J
Bj|>1+Y i>2%"".
i=1
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Note that by the triangle inequality, each member of B; is within distance
2741427 < 2242 of u.

Let X; < 2/%! be the time spent in Phase j. Assume first that

log, log, n < j <log, n. Phase j will end if the long range contact of the current
vertex lies in B;. The probability of this is at least

22j-1 1
4log(3n)22/t4  128log(3n)’
We can reveal the long range contacts as the algorithm progresses. In this way,

the long range contact of the current vertex will be independent of the previous
contacts of the path. Thus

oo o | i
EX;=) P(X;>i) < <1) < 128log(3n).
/ lg{ / 1; 1281og(3n)

Now if 0 < j < log, log, n then X; < 21 < 21og, n. Thus the expected length
of the path found by .« is at most 1281log(3n) x log, n. O
In the same paper, Kleinberg showed that replacing d(u,v) 2 by

d(u,v)~" for r # 2 led to non-polylogarithmic path length.

17.4 Exercises

17.4.1 Show that w.h.p. the Preferential Attachment Graph of Section 17.1 has
diameter O(logn). (Hint: Using the idea that vertex 7 chooses a random
edge of the current graph, observe that half of these edges appeared at
time #/2 or less).

17.4.2 For the next few questions we modify the Preferential Attachment Graph
of Section 17.1 in the following way: First let m = 1 and preferentially
generate a sequence of graphs I'1,1%,...,I;,. Then if the edges of [,
are (u;,v;),i = 1,2,...,mn let the edges of G, be (ufi/m),V[i/m]),i =
1,2,...,mn. Show that (17.1) continues to hold.

17.4.3 Show that G, of the previous question can also be generated in the
following way:

(a) Let 7 be a random permutation of [2mn]. Let
X = {(a;,b;),i=1,2,...,mn} where a; = min{n(2i—1),7m(2i)}
and b; = max {w(2i — 1), m(2i)}.

(b) Let the edges of G, be (afi/m,bfijm )i =1,2,...,mn.

This model was introduced in [149].

17.4.4 Show that the edges of the graph in the previous question can be gen-
erated as follows:
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17.4.6
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(a) Let{, 8o, .., Comn be independent uniform [0, 1] random variables.
Let {x; <y} = {&oi—1,8} for i =1,2,...,mn. Sort the y; in in-
creasing order Ry < Ry < --- < Ry, and let Ry = 0. Then let

Wj :ij andlj: (Wl',l,Wj} fOI’jZ 1,2,..‘,1’1.

This model was introduced in [148].
(b) The edges of G, are (u;,v;),i =1,2,...,mn where x; € I,,,y; € I,,.

Prove that (Ry,R»,...,Ry,) can be generated as

R < Yi )1/2
' Ymn+1

where Yy =&+ & +---+ & for N> 1and &,&, ..., &0 are in-
dependent exponential copies of EXP(1).

Let L be a large constant and let @ = (n) — oo arbitrarily slowly. Then
let & be the event that

k
Y, ~ k for € [@,n] or k =mn+1.

Show that

(@) P(—=&) =o(1).
() Let ni = &(i—1yms+1 +&(i—1ym2 + -+ + Eim. If & occurs then
i\ 12

(1) Wl%(n) forow<i<n, and

MNi
2m(in)'/2
() n; <lognfori € [n] w.h.p.
(d) m; <loglogn for i € [(logn)'°] w.h.p.
(e) If ® <i < j<nthen P(edge ij exists) ~ W

" ni > W and i < m implies the degree d, (i) ~ 1; (

Q) wi=W,—W,_ | =~ forow <i<n.

n)1/2

7

17.5 Notes

There are by now a vast number of papers on different models of “Real World
Networks”. We point out a few additional results in the area. The books by
Durrett [262] and Bollobas, Kozma and Miklés [146] cover the area. See also
van der Hofstadt [407].
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Preferential Attachment Graph

Perhaps the most striking result is due to Bollobds and Riordan [148]. There
they prove that the diameter of G, is asymptotic to ; og)ﬁ)’gln w.h.p. To prove
this they introduced the model in question 4 above. Cooper [200] and Pekoz,
Rollin and Ross [617] discuss the degree distribution of G, in some detail.
Flaxman, Frieze and Fenner [303] show that the if Ay, Ay are the kth largest
degree, eigenvalue respectively, then k ~ Ai/ * for k = O(1). The proof follows
ideas from Mihail and Papadimitriou [579] and Chung, Lu and Vu [184], [185].
Cooper and Frieze [208] discussed the likely proportion of vertices visited by
a random walk on a growing preferential attachment graph. They show that
w.h.p. this is just over 40% at all times. Borgs, Brautbar, Chayes, Khanna and
Lucier [152] discuss “local algorithms” for finding a specific vertex or the
largest degree vertex. Frieze and Pegden [346] describe an algorithm for the
same problem, but with reduced storage requirements.

Geometric models

Some real world graphs have a geometric constraint. Flaxman, Frieze and
Vera [304], [305] considered a geometric version of the preferential attach-
ment model. Here the vertices Xi,X>,...,X, are randomly chosen points on
the unit sphere in R3. X; | chooses m neighbors and these vertices are chosen
with probability P(deg,dist) dependent on (i) their current degree and (ii) their
distance from X; . van den Esker [285] added fitness to the models in [304]
and [305]. Jordan [452] considered more general spaces than R3. Jordan and
Wade [453] considered the case m = 1 and a variety of definitions of P that
enable one to interpolate between the preferential attachment graph and the
on-line nearest neighbor graph.

The SPA model was introduced by Aiello, Bonato, Cooper, Janssen and Pralat
[7]. Here the vertices are points in the unit hyper-cube D in R™, equipped with
a toroidal metric. At time ¢ each vertex v has a domain of attraction S(v,#) of
volume M. Then at time ¢ we generate a uniform random point X, |
as a new vertex. If the new point lies in the domain S(v,#) then we join X to
v by an edge directed to v, with probability p. The paper [7] deals mainly with
the degree distribution. The papers by Jannsen, Pralat and Wilson [437], [438]
show that for graphs formed according to the SPA model it is possible to infer
the metric distance between vertices from the link structure of the graph. The
paper Cooper, Frieze and Pralat [221] shows that w.h.p. the directed diameter
at time ¢ lies between lf)tglﬁ)gg’t and c; log?.

Random Apollonian networks were introduced by Zhou, Yan and Wang [737].
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Here we build a random triangulation by inserting a vertex into a randomly
chosen face. Frieze and Tsourakakis [350] studied their degree sequence and
eigenvalue structure. Ebrahimzadeh, Farczadi, Gao, Mehrabian, Sato, Wormald
and Zung [270] studied their diameter and length of the longest path. Cooper
and Frieze [216] gave an improved longest path estimate and this was further
improved by Collevecchio, Mehrabian and Wormald [225].

Interpolating between Erdés-Rényi and Preferential Attachment

Pittel [626] considered the following model: Gy, Gy, ..., G, is arandom (multi)
graph growth process G, on a vertex set [n]. Gy,+] is obtained from G, by in-
serting a new edge e at random. Specifically, the conditional probability that e
joins two currently disjoint vertices, i and j, is proportional to (d; + o) (d; + t),
where d;, d; are the degrees of i, j in G, and o > 0 is a fixed parameter. The
limiting case o = o= is the Erdés-Rényi graph process. He shows that w.h.p.
G,, contains a unique giant component iff ¢ :=2m/n > ¢y = a /(1 + ), and
the size of this giant is asymptotic to n [1 — (%)a] , where ¢* < ¢ is the root
of —=

_ C* . . . . .
(@r™e = (arcyma- A phase transition window is proved to be contained,

essentially, in [cq —An~'/3,co 4+ Bn~'/4], and he conjectured that 1/4 may be
replaced with 1/3. For the multigraph version, MGy, he showed that MG,, is
connected w.h.p. ifft m > m, := n”"‘fl, He conjectured that, for a > 1, m, is
the threshold for connectedness of G,, itself.




18
Weighted Graphs

There are many cases in which we put weights X,, e € E on the edges of a graph
or digraph and ask for the minimum or maximum weight object. The optimi-
sation questions that arise from this are the backbone of Combinatorial Opti-
misation. When the X, are random variables we can ask for properties of the
optimum value, which will be a random variable. In this chapter we consider
three of the most basic optimisation problems viz. minimum weight spanning
trees; shortest paths and minimum weight matchings in bipartite graphs.

18.1 Minimum Spanning Tree

Let X, e € E(K,) be a collection of independent uniform [0, 1] random vari-
ables. Consider X, to be the length of edge e and let L, be the length of the
minimum spanning tree (MST) of K, with these edge lengths.

Frieze [320] proved the following theorem. The proof we give utilises the
rather lovely integral formula (18.1) due to Janson [421], (see also the related
equation (7) from [341].

Theorem 18.1

Proof Suppose that T = T({X,}) is the MST, unique with probability one.
We use the identity

1
LlZ/O 1{x§a}dx.

362
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Therefore

Ly=Y X,

ecT
1
=Y [ tpexpdr
ecT’/P=0
1
:/ Y Lpexydp
=0 ecT
1
:/ {eeT:X,> p}ldp
p=0
1
— [ (x(G,) - ).
p=0

where k(G)) denote the number of components of graph G,. Here G,, is the
graph induced by the edges e with X, < p,i.e., G, = G, ;. The last line may be
considered to be a consequence of the fact that the greedy algorithm solves the
minimum spanning tree problem. This algorithm examines edges in increasing
order of edge weight. It builds a tree, adding one edge at a time. It adds the
edge to the forest F' of edges accepted so far, only if the two endpoints lie in
distinct components of F. Otherwise it moves onto the next edge. Thus the
number of edges to be added given F, is k(F) — 1 and if the longest edge in
e € F has X, = p then k(F) = k(G,), which follows by an easy induction.
Hence

1
EL, = /sz(E K(G,) — 1)dp. (18.1)

We therefore estimate E k(G ). We observe first that

6logn

p> =Ex(Gp) =1+0(1).

Indeed, 1 <Ex(G,) and

Ex(G,) < 14+nP(G, is not connected)

n/2 n
<1lin 2 k=1 (] — p)k(n—=k)
< k; <k> P (1=p)

n "2 [ ne6klogn 1 \*
<142y (2 ~
- +pkz’1<k n n3>

=14o(1).
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Hence, if pg = 61(;& then

Po

EL, = O(EK(G,,)—l)dp-i—o(l)
=
Po
= Ex(Gp)dp+o(1)

p=0

Write
(logn)? (logn)?

Z Ar+ Z By +C,

where Ay stands for the number of components which are k vertex trees, By, is
the number of k vertex components which are not trees and, finally, C denotes
the number of components on at least (logn)? vertices. Then, for 1 < k <
(logn)* and p < po,

EA, = (Z) K2 pk=1 (1 — p)k(nfk)+(’2‘)fk+l

WK k
= (1+o()t = p (1= p
EBk )kk 2( > p)k(n k)
< (140(1))(npe' )
< 1+0(1).
n
Cc<
~ (logn)
Hence
Slogn (logn)? 6lo
Z EBudp < gn(logn)2(1+0(1)):0(l),
p=0
and
6logn
S 6logn n
Cdp < =o(1).
Jp=0 P= n (10gn)2 0( )
So

(logn kk 2 Slogn
kK~
n

EL,=0(1)+(1+o0(l Z P = p)kdp.
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But
logn kk 2
Yo / ao P (1= P)"dp
k=1 R
(logn)* k-2
k —6k
- k;l n k! / 6logn dp
=o(1).
Therefore
logn kk 2
EL, =0o(1)+ (14o0(1)) / P = p)rrdp

(log") k=2 (k—1)!(kn))!
= o(1) + (1+0(1) k; " Rt D)l

logn
= o(1 1 kkk 3
o)+ (I+o(l) Y, n H,m+,

(logn)? |

=o(1)+(1+o0(1)) ) A

k=1
1
k73.

ngk

=o(1)+(1+40(1))

k=1

O
One can obtain the same result if the uniform [0,1] random variable is re-
placed by any random non-negative random variable with distribution F' hav-
ing a derivative equal to one at the origin, e.g. an exponential variable with
mean one. See Steele [692].

18.2 Shortest Paths

Let the edges of the complete graph K, on [n] be given independent lengths
X,, e € [n]?. Here X, is exponentially distributed with mean 1. The following
theorem was proved by Janson [423]:

Theorem 18.2  Let X;; be the distance from vertex i to vertex j in the complete
graph with edge weights independent EXP(1) random variables. Then, for
every € >0, asn — oo,
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(i) For any fixed i, j,

P —1|>€e) =0
logn/n
(ii) For any fixed i,
P (| -2z ¢) —o.
logn/n

(iii)

X

]P’(‘max”/”—3‘ 28) —0.
logn/n

Proof We will prove statements (i) and (ii), only. First, recall the following

two properties of the exponential X :

P1) PX > a+B|X >a)=P(X > f).

(P2) If X,,Xa,. .., X, are independent EX P(1) exponential random variables then
min{X;,Xa,...,X,} is an exponential with mean 1/m.

Suppose that we want to find shortest paths from a vertex s to all other vertices
in a digraph with non-negative arc-lengths. Recall Dijkstra’s algorithm. After
several iterations there is a rooted tree T such that if v is a vertex of T then
the tree path from s to v is a shortest path. Let d(v) be its length. For x ¢ T
let d(x) be the minimum length of a path P that goes from s to v to x where
v € T and the sub-path of P that goes to v is the tree path from s to v. If
d(y) =min{d(x) : x ¢ T} then d(y) is the length of a shortest path from s to y
and y can be added to the tree.

Suppose that vertices are added to the tree in the order vq,vs,...,v, and that
Y; =dist(vi,v;) for j=1,2,...,n. It follows from property P1 that

Vg1 = rlnzin k[Yi +Xy,0] = Yi + E
=125

where Ej, is exponential with mean k(Ttk) and is independent of Y.
This is because X,, ,; is distributed as an independent exponential X condi-



18.2 Shortest Paths 367

tioned on X > Y, —Y;. Hence

Also, from the independence of Ey,Y;,

n—1
Vary, = Z VarE,
k=1

()

= 0(n?)

and we can use the Chebyshev inequality (20.3) to prove (ii).
Now fix j = 2. Then if i is defined by v; = 2, we see that i is uniform over
{2,3,...,n}.So

i—1 1

ZZ k(n—k)

i=2k=1

1

n—

EXLZ =

—

—_—

—

n—
logn
:—f —&—O(n*l).

For the variance of Xj » we have

Xi2 =60+ 8Y3+: -+ 8,1,
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where

GE{0,1} S8+ +d=1 P(G=1)=—7

n
VarX; , = Z Var(§;Y;) + Z Cov(6,Y;,6;Y;)
i=2 i#j

< Z Var(§;Y;).
=2

=

The last inequality holds since

COV(&‘Y,'7 SJY]') = ]E(SiYi6ij) — E((S,Y,)E(SJY])
— _E(8¥)E(5,Y;) <O0.

So
VarX ; < iVar(S,-Y,-)
zjz o 1 .
“Lini L (wen)
= 0(n?)
We can now use the Chebyshev inequality. O

We can as for Spanning Trees, replace the exponential random variables by
random variables that behave like the exponential close to the origin. The paper
of Janson [423] allows for any random variable X satisfying P(X <t) =t+o0(¢)
ast — 0.

18.3 Minimum Weight Assignment

Consider the complete bipartite graph K, , and suppose that its edges are as-
signed independent exponentially distributed weights, with rate 1. (The rate
of an exponential variable is one over its mean). Denote the minimum total
weight of a perfect matching in K, , by C,. Aldous [13], [16] proved that
lim,—EC, = §(2) = X7, kiz The following theorem was conjectured by
Parisi [616]. It was proved independently by Linusson and Wistlund [531]
and Nair, Prabhakar and Sharma [600]. The proof given here is from Wéstlund
[721].
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Theorem 18.3

EG=Y Lorp byl L1 (18.2)
ek 47916 n? '

From the above theorem we immediately get the following corollary, first
proved by Aldous [16].

Corollary 18.4

Let us introduce a more general model of minimum weight assignment. Con-
sider an m by n complete bipartite graph K}, ,,, with bipartition

(A,B), where A = {ay,a2,...,an} and B = {b},bs,...,b,}, and with edge
weights which are independent and exponentially distributed, with rate 1. A
k-assignment is defined to be a set of k independent edges, i.e., a set of k
edges, no two of them having end vertices in common. The weight of an as-
signment is the sum of the weights of its edges. Let Cy , , denote the minimum
weight of a k-assignment in such an edge weighted K, ,,. Then as conjectured
by Coppersmith and Sorkin [226] the following holds:

Theorem 18.5

1
ECimn=Y, (18.3)

i,j>0 (m* l)(n*.l)
i+j<k

We will first prove the above theorem and then show that equation (18.3) re-
duces to equation (18.2) for k =m = n.

Proof (of Theorem 18.5).
In order to establish (18.3) inductively it suffices to show that

1 1 1
ECimn—EC_1mn-1=—+—"7+ -+ ——+— 18.4
kom, k=Lmn—1 mn+(m—1)n+ +(m—k+1)n (18.4)
For then we obtain (18.3) by summing ECy ,, y—k+¢ —ECy_1 yn n—k+¢—1 for £ =
1,2,... k.
Let 0., 0 < r <k, be the minimum weight r-assignment in K,,, ,,.
First notice that since the edge weights of K, , are exponentially distributed,
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we have that with probability 1, no two disjoint sets of edges have the same
total weight. It implies that, every vertex v which participates in o, (i.e., is
incident to an edge from o, and denoted v € ©,), participates in 0,41 also.
Briefly,

VE O =V EOr| (18.5)

To see this let H be a subgraph of K, , induced by the symmetric difference
o, A 041, i.e., by those edges of minimum r and r+ 1 assignments, which
do not belong to both of them. Observe that each vertex of H has degree at
most two and so H consists of vertex disjoint paths and cycles. We claim that
with probability one, H is in fact a single path. If this is not the case then there
would exist a subgraph H; of H, being either a cycle or two paths, contain-
ing the same number of edges from o, as from o,1. With probability one the
edge sets in H; N o, and H; N 0,11 have different total weight. But then ei-
ther H; A\ o, has smaller weight than 6,, or H; /A 6,11 has smaller weight than
Or+1, a contradiction.

To proceed with the proof, let us introduce a slightly modified model. Namely,
consider a weighted complete graph K, 1, which is obtained from K,,, by
adding a new vertex a, to A and connecting it with all n vertices of B by
edges with independent, exponentially distributed weights with rate A > 0 (re-
call that all weights of K, ,, are exponential with rate one.)

We will show that, in K41, as A — 0,

Bl € 07) = <; TS m_iH) A+002)  (186)
We will show that (18.6) is an immediate consequence of the fact that,
P(ams1 € Ort1lams1 € 0r) = L (18.7)
m—r+A
Indeed, (18.7) implies that
m m—1 m—k+1

P —1_ .
(i1 € 1) m+A m—1+12 m—k+1+2

AN\ A -
—1‘<1+m) '“(1+m_k+1)

(11 1 s
(m+m_1+ +m_k+1>z+0(x ),

as A — 0, and (18.6) follows.
To see that (18.7) holds, suppose, without loss of generality that the vertices of
A participating in O, are a;,as, ...,a,. Let K’ be a multi-graph obtained from
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K1, by identifying vertices a,41,...,dm,am+1 to a single “super- vertex”
a,y, of degree (m—r+ 1)n, where @, | ; =min{da 1 ,...,dnt1,}.

Now, by (18.5), 0,41 cannot contain two edges incident with

ar+1,--.,am+1- Hence, once we know the edge incident with a’r 1 Which be-
longs to o, in K’, we know that it corresponds to a unique edge emanating
from one of vertices from a,1,...,a,1 that belongs to 6, .

By conditioning on the values aa ; we see that the probability that a vertex from
the set a,,4+1 participates in 0,41 is A /(m—r+A1). (We use the fact that if E}, E»
are exponentials with rates A1, A, respectively, then P(E; < E;) = ﬁ, even
if min{E,E,} is given).

Now let W denote the cost of the edge (an+1,b,), and let X = Cy 5 of Ky s
while ¥ = Cy_1 mpn—1 of Ky —1, with bipartition (A,B\ {b,}). Let I be the
indicator variable for the event that the cost of the cheapest k-assignment that
contains (au.1,b,) is smaller than the cost of the cheapest k-assignment that
does not use a,,+1. In other words, [ is the indicator variable for the event that
Y+W<X.

Lemma 18.6 As A — 0, we have

1 1 1 2
Proof (of Lemma 18.6)

Observe first that if (ap-1,b,) € Of then we have Y + W < X. Conversely,
if Y +W < X and no other edge incident with a,,;; has weight smaller than
X then (@m+1,by) € Of. But, when A — 0, the probability that there are two
distinct edges incident to a,,+; of weight smaller than X is of order 0(12) (the
hidden constant depends on n here). Hence

1 = P((ans1,bn) € 6) + O(A2) = %Iw(am+l €6)+0(2),  (188)

where P(a,,+1 € 0y) is given by (18.6). O
Since W is exponentially distributed with rate A, we have

EI=P(W<X—Y)=E (1 —e*MX*Y)) ~1-E (e*“"*”) . (18.9)

Hence

d

E(X-¥)= = {_]E (ﬂ(x—m)} =

d d
a7 B = 1) = -7 Elli.



372 Weighted Graphs

It follows from Lemma 18.6 that

d1/1 1 1 5
E(XX-Y)= dl[ (m+m_1+-~-+m_k+1>h+0(7t )}

A=0
_ + ! +-t+ L
~mn o (m—1)n (m—k+1)n’
arriving at the formula (18.4) and so proving Theorem 18.5. [

Now we will show that with kX = m = n the statement of Theorem 18.5 reduces
to the statement of Theorem 18.3. So, let

1
S, = ECn.n.n = T N .
Sl VA T

i+j<n
. 1
i/,j/Zl (n+1—l’)(n+1—]’)
i'+j <n+2
It follows that
Sn+l _Sn -
= Z : __ Z ’1 .
ishgen (n+1=i)(n+1-j) o= (nt1=i)(n+1-))
i<nj=0 i+j=n+1
n n 1
N n+12+; n+1)( nJrlfz) ;i(nJrl—i)
1
=12 18.10
(n+1)2’ ( )
since
1 1 1 1
. N -+ -] .
in+1—i) n+1\i n+1-—i
S1 =1 and so (18.2) follows from (18.10). |

18.4 Exercises

18.4.1 Suppose that the edges of the complete bipartite graph K, ,, are given
independent uniform [0, 1] edge weights. Show that if L£,b>

of the minimum spanning tree, then

is the length

lim ELY =2£(3).

n—yoo



18.4.2

18.4.3

18.4.4

18.4.5

18.4.6
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Tighten Theorem 18.1 and prove that

EL,=((3)+0 (r‘l) .

Suppose that the edges of K, are given independent uniform [0, 1] edge
weights. Let Z; denote the minimum total edge cost of the union of k
edge-disjoint spanning trees. Show that limy ., Z; /k* = 1.

Suppose that the edges of G, , where 0 < p < 1is a constant, are given
exponentially distributed weights with rate 1. Show that if X;; is the
shortest distance from i to j then

1 For any fixed i, j,

Xii 1
IP( ! —’2£>—>0.
logn/n p
2
P( maXJXr_Z‘ 28) L0
logn/n p

The quadratic assignment problem is to

Minimise
— n .. . .
Z =13 j pg=1%jpaXipXjq
Subject to
Yigxip=1 p=12....n
Yo Xip=1 i=1,2,....,n
Xip = 0/1.

Suppose now that the g, are independent uniform [0, 1] random vari-
ables. Show that w.h.p. Zyin & Zmax Where Zni, (resp. Zmax) denotes
the minimum (resp. maximum) value of Z, subject to the assignment
constraints.

The 0/1 knapsack problem is to

Maximise

Z = Z?:l a;x;
Subject to

Y bixi <L

x=0/1 fori=1,2,...,n.

Suppose that the (a;,b;) are chosen independently and uniformly from
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[0,1]2 and that L = an. Show that w.h.p. the maximum value of Z,
Zmax, satisfies

12

o'/'“n 1

7 R OZSZ
Zinax ~ (Sa—sg —1)n %SO(S%-

n 1

2 =3

18.4.7 Suppose that X;,X>,...,X, are points chosen independently and uni-
formly at random from [0, 1]2. Let Z, denote the total Euclidean length
of the shortest tour (Hamilton cycle) through each point. Show that
there exist constants ¢, ¢ such that ¢;n'/2 < Z, < con'/? w.h.p.

18.4.8 Prove equation (18.11) below.

18.4.9 Prove equation (18.12) below.

18.5 Notes
Shortest paths

There have been some strengthenings and generalisations of Theorem 18.2. For
example, Bhamidi and van der Hofstad [86] have found the (random) second-
order term in (i), i.e., convergence in distribution with the correct norming.
They have also studied the number of edges in the shortest path.

Spanning trees

Beveridge, Frieze and McDiarmid [85] considered the length of the minimum
spanning tree in regular graphs other than complete graphs. For graphs G of
large degree r they proved that the length MST (G) of an n-vertex randomly
edge weighted graph G satisfies MST (G) = %(£(3) +o,(1)) w.h.p., provided
some mild expansion condition holds. For r regular graphs of large girth g they
proved that if

r o 1
T2 k; k(k+p)(k+2p)’

then w.h.p. |[MST(G) — ¢,;n| < g—’;.

Frieze, Ruszinko and Thoma [348] replaced expansion in [85] by connectivity
and in addition proved that MST (G) < %(£(3) + 14 0,(1)) for any r-regular
graph.

Cooper, Frieze, Ince, Janson and Spencer [217] show that Theorem 18.1 can

be improved to yield EL, = {(3) 4 < + %%U for explicit constants ¢y, c;.
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Bollobas, Gamarnik, Riordan and Sudakov [143] considered the

Steiner Tree problem on K, with independent random edge weights, X,,e €
E(Kp,). Here they assume that the X, have the same distribution X > 0 where
P(X <x) =x+o(x) as x — 0. The main result is that if one fixes k = o(n)
vertices then w.h.p. the minimum length W of a sub-tree of K,, that includes
these k points satisfies W ~ % log 7.

Angel, Flaxman and Wilson [36] considered the minimum length of a spanning
tree of K, that has a fixed root and bounded depth k. The edges weights X, are
independent exponential mean one. They prove that if k > log,logn + (1)
then w.h.p. the minimum length tends to (3) as in the unbounded case. On the
other hand, if k <log, logn— ®(1) then w.h.p. the weight is doubly exponential
in log, logn — k. They also considered bounded depth Steiner trees.

Using Talagrand’s inequality, McDiarmid [563] proved that for any real t > 0
we have P(|L, — {(3)] > 1) < e~%" where §; = 8, (). Flaxman [302] proved
that P(|L, — {(3)| < €) > e~ %" where 8; = &, (¢).

Assignment problem
Walkup [720] proved that EC,, < 3 (see (18.3)) and later Karp [473] proved that
EC, <2. Dyer, Frieze and McDiarmid [268] adapted Karp’s proof to some-
thing more general: Let Z be the optimum value to the linear program:

Minimise ) c;jxj,subjecttox € P={xeR" :Ax=0b,x>0},

n
Jj=1

where A is an m X n matrix. As a special case of [268], we have that if ¢y, ¢, .. .,
¢, are independent uniform [0, 1] random variables and x* is any member of P,
then E(Z) < m(max; x}). Karp’s result can easily be deduced from this.

The assignment problem can be generalized to multi-dimensional versions: We
replace the complete bipartite graph K, , by the complete k-partite hypergraph
K,gk) with vertex partition V =V, UV, U --- UV, where each V; is of size n. We
give each edge of K,(Zk) an independent exponential mean one value. Assume for
example that k£ = 3. In one version of the 3-dimensional assignment problem
we ask for a minimum weight collection of hyper-edges such that each vertex
v € V appears in exactly one edge. The optimal total weight Z of this collection

satisfies
1 1
Q() <Z<0<°g”> wh.p. (18.11)
n n

(The upper bound uses the result of [451], see Section 13.2).
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Frieze and Sorkin [349] give an O(n?) algorithm that w.h.p. finds a solution of
value ﬁ

In another version of the 3-dimensional assignment problem we ask for a min-
imum weight collection of hyper-edges such that each pair of vertices v,w € V
from different sets in the partition appear in exactly one edge. The optimal total

weight Z of this collection satisfies
Q(n) < Z < O(nlogn) w.h.p. (18.12)

(The upper bound uses the result of [268] to greedily solve a sequence of re-
stricted assignment problems).
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Brief notes on uncovered topics

There are several topics that we have not been able to cover and that might be
of interest to the reader. For these topics, we provide some short synopses and
some references that the reader may find useful.

Contiguity

Suppose that we have two sequences of probability models on graphs ¢ ,,% ,
on the set of graphs with vertex set [n]. We say that the two sequences are
contiguous if for any sequence of events .27, we have

imP(%, € o) =0< 1i_r)n P(%,, € o4,) =0.

n—so0

This for example, is useful for us, if we want to see what happens w.h.p. in
the model ¢ ,,, but find it easier to work with %, . In this context, G, , and
G, jn—n2p/> are almost contiguous.

Interest in this notion in random graphs was stimulated by the results of Robin-
son and Wormald [650], [652] that random r-regular graphs, r > 3,r = O(1)
are Hamiltonian. As a result, we find that other non-uniform models of ran-
dom regular graphs are contiguous to G, , e.g. the union rM, of r random
perfect matchings when #n is even. (There is an implicit conditioning on rM,
being simple here). The most general result in this line is given by Wormald
[729], improving on earlier results of Janson [422] and Molloy, Robalewska,
Robinson and Wormald [584] and Kim and Wormald [484]. Suppose that
r=2j+ Z,Cll ik, with all terms non-negative. Then G, , is contiguous to the
sum jH, + Zf;ll kiGy i, where n is restricted to even integers if k; # O for any
odd i. Here jH, is the union of j edge disjoint Hamilton cycles etc.

Chapter 8 of [432] is devoted to this subject.

Edge Colored Random Graphs

Suppose that we color the edges of a graph G. A set of edges S is said to
be rainbow colored if each edge of S has a different color. Consider first the

377
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existence of a rainbow spanning tree. We consider the graph process where
the edges are randomly colored using ¢ > n— 1 colors. Let 7, be the hitting
time for n — 1 colors to appear in the process and let 7, be the hitting time for
connectivity and let T* = max {7,, 7. }. Frieze and McKay [342] showed that
w.h.p. G+ contains a rainbow spanning tree. This is clearly best possible. Bal,
Bennett, Frieze and Pralat [46] consider the case where each edge has a choice
of k random colors. This reduces 7,, but the result still holds.

The existence of rainbow Hamilton cycles is different. The existence of a
rainbow spanning tree can be checked in polynomial time and this leads to
a simple criterion for non-existence. This is clearly not likely for Hamilton
cycles. Cooper and Frieze [207] proved that if m > Knlogn and ¢ > Kn then
w.h.p. G, ,, contains a rainbow Hamilton cycle. This was improved to m >
l+%mnlogn and ¢ > (14 o(1))n by Frieze and Loh [337]. Bal and Frieze [48]
show that if m > Knlogn and ¢ = n and n is even there is a rainbow Hamil-
ton cycle w.h.p. Ferber [292] removed the requirement that n be even. Bal and
Frieze also considered rainbow perfect matchings in k-uniform hypergraphs.
Janson and Wormald [435] considered random coloring’s of r-regular graphs.
They proved that if r > 4,r = O(1) and the edges of G,,», are randomly col-
ored so that each color is used r times, then w.h.p. there is a rainbow Hamil-
ton cycle. Ferber, Kronenberg, Mousset and Shikhelman [295] give results on
packing rainbow structures such as Hamilton cycles. Ferber, Nenadov and Pe-
ter prove that if p > n~1/4 (log n)l/ 4 and H is a fixed graph of density at most
d then w.h.p. G, , contains a rainbow copy of H if it is randomly colored with
(1+¢€)|E(H)| colors, for any fixed € > 0.

Cooper and Frieze [204] found the threshold for the following property: If
k= 0(1) and G, is arbitrarily edge colored so that no color is used more
than k times, then G,, ,, contains a rainbow Hamilton cycle.

Games

Positional games can be considered to be a generalisation of the game of
“Noughts and Crosses” or “Tic-Tac-Toe”. There are two players A (Maker)
and B (Breaker) and in the context for this section, the board will be a graph
G. Each player in turn chooses an edge and at the end of the game, the winner
is determined by the partition of the edges claimed by the players. As a typical
example, in the connectivity game, player A is trying to ensure that the edges
she collects contain a spanning tree of G and player B is trying to prevent this.
See Chvital and Erdds [188] for one of the earliest papers on the subject and
books by Beck [64] and Hefetz, Krivelevich, Stojakovié and Szab6 [403]. Most



Brief notes on uncovered topics 379

of the analyses have considered G = K,, and to make the problem interesting
[188] introduced the notion of bias. Thus in the connectivity game, player B is
allowed to collect b edges for each edge of A. Now the question becomes what
is the largest value of b for which A has a winning strategy. There is a strik-
ing though somewhat mysterious connection between the optimal values of b
for various games and thresholds for associated properties in random graphs.
For example in the connectivity game, the threshold bias b ~ @ i.e. player A
collects about %nlogn edges, see Gebauer and Szabo [361]. Another example
is the biased H-game where Maker wins if she can create a copy of some fixed
graph H with at least two adjacent edges. The optimal threshold bias b for this
game is of order ®(n!/™#)), Bednarska and Luczak [65]. For sufficiently
small constant ¢ > 0, if b < cn'/"2() | then Maker can create ®(EXy) copies
of H in K, where Xy is the number of copies of H in G, /,. Furthermore, if
Maker plays randomly, she achieves this goal w.h.p.

Recently Stojakovi¢ and Szab6 [696] began research on random boards i.e.
where G is a random graph. Ben-Shimon, Ferber, Hefetz and Krivelevich [77]
prove a hitting time result for the » = 1 Hamilton cycle game on the graph
process. Assuming that player A wants to build a Hamilton cycle and player
B starts first, player A will have a winning strategy in G, iff m > mj. This is
best possible. Biased Hamiltonicity games on G, , were considered in Ferber,
Glebov, Krivelevich and Naor [293] where it was shown that for p > 10%, the
threshold bias by satisfies byay =~ % w.h.p. The H-game where A wins if
she can create a copy of some fixed graph H was first studied by Stojakovic and
Szabo [696] in the case of H is a clique on k vertices. This was strengthened
by Miiller and Stojakovi¢ [595]. They show that if p < en=2/*+1) then w.h.p.
B can win this game. For p > Cn~2/**1) one can use the results of [653] to
argue that A wins w.h.p. This result was generalised to arbitrary graphs H
(satisfying certain mild conditions) by Nenadov, Steger and Stojakovi¢ [605]
where they showed that the threshold is where one would expect it to be - at
the 2-density of H. As we have seen there are other models of random graphs
and Beveridge, Dudek, Frieze, Miiller and Stojakovi¢ [84] studied these games
on random geometric graphs.

The game chromatic number X,(G) of a graph G can be defined as follows.
Once again there are two players A,B and they take it in turns to properly
color vertices of G with one of g colors. Thus if {u,v} is an edge and u is
colored with color ¢ and v is uncolored at the start of any turn, then v may not
be colored with ¢ by either player. The goal of A is to ensure that the game
ends with every vertex colored and the goal of B is to prevent this by using all
q colors in the neighborhood of some uncolored vertex. The game chromatic
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number is the minimum ¢ for which A can win. For a survey on results on
this parameter see Bartnicki, Grytczuk, Kierstead and and Zhu [62]. Bohman,
Frieze and Sudakov [118] studied x, for dense random graphs and proved that
for such graphs, y, is within a constant factor of the chromatic number. Keusch
and Steger [481] proved that this factor is asymptotically equal to two. Frieze,
Haber and Lavrov [330] extended the results of [118] to sparse random graphs.

Graph Searching

Cops and Robbers

A collection of cops are placed on the vertices of a graph by player C and then
a robber is placed on a vertex by player R. The players take turns. C can move
all cops to a neighboring vertex and R can move the robber. The cop number
of a graph is them minimum number of cops needed so that C can win. The
basic rule being that if there is a cop occupying the same vertex as the robber,
then C wins. Luczak and Pralat [546] proved a remarkable “zigzag” theorem
giving the cop number of a random graph. This number being n* where @ =
o(p) follows a saw-toothed curve. Pralat and Wormald [632] proved that the
cop number of the random regular graph G, , is O(nl/ 2). It is worth noting
that Meyniel has conjectured O(nl/ 2) as a bound on the cop number of any
connected n-vertex graph. There are many variations on this game and the
reader is referred to the monograph by Bonato and Pralat [151].

Graph Cleaning

Initially, every edge and vertex of a graph G is dirty, and a fixed number of
brushes start on a set of vertices. At each time-step, a vertex v and all its
incident edges that are dirty may be cleaned if there are at least as many
brushes on v as there are incident dirty edges. When a vertex is cleaned, ev-
ery incident dirty edge is traversed (that is, cleaned) by one and only one
brush, and brushes cannot traverse a clean edge. The brush number b(G) is
the minimum number of brlzlghes needed to clean G. Pralat [633], [634] proved

that w.h.p. b(G, ) ~ =4—n for p = 4 where d < 1 and w.h.p. b(G,,)) <

1—e2d

(140(1)) <d+ - e
Alon, Pralat and Wormald [24] proved that w.h.p. b(G,, 4) > C{T” ( - %)

) i for d > 1. For the random d-regular graph G,, 4,
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Acquaintance Time

Let G = (V,E) be a finite connected graph. We start the process by placing
one agent on each vertex of G. Every pair of agents sharing an edge are de-
clared to be acquainted, and remain so throughout the process. In each round
of the process, we choose some matching M in G. The matching M need not be
maximal; perhaps it is a single edge. For each edge of M, we swap the agents
occupying its endpoints, which may cause more agents to become acquainted.
We may view the process as a graph searching game with one player, where
the player’s strategy consists of a sequence of matchings which allow all agents
to become acquainted. Some strategies may be better than others, which leads
to a graph optimisation parameter. The acquaintance time of G, denoted by
o/ (G), is the minimum number of rounds required for all agents to become
acquainted with one another. The parameter < (G) was introduced by Ben-

jamini, Shinkar and Tsur [69], who showed that </ (G) = O ("zlf()g%) for an

n vertex graph. The loglogn factor was removed by Kinnersley, Mitsche and
Pralat [486]. The paper [486] also showed that w.h.p. &7 (G, ) = O (k’%) for

% < p < 1—¢. The lower bound here was relaxed to np —logn — oo in

Dudek and Pralat [260]. A lower bound, Q (%) for G, and p > nol/2+¢€

was proved in [486].

H-free process

In an early attempt to estimate the Ramsey number R(3,¢), Erd8s, Suen and
Winkler [283] considered the following process for generating a triangle free
graph. Let ey, e3,...,en,N = (’;) be a random ordering of the complete graph
K,. Let £ be a graph property e.g. being triangle free. We generate a sequence
of random graphs I'g,I'y,...,I'y where I';;; =1 +e;; if adding e; 1 does not
destroy &, otherwise [';1; =I';. In this way we can generate a random graph
that is guaranteed to have property Z.

For &7 is “bipartite” they show in [283] that 'y has expected size greater than
(n* —n)/4. When &2 is “triangle free” they show that w.h.p. that 'y has size
Q(n3/ 2) w.h.p. Bollobés and Riordan [147] studied the general H-free process.
More recently, Bohman [110] showed in the case of the triangle free process,
that w.h.p. Ty has size ©(n?/2(logn)'/?). This provides an alternative proof

to that of Kim [482] that R(3,) = sz( ’

t

log?
of the differential equations method, see Chapter 22. Bohman and Keevash
[119] and Fiz Pontiveros, Griffiths and Morris [301] have improved this result

. He made use of a careful use
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and shown that w.h.p. Ty has size asymptotically equal to ﬁrﬁ/ 2(logn)'/2.
They also show that the independence number of I'y is bounded by (1 +
o(1))(2nlogn)'/2. This shows that R(3,1) > (3 —o(1))1*/1ogt.

Bohman, Mubayi and Picolleli [121] considered an r-uniform hypergraph ver-
sion. In particular they studied the T(")-free process, where 7") generalises a
triangle in a graph. It consists of SU{a;},i=1,2,...,r where |S| =r—1 and
a further edge {aj,as,...,a,}. Here hyperedges are randomly added one by
one until one is forced to create a copy of 77. They show that w.h.p. the final
hypergraph produced has independence number O((nlogn)'/"). This proves a
lower bound of Q (@) for the Ramsey number R (T(’> , Ks(r)). The analysis is
based on a paper on the random greedy hypergraph independent set process by
Bennett and Bohman [74].

There has also been work on the related triangle removal process. Here we start
with K, and repeatedly remove a random triangle until the graph is triangle
free. The main question is as to how many edges are there in the final triangle
free graph. A proof of a bound of 0(n7/ 4*”(1)) was outlined by Grable [381].
A simple proof of O(n7/ 4*"(1)) was proved in Bohman, Frieze and Lubetzky
[115]. Furthermore, Bohman, Frieze and Lubetzky [116] have proved a tight
result of n3/2+°() for the number of edges left. This is close to the ®(n3/ 2)
bound conjectured by Bollobds and Erd8s in 1990.

An earlier paper by Ruciriski and Wormald [660] consider the d-process. Edges
were now rejected if they raised the degree of some vertex above d. Answering
a question of Erd6s, they proved that the resulting graph was w.h.p. d-regular.

Logic and Random Graphs

The first order theory of graphs is a language in which one can describe some,
but certainly not all, properties of graphs. It can describe G has a triangle, but
not G is connected. Fagin [286] and Glebskii, Kogan, Liagonkii and Talanov
[371] proved that for any property ./ that can be described by a first order
sentence, lim, ;. P(G,, ;/» € &) € {0,1}. We say that p = 1/2 obeys a 0-1
law. One does not need to restrict oneself to G,, | /,. Shelah and Spencer [682]
proved that if o is irrational then p = n~% also obeys a 0-1 law. See the book
by Spencer [689] for much more on this subject.
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Planarity

We have said very little about random planar graphs. This is partially because
there is no simple way of generating a random planar graph. The study begins
with the seminal work of Tutte [711], [712] on counting planar maps. The num-
ber of rooted maps on surfaces was found by Bender and Canfield [72]. The
size of the largest components were studied by Banderier, Flajolet, Schaeffer
and Soria [55].

When it comes to random labeled planar graphs, McDiarmid, Steger and Welsh
[568] showed that if p/(n) denotes the number of labeled planar graphs with
n vertices, then (pl(n)/n!)"/" tends to a limit y as n — oo. Osthus, Prémel and
Taraz [609] found an upper bound for ¥, Bender, Gao and Wormald [73] found
a lower bound for y. Finally, Giménez and Noy [368] proved that pl(n) =~
en” 2y n) for explicit values of ¢, 7.

Next let pl(n,m) denote the number of labelled planar graphs with n vertices
and m edges. Gerke, Schlatter, Steger and Taraz [364] proved thatif 0 <a <3
then (pl(n,an)/n!)"/" tends to a limit y, as n — co. Giménez and Noy [368]
showed that if 1 < a < 3 then pl(n,an) ~ cun_“}{}n!. Kang and fuczak [462]
proved the existence of two critical ranges for the sizes of complex compo-
nents.

Planted Cliques, Cuts and Hamilton cycles

The question here is the following: Suppose that we plant an unusual object
into a random graph. Can someone else find it? One motivation being that if
finding the planted object is hard for someone who does not know where it
is planted, then this modified graph can be used as a signature. To make this
more precise, consider starting with G,, ; 5, choosing an s-subset S of [n] and
then making S into a clique. Let the modified graph be denoted by I'. Here
we assume that s > logn so that S should stand out. Can we find S, if we are
given I, but we are not told S. Kucera [517] proved that if s > C(nlog n)l/ 2
for a sufficiently large C then w.h.p. one can find S by looking at vertex de-
grees. Alon, Krivelevich and Sudakov [28] improved this to s = Q(nl/ 2). They
show that the second eigenvector of the adjacency matrix of I" contains enough
information so that w.h.p. S can be found. Frieze and Kannan [333] related
this to a problem involving optimisation of a tensor product. Recently, Feld-
man, Grigorescu, Reyzin, Vempala and Xiao [289] showed that a large class of
algorithms will fail w.h.p. if s < n'/2=9 for some positive constant &.

There has also been a considerable amount of research on planted cuts. Begin-
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ning with the paper of Bui, Chaudhuri, Leighton and Sipser [164] there have
been many papers that deal with the problem of finding a cut in a random
graph of unusual size. By this we mean that starting with G, ,, someone se-
lects a partition of the vertex set into k > 2 sets of large size and then alters
the edges between the subsets of the partition so that it is larger or smaller than
can be usually found in G, ,. See Coja-Oghlan [189] for a recent paper with
many pertinent references.

As a final note on this subject of planted objects. Suppose that we start with
a Hamilton cycle C and then add a copy of G, , where p = ¢ to create I.
Broder, Frieze and Shamir [161] showed that if ¢ is sufficiently large then
w.h.p. one can in polynomial time find a Hamilton cycle H in I'. While H
may not necessarily be C, this rules out a simple use of Hamilton cycles for a
signature scheme.

Random Lifts

For a graph K, an n-lift G of K has vertex set V(K) x [n] where for each vertex
veV(K), {v} x [n] is called the fiber above v and will be denoted by IT,. The
edge set of a an n-lift G consists of a perfect matching between fibers I1, and
I1,, for each edge {u,w} € E(K). The set of n-lifts will be denoted A, (K). In
a random n-lift, the matchings between fibers are chosen independently and
uniformly at random.

Lifts of graphs were introduced by Amit and Linial in [33] where they proved
that if K is a connected, simple graph with minimum degree 6 > 3, and G is a
random n-lift of K then G is 6 (G)-connected w.h.p., where the asymptotics are
for n — oo. They continued the study of random lifts in [34] where they proved
expansion properties of lifts. Together with Matousek, they gave bounds on the
independence number and chromatic number of random lifts in [35]. Linial and
Rozenman [530] give a tight analysis for when a random n-lift has a perfect
matching. Greenhill, Janson and Ruciniski [383] consider the number of perfect
matchings in a random lift.

Luczak, Witkowski and Witkowski [549] proved that a random lift of H is
Hamiltonian w.h.p. if H has minimum degree at least 5 and contains two dis-
joint Hamiltonian cycles whose union is not a bipartite graph. Chebolu and
Frieze [175] considered a directed version of lifts and showed that a random
lift of the complete digraph K;, is Hamiltonian w.h.p. provided £ is sufficiently
large.
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Random Simplicial Complexes

Linial and Meshulam [529] pioneered the extension of the analysis of G,, , to
higher dimensional complexes. We are at the beginning of research in this area
and can look forward to exciting connections with Algebraic Topology. For
more details see the survey of Kahle [458].

Random Subgraphs of the n-cube

While most work on random graphs has been on random subgraphs of K,,, it
is true to say that has also been a good deal of work on random subgraphs of
the n-cube, Q,. This has vertex set V,, = {0,1}" and an edge between x,y €V,
iff they differ in exactly one coordinate. To obtain a subgraph, we can either
randomly delete vertices with probability 1 — p,, or edges with probability 1 —
pe. or both. If only edges are deleted then the connectivity threshold is around
pe = 1/2, see Burtin [167] or Saposhenko [670], Erd6s and Spencer [282]. If
only vertices are deleted then the connectivity threshold is around p, = 1/2,
see Saposhenko [671] or Weber [722]. If both edges and vertices and vertices
are deleted then the connectivity threshold is around p.p, = 1/2, see Dyer,
Frieze and Foulds [265].

Ajtai, Koml6s and Szemerédi [8] showed that if p, = (1 + €)/n then w.h.p.
there will be a unique giant component of order 2". Their results were tight-
ened in Bollobés, Kohayakawa and Luczak [144] where the case € = o(1)
was considered. In further analysis, Bollobds, Kohayakawa and Luczak [145]
proved the existence of giant components in the case p, = (1 +¢€)/n.

The threshold for the existence of a prefect matching at around p, = 1/2 was
established by Bollobds [133]. The threshold for the existence of a Hamilton
cycle remains an open question.

Random Walks on Random Graphs

For a random walk, two of the most interesting parameters, are the mixing time
and the cover time.

Mixing Time
Generally speaking, the probability that a random walk is at a particular ver-

tex tends to a steady state probability dezg—"(:). The mixing time is the time taken
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for the distribution k-step distribution to get to within variation distance 1/4,
say, of the steady state. Above the threshold for connectivity, the mixing time
of Gy, p is certainly O(logn) w.h.p. For sparser graphs, the accent has been
on finding the mixing time for a random walk on the giant component. Foun-
toulakis and Reed [313] and Benjamini, Kozma and Wormald [68] show that
w.h.p. the mixing time of a random walk on the giant component of G, ,,p =
c¢/n,c > 11is O((logn)?). Nachmias and Peres [598] showed that the mixing
time of the largest component of G, ,,p = 1/n is in [en, (1 — €)n] with proba-
bility 1 — p(&) where p(e) — 0 as € — 0. Ding, Lubetzky and Peres [246] show
that mixing time for the emerging giant at p = (14-&) /n where A = €3n — oo is
of order (1/2)(log A )?. For random regular graphs, the mixing time is O(logn)
and Lubetzky and Sly [533] proved that the mixing time exhibits a cut-off
phenomenon i.e. the variation distance goes from near one to near zero very
rapidly.

Cover Time

The covertime Cg of a graph G is the maximum over starting vertex of the ex-
pected time for a random walk to visit every vertex of G. For G =G,, , with p =
Clo# where ¢ > 1, Jonasson [450] showed that w.h.p. Cg = ®@(nlogn). Cooper
and Frieze [211] proved that Cg ~ A(c)nlogn where A(c) = clog (=% ). Then
in [210] they showed that the cover time of a random r-regular graph is w.h.p.
asymptotic to gnlog n, for r > 3. Then in a series of papers they established
the asymptotic cover time for preferential attachment graphs [211]; the giant
component of G, ,, p = ¢/n, where ¢ > 1 is constant [212]; random geomet-
ric graphs of dimension d > 3, [213]; random directed graphs [214]; random
graphs with a fixed degree sequence [1], [219]; random hypergraphs [223]. The
asymptotic covertime of random geometric graphs for d = 2 is still unknown.
Avin and Ercal [41] prove that w.h.p. it is ®(nlogn). The paper [215] deals
with the structure of the subgraph H, induced by the un-visited vertices in a
random walk on a random graph after ¢ steps. It gives tight results on a phase
transition i.e. a point where H breaks up into small components. Cerny and
Teixeira [172] refined the result of [215] near the phase transition.

Stable Matching

In the stable matching problem we have a complete bipartite graph on vertex
sets A, B where A = {ay,a2,...,a,},B = {b1,b2,...,b,}. If we think of A as
a set of women and B as a set of men, then we refer to this as the stable
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marriage problem. Each a € A has a total ordering p, of B and each b € B has
a total ordering pj, of B. The problem is to find a perfect matching (a;,b;),i =
1,2,...,n such that there does not exist a pair i, j such that b; > b; in the order
Da; and a; > b; in the order Pb;- The existence of i, j leads to an unstable
matching. Gale and Shapley [356] proved that there is always a stable matching
and gave an algorithm for finding one. We focus on the case where p,, p, are
uniformly random for all @ € A,b € B. Wilson [725] showed that the expected
number of proposals in a sequential version of the Gale-Shapley algorithm is
asymptotically equal to nlogn. Knuth, Motwani and Pittel [489] studied the
likely number of stable husbands for an element of AU B. L.e. they show that
w.h.p. there are constants ¢ < C such that for a fixed a € A there are between
clogn and Clogn choices b € B such that a and b are matched together in
some stable matching. The question of how many distinct stable matchings
there are likely to be was raised in Pittel [624] who showed that w.h.p. there
are at least n!/27°(1) More recently, Lennon and Pittel [523] show that there
are at least nlogn with probability at least 0.45. Thus the precise growth rate
of the number of stable matchings is not clear at the moment. Pittel, Shepp

and Veklerov [628] considered the number Z, ,, of a € A that have exactly m
]E(me) _ 1

choices of stable husband. They show that lim,,_s.. (ogn)™T = (a=T)I"

Universal graphs

A graph G is universal for a class of graphs ¢ if G contains a copy of every
H € . In particular, let 5 (n,d) denote the set of graphs with vertex set [n]
and maximum degree at most d. One question that has concerned researchers,
is to find the threshold for G, , being universal for #(n,d). A counting ar-
gument shows that any .#(n,d) universal graph has Q(n>~2/?) edges. For
random graphs this can be improved to Q(n?~2/(4+1) (logn)?(M). This is be-
cause to contain the union of biﬂj disjoint copies of K;., all but at most
d vertices must lie in a copy of K, . This problem was first considered in
Alon, Capalbo, Kohayakawa, Rodl, Rucinski and Szemerédi [23]. Currently
the best upper bound on the value of p needed to make G, ,, ¢ (n,d) univer-
sal is O(n*~'/4(logn)'/?) in Dellamonica, Kohayakawa, Rdl, and Ruciriski
[231]. Ferber, Nenadov and Peter [296] prove that if p > A3n~1/2logn then
Gp,p is universal for the set of trees with maximum degree A.
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Moments

20.1 First and Second Moment Method

Lemma 20.1 (Markov’s Inequality) Let X be a non-negative random vari-
able. Then, for allt > 0,
EX
PX >r) < -
Proof Let

{ 1 if event A occurs,
Iy =

0 otherwise.
Notice that
X =Xlix>n +XIix <y = Xlix>n > x>y
Hence,
EX > tElx>ny =tP(X >1).

O
As an immediate corollary, we obtain

Lemma 20.2 (First Moment Method) Let X be a non-negative integer valued
random variable. Then

P(X > 0) < EX.

Proof Putt = 1in Markov’s inequality. O
The following inequality is a simple consequence of Lemma 20.1.

Lemma 20.3 (Chebyshev Inequality) If X is a random variable with a finite
mean and variance, then, fort > 0,

Var X

P(IX—EX|>1) < )

Proof

E(X-EX)*> VarX

P(X-EX|20) =P(X-EX)? 2%) < == =

391
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O
Throughout the book the following consequence of the Chebyshev inequality
plays a particularly important role.

Lemma 20.4 (Second Moment Method) If X is a non-negative integer valued
random variable then
VarX  EX?

P00 Exy = Xy

Proof Sett=EX in the Chebyshev inequality. Then

VarX
(EX)?

P(X =0) < ()X ~EX| > EX) <

O

Lemma 20.5 ((Strong) Second Moment Method) If X is a non-negative in-
teger valued random variable then

Var X (EX)?
PX=0)<—=1-— .
( )< EX2 EX2
Proof Notice that
X=X Iix>1y-

Then, by the Cauchy-Schwarz inequality,
2
(EX)? = (E(X-Iix=1))) SIE:I{Z)(zl}EX2 =P(X > 1)EX.
O

The bound in Lemma 20.5 is stronger than the bound in Lemma 20.4, since
EX? > (EX)?. However, for many applications, these bounds are equally use-
ful since the Second Moment Method can be applied if

VarX

(EX) — 0, (20.1)
or, equivalently,

EXx?

(EX) — 1, (20.2)

as n — oo. In fact if (20.1) holds, then much more than P(X > 0) — 1 is true.
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m:Var(I;(> :E<EXX)2—<]E<EXX>)2
2
()

Note that

Hence

2
X Var X
E({—-1 0 if —— 0.
(EX ) TN Exy

It simply means that

X 12
I 20.3
EX (20.3)
In particular, it implies (as does the Chebyshev inequality) that
X p
=5, (20.4)
i.e., for every € > 0,
P((1-e)EX <X <(1+€&)EX)— 1. (20.5)

So, we can only apply the Second Moment Method, if the random variable
X has its distribution asymptotically concentrated at a single value (X can be
approximated by the non-random value EX, as stated at (20.3), (20.4) and
(20.5)).

We complete this section with another lower bound on the probability P(X,, >
1), when X, is a sum of (asymptotically) negatively correlated indicators. No-
tice that in this case we do not need to compute the second moment of X;,.

Lemma 20.6 Let X, =1+ 5L +---+1,, where {I;}!_, be a collection of 0 — 1
random variables, such that

P(I,':Ij: 1) < (1+8n)P(I,‘: 1)]P)(Ij: 1)
fori j=1,2,... ,n Here &, — 0asn— . Then

1
PX,>1)> —.
o2 D) 2 T 1B,

Proof By the (strong) second moment method (see Lemma 20.5)

P(X, > 1) >
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Now

EX; = ZZ]E (LI))

i=1j=
<EX,+(1+&)) ELEL
i£]
n n
—EX,+(1+&) | (LE ) ~ Y (EL)
i=1 i=1
<EX, + (1+&)(EX,)>

20.2 Convergence of Moments

Let X be a random variable such that £ \X|k < oo, k> 1, i.e., all k-th moments
EX* exist and are finite. Let the distribution of X be completely determined
by its moments. It means that all random variables with the same moments as
X have the same distribution as X. In particular, this is true when X has the
Normal or the Poisson distribution.

The method of moments provides a tool to prove the convergence in distribu-
tion of a sequence of random variables with finite moments (see Durrett [263]
for details).

Lemma 20.7 (Method of Moments) Let X be a random variable with prob-
ability distribution completely determined by its moments. If X1,X>,... Xy, ...
are random variables with finite moments such that EX* — EX* as n — oo, for
every integer k > 1, then the sequence of random variables {X,} converges in

N . D
distribution to random variable X, denoted as X,, — X.

The next result, which can be deduced from Theorem 20.7, provides a tool to
prove asymptotic Normality.

Corollary 20.8 Let X1,Xa,...,Xy,... be a sequence of random variables with
finite moments and let ay,ay,. .. ,ay,, ... be a sequence of positive numbers, such
that

(m)! hen k =2m, m > 1
0ty 3 = | S ol whenk=2m 2 1
o(a ), whenk=2m—1, m>2,

n
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asn — oo, Then

X,—EX, - X,—EX,
S 2>Z, and X, =" _—" 2>Z,
a, v/ VarX,

where Z is a random variable with the standard Normal distribution N(0,1).

A similar result for convergence to the Poisson distribution can also be deduced
from Theorem 20.7. Instead, we will show how to derive it directly from the
Inclusion-Exclusion Principle.

The following lemma sometimes simplifies the proof of some probabilistic
inequalities:

Lemma 20.9 (Rényi’s Lemma) Suppose that Ay,A;,...,A, are events in
some probability space Q, f1, f2,..., fs are boolean functions of A1,Az, ..., A,
and 01,00, . .., 0 are reals. Then, if

iaip(ﬁ(AhAz,---,Ar)) =0, (20.6)
i=1

whenever P(A;) = 0 or 1, then (20.6) holds in general.

=9 ((0)0(07)

for some collection of .#; of subset of [r] = {1,2,...,r}.

Then,
se ieS iZs

and then the left hand side of (20.6) becomes

Zre((0)(00))

for some real Bs. If (20.6) holds, then Bs > O for every S, since we can choose
A;=Qifie S, andA; =0fori &S. O]

Proof Write

For J C [r] let Aj = N;c;Ai, and let S = | { j : Aj occurs } | denote the number
of events that occur. Then let

By = Jﬁ%sz(A,) =E (i)

Let & be the event that exactly j among the events A,A»,...,A, occur. Then,
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Lemma 20.10
S
< Z(—l)k’j(lj‘.)Bk s— j even.
k=j
S
P(&) 4= Y (DI ()Bi s—jodd
k=j
S
= Z(—l)k’j(l;.)Bk s=r.
k=j

Proof It follows from Lemma 20.9 that we only need to check the truth of
the statement for

where 0 < ¢ < r is arbitrary.

Now
1 ifj=1,
P(S=j)= L
0 ifj#L
and
n=(,)
=)
So,

Qg

If ¢ < j then P(&}) = 0 and the sum in (20.7) reduces to zero. If ¢ = j then
P(&;) =1 and the sum in (20.7) reduces to one. Thus in this case, the sum is
exact for all 5. Assume then that » > ¢ > j. Then P(&’;) = 0 and

s =\ 0—j _i(t—j—1
Y () =xen () =co ()
k=j k—j =0 ! s=J

This explains the alternating signs of the theorem. Finally, observe that (571 7.1)

r—j
=0, as required.

Now we are ready to state the main tool for proving convergence to the Poisson
distribution.
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Theorem 20.11 Let S, = Y, I; be a sequence of random variables, n > 1

and let B,(c") =E (Sk") Suppose that there exists A > 0, such that for every fixed
k>1,

k
(m _ A
Am B =G
Then, for every j > 0,
AJ
. R |
lim P(S, = j) = e IR

i.e., S, converges in distribution to the Poisson distributed random variable
. . D
with expectation A (S, = Po(1)).

Proof By Lemma 20.10, for [ > 0,
J+20+1 K j+21 k
y (1)"‘f<,) B <P(s, <Z <> B
k=j J J

So, as n grows to oo,

Jr2+] K
y (—1)k-/<) B! <liminfP(s, = j)
J

J+21 (K
<limsupP(S, = j) < ¥ (—1)’<1< ,)B,ﬂ").

n—yoo k=j J
But,
Jjtm -k )yk AR A/
Z(—l)"/<> 72—1 ——>—e -+
k=j J t=0 J!
as m — oo, O

Notice that the falling factorial
S =Su(Sn—1)--(Sy—k+1)

counts number of ordered k-tuples of events with I; = 1. Hence the binomial
moments of S, can be replaced in Theorem 20.11 by the factorial moments,
defined as

E(Su)k = E[Su(Sy— 1)+ (Sa—k+1)],
and one has to check whether,for every k > 1,

lim E(S,); = AX.

n—yoo
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20.3 Stein—Chen Method

Stein in [693] introduced a powerful technique for obtaining estimates of the
rate of convergence to the standard normal distribution. His approach was sub-
sequently extended to cover convergence to the Poisson distribution by Chen
[177], while Barbour [57] ingeniously adapted both methods to random graphs.
The Stein—Chen approach has some advantages over the method of moments.
The principal advantage is that a rate of convergence is automatically obtained.
Also the computations are often easier and fewer moment assumptions are
required. Moreover, it frequently leads to conditions for convergence weaker
than those obtainable by the method of moments.

Consider a sequence of random variables (X,)_; and let (4,),_, be a se-
quence of positive integers, and let Po (A1) denote, as before, the Poisson dis-
tribution with expectation A. We say that X,, is Poisson convergent if the total
variation distance between the distribution .Z(X,,) of X,, and Po(4,), 4, =
EX,, distribution, tends to zero as n tends to infinity. So, we ask for

dry(Z(X,),Po(A,)) = sup |P(X, €A)— Z 2 e M

- — 0, (20.8)
ACZT keA k!

as n — oo, where Z* = {0,1,...}.

Notice, that if X, is Poisson convergent and A, — A, then X, converges in
distribution to the Po(A) distributed random variable. Furthermore, if A, —
0, then X,, converges to a random variable with distribution degenerated at
0. More importantly, if A, — o, then the central limit theorem for Poisson
distributed random variables implies, that X,, = (X,, — 4,)/v/4, converges in
distribution to a random variable with the standard normal random distribution
N(0,1).

The basic feature and advantage of the Stein—Chen approach is that it gives
computationally tractable bounds for the distance dry, when the random vari-
ables in question are sums of indicators with a fairly general dependence struc-
ture.

Let {I, }4er, be a family of indicator random variables, where I" is some index
set. To describe the relationship between these random variables we define a
dependency graph L = (V(L),E (L)), where V(L) = T". Graph L has the prop-
erty that whenever there are no edges between A and B, A,B C T, then {I, }4ea
and {I,}pcp are mutually independent families of random variables. The fol-
lowing general bound on the total variation distance was proved by Barbour,
Holst and Janson [58] via the Stein—~Chen method.

Theorem 20.12 Let X =Y ,cr 1, where the I, are indicator random variables
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with a dependency graph L. Then, with n, =EI, and
A=EX= ZaEF Ty,

drv(Z(X),Po(1)) <
min(ll,1)< Y &+ Y {E([alb)-‘rﬂaﬂh})a
acV(L) abeE(L)

where ¥ (1) means summing over all ordered pairs (a,b), such that {a,b} €
E(L).

Finally, let us briefly mention, that the original Stein method investigates the
convergence to the normal distribution in the following metric

ds(Z(X,).N(0,1)) = supl || [ h(x)dFix) - [ h(x)a()
h .

. (20.9)

where the supremum is taken over all bounded test functions ~ with bounded
derivative, ||h|| = sup |h(x)| -+ sup |K (x)].

Here F;, is the distribution function of X,,, while & denotes the distribution
function of the standard normal distribution. So, if dg(-%(X,),N(0,1)) — 0 as
n — oo, then X,, converges in distribution to N(0, 1) distributed random vari-
able.

Barbour, Karoriski and Rucinski [60] obtained an effective upper bound on
ds(Z(X,),N(0,1)) if S belongs to a general class of decomposable random
variables. This bound involves the first three moments of S only.

For a detailed and comprehensive account of the Stein—Chen method the reader
is referred to the book by Barbour, Holst and Janson [58], or to Chapter 6
of the book by Janson, Luczak and Rucinski [432], where other interesting
approaches to study asymptotic distributions of random graph characteristics
are also discussed. For some applications of the Stein—Chen method in random
graphs, one can look at a survey by Karonski [466].
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Inequalities

21.1 Binomial Coefficient Approximation

We state some important inequalities. The proofs of all but (g) are left as exer-
cises:

Lemma 21.1 (a)

1+x<eé, Vx.
(b)
l—xzefx/“*x), 0<x<l.
(c)
n ne\k
< (=
(k)_(k)’ vk
(d)
n nk k!
<" h-X
(k>—k!< 2n> Tk
(e)
() KE=DY (Y ey g
k! 2n —\k) T k! ’ o
(f)

(g) If a > b then
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Proof (g)

() _ (n—a)iti(n—1)!
™ n!(t—b)!(n—t—a+b)!

_t(t—=1)---(t—b+1) " (n—t)(n—t—1)---(n—t—a+b+1)
Cn(n—1)---(n—b+1) (n=b)(n—b—1)---(n—a+1)

() ()
O

We will need also the following estimate for binomial coefficients. It is a little
more precise than those given in Lemma 21.1.

Lemma 21.2 Let k = o(n®/*). Then

Proof

21.2 Balls in Boxes

Suppose that we have M boxes and we independently place N distinguishable
balls into them. Let us assume that a ball goes into box i with probability p;
where p; +---+ py = 1. Let W; denote the number of balls that are placed in
box i and for S C [M], let Wy = ¥ ;s W;. The following looks obvious and is
extremely useful.
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Theorem 21.3 Let S, T be disjoint subsets of [M] and let s,t be non-negative
integers. Then

P(Ws <s|Wr <t) <P(Ws<s) 1.1)
P(Ws > s | Wr <1) > P(Ws > s) (212)
P(Ws > s | Wy > 1) < P(Ws > s) (21.3)
P(Ws < s | Wr >1) > P(Ws < s) (21.4)

Proof Equation (21.2) follows immediately from (21.1). Also, equation (21.4)
follows immediately from (21.3). The proof of (21.3) is very similar to that of
(21.1) and so we will only prove (21.1).

Let

m=PWs <s|Wr=i).

Given Wr = i, we are looking at throwing N — i balls into M — 1 boxes. It is
clear therefore that 7; is monotone increasing in i. Now, let ¢; = P(Wy = i).
Then,

P(Ws <s)= Zn’,q,
qi
PWs<s|Wr<t)=) mj——.
W< Wy <) = Pm—

So, (21.1) reduces to

: N
(qo+-+an) Y. mqi < (qo+-+a) ) T,

i=0 i=0
or
1 N
(Grr1+-4av) Y mgi < (qo+-+a) Y, maq,
i=0 i=t+1
or
N 1 t N
Z ZCIinﬂi < Z Z qiq ;.
Jj=t+1i=0 j=0i=t+1
The result now follows from the monotonicity of ;. O

The following is an immediate corollary:

Corollary 21.4 Let Sy,Ss,...,S; be disjoint subsets of [M] and let 51,53, ...,k
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be non-negative integers. Then

21.3 FKG Inequality

A function f : Cy = {0, 1}[N ] 5 R is said to be monotone increasing if when-
ever x = (x1,x2,...,xn),y = (y1,¥2,...,yn) € Cy and x <y € Cy (ie. x; <
vj,j=1,2,...,N) then f(x) < f(y). Similarly, f is said to be monotone de-
creasing if — f is monotone increasing.

An important example for us is the case where f is the indicator function of
some subset .7 of 2N, Then

1 xed
e o

A typical example for us would be N = (}) and then each G € 2™ corresponds
to a graph with vertex set [n]. Then 2/ will be a set of graphs i.e. a graph prop-
erty. Suppose that f is the indicator function for 7. Then f is monotone in-
creasing, if whenever G € &7 and e ¢ E(G) we have G+ e € & i.e. adding an
edge does not destroy the property. We will say that the set/property is mono-
tone increasing. For example if .77 is the set of Hamiltonian graphs then 7
is monotone increasing. If £2 is the set of planar graphs then &2 is monotone
decreasing. In other words a property is monotone increasing iff its indicator
function is monotone increasing.
Suppose next that we turn Cy into a probability space by choosing some p1, p2,
...,pn € [0, 1] and then for x = (x1,x2,...,xy) € Cy letting

Px)= [] r; [] O—p)). (21.5)

jxj=1 jux;=0

IfN = (3) and p; = p,j=1,2,...,N then this model corresponds to G,,.
The following is a special case of the FKG inequality, Harris [396] and Fortuin,
Kasteleyn and Ginibre [308]:

Theorem 21.5 If f, g are monotone increasing functions on Cy then E(fg) >

E(f)E(g)-
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Proof We will prove this by induction on N. If N =0 then E(f) = a,E(g) =)
and E(fg) = ab for some constants a, b.
So assume the truth for N — 1. Suppose that E(f | xy = 0) =a and E(g | xy =
0) = b then

E((f —a)(g—b)) —E(f —a)E(g —b) = E(fg) —E(f) E(g)-

By replacing f by f —a and g by g — b we may therefore assume that E(f |
xy =0) =E(g | xy = 0) = 0. By monotonicity, we see that E(f | xy = 1),E(g]|
XN = 1) > 0.
We observe that by the induction hypothesis that
E(fglxy=0)>E(f |xy=0)E(g|xy=0)=0
E(fglan=1)>E(f[xy=1)E(g|xy=1)>0

Now, by the above inequalities,

E(fg) =E(fg|xnv=0)(1—pn) +E(fg |xy = 1)py
>E(f|xv=1)E(g|xnv=1)pn. (21.6)

Furthermore,

E(f)E(g) =
(E(f |xn =0)(1 = py) +E(f | xy = 1) pn) X
(E(g | xn = 0)(1 = pn) +E(g | xv = 1)pn)

=E(f|xv=1E(¢g [xy = 1)p. (21.7)

The result follows by comparing (21.6) and (21.7) and using the fact that E(f |

xv=1),E(g|xy=1)>0and0< py < 1. O

In terms of monotone increasing sets .7, % and the same probability (21.5) we

can express the FKG inequality as

P( | B) > P(). (21.8)

21.4 Sums of Independent Bounded Random Variables

Suppose that S is a random variable and ¢ > 0 is a real number. We will be
concerned here with bounds on the upper and lower tail of the distribution of
S,ie,onP(S> p+r) and P(S < u —t), respectively, where 4 =ES.

The basic observation which leads to the construction of such bounds is due to
Bernstein [82]. Let A > 0, then

P(S > p+1) =P(e*S > A1) < o AU R (A5 (21.9)
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by Markov’s inequality (see Lemma 20.1). Similarly for A <0,
P(S < u—1) < e MEEE). (21.10)

Combining (21.9) and (21.10) one can obtain a bound for P(|S — u| > t).
Now let S, = X1 + X2+ - -+ X, where X;,i = 1,...,n are independent random
variables. Assume that 0 < X; <1 and EX; = y; fori =1,2,...,n. Let 4 =
Ui+ tp+ -+ Wy Thenfor A >0

P(S, > p+1) < e MO TTE() (21.11)
i=1
and for A <0
P(S, < p—1) < e M TTEE). (21.12)

i=1

Note that E(e’lxi) in (21.11) and (21.12), likewise E(e“) in (21.9) and (21.10)
are the moment generating functions of the X;’s and S, respectively. So finding
bounds boils down to the estimation of these functions.

Now the convexity of ¢* and 0 < X; < 1 implies that

M <X+ Xl
Taking expectations we get
E(eM) <1 — i+ pie.
Equation (21.11) becomes, for A > 0,

n

P(S, > p+1) <e MO — i+ piet)

i=1 N
< e~ Mur) (n—/,l.—f—pte) . (21.13)
n

The second inequality follows from the fact that the geometric mean is at
most the arithmetic mean i.e. (x1x; - ~xn)1/" < (x;+x2+ - +x,)/n for non-
negative xi,x2,...,x,. This in turn follows from Jensen’s inequlaity and the
concavity of logx.

The right hand side of (21.13) attains its minimum, as a function of A, at

ot = w (21.14)
(n—p—t)u
Hence, by (21.13) and(21.14), assuming that y +¢ < n,
‘LL u+t n_u n—u—t
> < .
P(Sn_u+t)_<u+t> (n_u_t) , (21.15)
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while for ¢ > n — p this probability is zero.
Now let
ox)=(1+x)log(14+x)—x, x>-1,

and let ¢ (x) = oo for x < —1. Now, for 0 <7 < n— 1, we can rewrite the bound
(21.15) as

P@z>u+4%<mp{—u¢<;>—%n—um(nil)}. (21.16)

Since @(x) > 0 for every x, we get
P(S, > p+1) < e HoU/H), (21.17)

Similarly, putting n — S, for S,,, or by an analogous argument, using (21.12),
we getfor 0 <r < u,

P(Snsut)sexp{mp(;)(nu)w( d )} (21.18)

n—Hu
Hence,
P(S, < p—1) < e MO/, (21.19)
We can simplify the expressions (21.17) and (21.19) by observing that
2
> 21.20
*) 2 3 (2120)
To see this observe that for |x| < 1 we have
x? = 1 1
Yy gy _ n
o037 = o (w7
Equation (21.20) for |x| < 1 follows from ﬁ - 23% >0 for k > 2. We

leave it as an exercise to check that (21.20) remains true for x > 1.
Taking this into account we arrive at the following theorem, see Hoeffding
[406].

Theorem 21.6 (Chernoff/Hoeffding inequality) Suppose that
Si=X1+Xo+---+X, where (i) 0 < X; < land EX; = y; fori=1,2,...,n,
(ii) X1,X2, ..., X, are independent. Let L = [y + Up + - - -+ Uy. Then fort > 0,

2

and fort < U,

2
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Putting r = eu, for 0 < € < 1, one can immediately obtain the following
bounds.

Corollary 21.7 Let0 < € < 1, then

£ 2
P(Sy > (1+€)p) < (ﬁ)” Sexp{—“f}, (21.23)
while
2
P(Sy < (1-€)p) < exp{—“;} (21.24)

Proof The formula (21.24) follows directly from (21.22) and (21.23) follows
from (21.16). O
One can “tailor” Chernoff bounds with respect to specific needs. For exam-
ple, for small ratios #/u, the exponent in (21.21) is close to #2/2y, and the
following bound holds.

Corollary 21.8
R
2
gexp{?,‘u} fort < u. (21.26)

Proof Use (21.21) and note that

(m+1/3)"" > (n—1/3) /1.

O
For large deviations we have the following result.
Corollary 21.9 [fc > 1 then
e K
P(S, > cpt) < {71/} . (21.27)
ce'/¢
Proof Putt= (c—1)uinto (21.17). O

Our next bound incorporates the variance of the X;’s.
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Theorem 21.10 (Bernstein’s Theorem) Suppose that S, = X1 +Xp +--- +
X, where (i) |X;| <1 and EX; = 0 and VarX; = o7 for i = 1,2,...,n, (ii)
X1,Xs, ..., X, are independent. Let 6° = 612 + 622 +---+02. Then fort >0,

2
P(S, > 1) < exp{—2(62t+t /3)} (2128)
and
2

Proof The strategy is once again to bound the moment generating function.
Let

) R e A B

Z - = A2

162 — 162
= rlo; = rlo;

F} =
r

Here EX] < Gl-z, since |X;| < 1.
‘We then observe that
: > ATEXT
E(e*)=1+Y ’
r=2

2,52
Se/lc,-F,-

§exp{( A—A—I)O'iz}.

r!

So,

P(S, > 1) < e*lfﬁexp{(eA . 1)0,.2}
i=1

2(,A
— O A1)

“on{-o0( %)
after assigning
A =log (1 + é) .

To obtain (21.28) we use (21.20). To obtain (21.29) we apply (21.28) to ¥; =
—Xi,i:1,2,...,l’l. [
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21.5 Sampling Without Replacement

Let a multi-set A = {aj,az,...,ay} C R be given. We consider two random
variables. For the first let X = a; where i is chosen uniformly at random from
[N]. Let

1 N

Z(ai — ,LL)Z.

Now let S, = X; + X5 + --- + X, be the sum of n independent copies of X.
Next let W,, = ¥;cx @; where X is a uniformly random n-subset of [N]. We
have ES, = EW,, = nu but as shown in Hoeffding [406], W, is more tightly
concentrated around its mean than S,,. This will follow from the following:

1 N
,u:]EX:NZaiandG2:VarX:
i=1

Lemma 21.11 Let f : R — R be continuous and convex. Then
Ef(Wa) <Ef(Sn).

Proof We write, where (A), denotes the set of sequences of n distinct mem-
bersof Aand (N), =N(N—1)---(N—n+1)=|(A),

s

1
Ef(Sn) = X fO1+-4ym) =
yeAn

1
), Y g(x1,x2,....x) =Eg(X), (21.30)
" xe(A)n

where g is a symmetric function of x and
g(X1,X2, ce ,)Cn) = Z W(k7i7r)f(ri1xil +- rikxik)'
k,ir

Here i ranges over sequences of k distinct values iy,i,...,i € [n] and r;, +
---+r;, = n. The factors y(k,i,r) are independent of the function f.

Putting f = 1 we see that Y, ; . w(k,i,r) = 1. Putting f(x) = x we see that g is
a linear symmetric function and so

Y wik, i) (rixi, 4+ rixi) = K(x +- -+ xa),

kjir

for some K. Equation (21.30) implies that K = 1.
Applying Jensen’s inequality we see that

g(X) Zf(xl +"'+xn)-

It follows that
Eg(X) > E f(Wy)
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and the Lemma follows from (21.30). O]
As a consequence we have that (i) VarW, < VarS,, and (ii) Ee*"r < Ee*St for
any A € R.

Thus all the inequalities developed in Section 21.4 can a fortiori be applied to
W, in place of S,,. Of particular importance in this context, is the hypergeomet-
ric distribution: Here we are given a set of S C [N],|S| = m and we choose a
random set X of size k from [N]. Let Z = |X NS|. Then

(1) Ct)
&

P(Z=t)= for0<r<k.

21.6 Janson’s Inequality

In Section 21.4 we found bounds for the upper and lower tails of the distri-
bution of a random variable S, composed of n independent summands. In the
previous section we allowed some dependence between the summands. We
consider another case where the random variables in question are not necessar-
ily independent. In this section we prove an inequality of Janson [418]. This
generalised an earlier inequality of Janson, Luczak and Ruciniski [431], see
Corollary 21.13.

Fix a family of n subsets D;,i € [n]. Let R be a random subset of [N] such
that for s € [N] we have 0 < P(s € R) = g5 < 1. The elements of R are chosen
independently of each other and the sets D;,i = 1,2, ... ,n. Let <7 be the event
that D; is a subset of R. Moreover, let /; be the indicator of the event 7. Note
that, /; and /; are independent iff D; N D; = (). One can easily see that the /;’s
are increasing.

We let

Sn:II+12+"‘+In7

and

We write i ~ j if D;\D; # 0. Then, let

A=Y E@il)=p+A (21.31)
{i i~
where
A= Y E()). (21.32)
{i.ji~j

i#]
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As before, let @(x) = (1+x)log(1+x) —x. Now, with S,,, A, @ given above one
can establish the following upper bound on the lower tail of the distribution of
Sh.

Theorem 21.12 (Janson’s Inequality) For any realt, 0 <t < U,

_ _‘P(—I/N)“z} {_’2}
P(S, <u—1)< exp{ A <exp [ (21.33)

Proof 'We begin as we did in Section 21.4. Put w(1) = E(e~*5),4 > 0. By
Markov’s inequality we have

P(S, < p—1) < AR A5,
Therefore,
logP(S, <p—t)<logy(A)+A(u—1). (21.34)

Now let us estimate log y(A4) and minimise the right-hand-side of (21.34) with
respect to A.
Note that

E(Lie *5). (21.35)

-

Il
=

Y () =E(S,e ) =

1

Now for every i € [n], split S, into ¥; and Z;, where

Y=Y 1, Zi=) I, Si=Yi+Z
Jii~i Jirti

Then by the FKG inequality (applied to the random set R and conditioned on
I; = 1) we get, setting p; = E(I;) = [sep, gs»
E(Iiefls") = p,-]E(eilY"eflz" | L=1)>
piE(e ™™ | =1)E(e | =1).
Since Z; and [; are independent we get

E(Iie’“") > p,-]E(e’“" | I = I)E(eflz")
> piE(e ™ | L =1)y(L). (21.36)
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From (21.35) and (21.36), applying Jensen’s inequality to get (21.37) and re-
membering that u = ES, =Y, p;, we get

u
Zuexp{;ZpiE(lYiMl)} (21.37)
i=1
A{ n
=pexpy —— ) E(Vil))
M3
= e 2A/u
So
—(logy(A))' > pe *A/m (21.38)
which implies that
A _ ‘u2 _
—logy(A) > / pe Mz = < — e M, (21.39)
0

Hence by (21.39) and (21.34)
,LL2 _
logIP’(Sngu—t)g—f(l —e MY LA (u—1), (21.40)

which is minimized by choosing A = —log(1 —¢/u)u/A. It yields the first
bound in (21.33), while the final bound in (21.33) follows from the fact that
@(x) > x?/2 for x < 0. O
The following Corollary is very useful:

Corollary 21.13 (Janson, Luczak, Rucinski Inequality)
P(S, =0) <e M4,

Proof We putt = u into (21.33) giving P(S,, = 0) <exp {—M%W}. Now

notethatgo(—l)zland%zzu“—fAZu—A. O
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21.7 Martingales. Azuma-Hoeffding Bounds

Before we present the basic results of this chapter we have to briefly introduce
martingales and concentration inequalities for martingales. Historically, mar-
tingales were applied to random graphs for the first time in the context of the
chromatic number of G, .

Let (Q,.#,P) be a probability space. If the sample space Q is finite, then .% is
the algebra of all subsets of Q. For simplicity, let us assume that we deal with
this case.

Recall that if 2 = {D1,D,,...,Dy} is a partition of Q, i.e., Ul D; = Q and
D;ND; =0 if i # j, then it generates an algebra of subsets <7 (%) of Q. The
algebra generated by the partition & and denoted by .7 (Z) is the family of all
unions of the events (sets) from &, with @ obtained by taking an empty union.
Let 9 ={D;,D,,...,D,} be a partition of Q and A be any event, A C Q and
let P(A|2) be the random variable defined by

m
P(A|Z)(w Z (AID;)Ip, (@

]P)(AlD,(w)) where @ € Di((o)'

Note that if 2 a trivial partition, i.e., Z = %y = {Q} then P(A|Z) = P(A),
while, in general,

P(A) =EP(A|2). (21.41)

Suppose that X is a discrete random variable taking values
{x1,x2,...,x;} and write X as

!
X=Y xily, (21.42)
=t
where A; = {® : X(®w) = x;}. Notice that the random variable X generates a
partition Dx = {A1,Az,...,A;}.
Now the conditional expectation of X with respect to a partition & of Q is
given as

!
E(X|2)=Y x;P(A;|2). (21.43)
j=1

Hence, E(X|2)(;) is the expected value of X conditional on the event
{© € Djw)) }-
Suppose that 2 and 2’ are two partitions of Q. We say that 2’ is finer than 2
if o7 (9) C o/ (') and denote this as < 7.
If 9 is a partition of Q and Y is a discrete random variable defined on Q, then
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Y is Z-measurable if Py < 2, i.e., if the partition ¥ is finer than the partition
induced by Y. It simply means that Y takes constant values y; on the atoms D;
of 2,s0Y canbe written as Y =", y;Ip,, where some y; may be equal. Note
that a random variable Y is Z-measurable if Y has a degenerate distribution,
i.e., it takes a constant value on all ® € Q. Also, trivially, the random variable
Y is Yy-measurable.

Note that if 2’ is finer than 2 then

E(EX | 2') | 2)=EX | 2). (21.44)
Indeed, if ® € Q then
EEX |2 2)(0) =
_ i P(o") P(’)
=5 L X | B

w’eDi(w) CONED;(LU/) i(w,)

P(w')
— Z X((D”)P((D”) Z
@"€Dy,) w,eD;(w’/) (D;(w/)) HJ)(Dz(w))
P(w)
— Z X((J)”)P(U)”) Z
®" €Dy, W€D ( ;(a)”)) IED(Dl(w))
1"
= X(o" )Lw )
@"€Dy,) HD(Di(co))
=EX | 2) (o).

Note that despite all the algebra, (21.44) just boils down to saying that the
properly weighted average of averages is just the average.

Finally, suppose a partition & of Q is induced by a sequence of random vari-
ables {Y1,Y>,...,Y,}. We denote such partition as Zy, y, ... y,. Then the atoms
of this partition are defined as

Dy1-,y27---,yn = {(D : Yl(a)) :yleQ(w) =Y2,-- '7Y1’l(w) :yn}7

where the y; range over all possible values of the Y;’s. %, v, ..y, is then the
coarsest partition such that Y,Y>,...,Y, are all constant over the atoms of the
partition. For convenience, we simply write

E(X|Y1,Y2,...,Y,), instead of E(X|%y, v,....¥,)-

Now we are ready to introduce an important class of dependent random vari-
ables called martingales.
Let (Q,.%#,P) be a finite probability space and Zp < 21 < Db < ... < D, = D*
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be a nested sequence of partitions of Q (a filtration of Q), where % is a trivial
partition, while 2* stands for the discrete partition (i.e., 27/ (%p) = {0,Q},
while o7 (7*) = 2% = 7).

A sequence of random variables Xy, X1,...,X, is called (a) a martingale, (b)
a super-martingale, (c) a sub-martingale, with respect to the partition 7 <
DN=<D<...%9,=9"if

X is Y-measurable
and
(a) E(Xk+1|.@k):Xk k:0,1,...,n71.

b)) EXpp1 | Zk) <Xx k=0,1,...,n— 1L
(©) E(X/H—l |@k) >Xy k=0,1,...,n—1

If the partition Z of Q is generated by a sequence of random variables Y1,. .., Y,
then the sequence X, ...,X, is called a martingale with respect to the sequence
Y1,...,Y,. In particular, when ¥ = Xi,...,Y, = X,, i.e., when & = Zx, . x,,
then we simply say that X is a martingale with respect to itself. Observe also
that EX; = EX| = Xp, for every k. Analogous statements hold for super- and
sub-martingales.

Martingales are ubiquitous, we can obtain a martingale from essentially any
random variable. Let Z = Z(Y},Y>,...,Y,) be a random variable defined on the
random variables Y1,Y>,...,Y,. The sequence of random variables

Xk:E(Z|Y1,Y2,...,Yk), k:O,l,...Jl
is called the Doob Martingale of Z.

Theorem 21.14 We have (i) Xo = EZ, (ii) X, = Z and (iii) the sequence
X0,X1,-..,X, is a martingale with respect to (the partition defined by) Y1,Y>,...,Y,.

Proof Only (iii) needs to be explicitly checked.
E(X | Yi,.... o) =E(E(Z | ¥i,....Yo) | Vi, Yeo)
=E(Z|1,....Y1)
=Xi—1-
Here the second equality comes from (21.44). O

We next show how one can define the so called, vertex and edge exposure
martingales, on the space of random graphs. Consider the binomial random
graph G, . Let us view G, ,, as a vector of random variables (I, 5, ... ,I(g)),

where ; is the indicator of the event that the ith edge is present, with P(I; =
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1) =pand P(; =0) = 1—p for i = 1,2,...,(5). These random variables
are independent of each other. Hence, in this case, Q consists of all (0,1)-
sequences of length ().
Now given any graph invariant (a random variable) X : Q — R, (for example,
the chromatic number, the number of vertices of given degree, the size of the
largest clique, etc.), we will define a martingale generated by X and certain
sequences of partitions of Q.
Let the random variables I, 1, ..., ®) be listed in a lexicographic order. De-
fine %9 < 91 < Dr < ... < D, = P* in the following way: Z is the partition
of Q induced by the sequence of random variables 1,...,1I )’ and 2 is the
trivial partition. Finally, fork=1,... n,

X, = E(X | -@k) = E(X ‘ 9117[27,_,7]
Hence, X is the conditional expectation of X, given that we “uncovered” the
set of edges induced by the first k vertices of our random graph G, ,. A martin-
gale determined through such a sequence of nested partitions is called a vertex
exposure martingale.

An edge exposure martingale is defined in a similar way. The martingale se-
quence is defined as follows

X =EX | Z%) =EX | 21 pb....1.)

where k=1,2,..., (;) i.e., we uncover the edges of G, , one by one.
We next give upper bounds for both the lower and upper tails of the probability
distributions of certain classes of martingales.

Theorem 21.15 (Azuma-Hoeffding bound) Ler {X;}{ be a sequence of ran-
dom variables such that | Xy — X;_1| < ¢, k=1,...,n and Xy is constant.

(a) If {Xi}§ is a super-martingale then for all t > 0 we have

2
P(X,>Xyg+1) < —_ 5,
% 2 0+)exp{ 22?1%'2}

(b) If {Xk}§ is a sub-martingale then for all t > 0 we have

2
t

PX,<Xy—1)<e —_ 5.

Kn<Xo—1) < Xp{ 22?_101‘2}

(c) If {Xx}{ is a martingale then for all t > 0 we have

2
(x>0 <ama =)
" 22;:101'2
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Proof We only need to prove (a), since (b), (c) will then follow easily, since
{Xi}{ is a sub-martingale iff —{X;}{ is a super-martingale and {X;}{ is a
martingale iff it is a super-martingale and a sub-martingale.

Define the martingale difference sequence by Y1 = 0 and

Yo=Xx—X1 , k=1,...,n.
Then

Z yk Xn — n

and
E(Yet1 | Yo, Y1,..., %) <O. (21.45)

Let A > 0. Then

by Markov’s inequality.
Note that e** is a convex function of x, and since —c¢; <Y; <c;, we have

A 1—§/Cie—zq+ 1+§i/cielc,'

cosh(Aes) + 2 sinh(Acy).
¢i

It follows from (21.45) that

E(eM" | Yo, Y1,...,Y,_1) < cosh(Ac,). (21.46)
‘We then see that

o)
:]E(IE(”"|Y07Y1’ i) x (P{ }>>

L
< cosh(Ac,)E (exp{ }) < H cosh(A¢;).

The expectation in the middle term is over Yy, Y1,...,Y,_ and the last inequal-
ity follows by induction on 7.

=
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By the above equality and the Taylor expansion, we get

n (A
HMP(X, — Xy > 1) < [Jcosh(Ac:) H Z C’
i=1 i=1m=0
Ty (Aai) Loy 2
ngz::o S exp{zl l;cl
Putting A =t/ Y., ¢ we arrive at the theorem. O

We end by descrlblng a simple situation where we can apply these inequalities.

Lemma 21.16 (McDiarmid’s Inequality) LetZ =Z(W;,Wa,...,W,) be a ran-
dom variable that depends on n independent random variables Wi , Wy, ... W,
Suppose that

ZWy,. o Wiy W) —Z(Wh,. . W

1y

Wn)| S Ci

foralli=1,2,....nand W;,Ws,...,.W,,W/. Then for all t > 0 we have

2
P(Z>EZ+1) < exp{} ,
2Y0 2
and
( ) .
PZ<EZ-t §exp{}.
2% ¢
Proof We consider the martingale
X =Xe(W1 , Wa, ..., W) =E(Z | W, Wy, ..., W).
Then
Xo=EZand X, =Z.

We only have to show that the martingale differences Y, = X; — X;_| are
bounded. But,

IXe (Wi, s Wi) = X1 (W, Wi )|
< Z ZWi,. o Wy W) —Z(Wh,y e W W)

n
xP(W,) ] BPW)
i=k+1
n
aPW) ] BW)
W]\{,Wk+1,..,,Wn l:k+1

IN
™

= Ck-
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21.8 Talagrand’s Inequality

In this section we describe a concentration inequality that is due to Talagrand
[703] that has proved to be very useful. It can often overcome the following
problem with using Theorems 21.15, 21.16: If EX,, = O(n'/?) then the bounds
they give are weak. Our treatment is a re-arrangement of the treatment in Alon
and Spencer [30].

Let Q = [T, ;, where each Q; is a probability space and  has the product
measure. Let A C Q and let x = (x1,x2,...,X,) € Q.

For o = (a1, o, ..., o) we let

d =i 5
a(A.x) = inf '_Z o;
iy

Then we define

p(AaX) = sup dOt(Avx)v

o =1

where || denotes the Euclidean norm, (of +- -+ o;2)'/2.

We then define, for r > 0,
A ={xeQ:p(A,x)<t}.

The following theorem is due to Talagrand [703]:

Theorem 21.17
P(A)(1—P(A,)) <e /4.

Theorem 21.17 follows from
Lemma 21.18
1, 1
—p-(A dx < ——.
/QCXP{4P ( ,X)} XS5
Proof Indeed, fix A and consider X = p(A,x). Then,
1—P(A) =P(X > 1) =P(X/* > /) <E(X/)e /4,
The lemma states that E(eXz/ 4 < BA) O
The following alternative description of p is important. Let
U(A,x) ={s€{0,1}":Jy € A s.t. 5; = 0 implies x; = y; }
and let V(A,x) be the convex hull of U(A,x). Then
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Lemma 21.19

Ax)= mi .
p(A,x) VG%{X)WI

Here |v| denotes the Euclidean norm of v. We leave the proof of this lemma as
a simple exercise in convex analysis.
We now give the proof of Lemma 21.18.

Proof We use induction on the dimension . Forn = 1,p(A,x) = 1,44 so that

1 1
Jee{ o2 | =ra) - pane < o

which follows from u+ (1 —u)e'/* <u~' for0 <u < 1.
Assume the result for n. Write ¥ =[], Q; sothat Q =¥ x Q,, ;. Anyz € Q
can be written uniquely as z = (x, ®) where x € ¥ and ® € Q,,;. Set

B={xc¥: (x,w) € A for some ® € Q,;1}
and for @ € Q,, 1 set
Ap={xeV¥:(x,0) €A}.
Then
scU(B,x) = (s,1) eU(A, (x,m)).
teU(Ap,x) = (t,0) e U(A, (x, ®)).

If s € V(B,x) and t € V(Ay,x) then (s,1) and (t,0) are both in V(A, (x,®))
and hence for any 4 € [0, 1],

(1—=A)s+At,1—2) € V(A,(x,0)).
Then,
PHA, (%,0)) < (1—=2)* +|(1=A)s+At]2 < (1—=2A)2+ (1= A)|s|* + A[t]?,

where the second inequality uses the convexity of | -|?.
Selecting, s,t with minimal norms yields the critical inequality,

pz(A7 (X7 CO)) < (1 _2')2 +7LP2(AwaX) + (1 —l)pz(B,X).

Now fix w and bound,

.LJ"" { %Pz(f" (x, w))} <
TR ey )
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By Holder’s inequality this is at most

([ oflnen)) ([ o imm)

which by induction is at most
Qa1 L -ay2/4,-2
P(4o): BB P(B)
where r =P(A4,)/P(B) < 1.
Using calculus, we minimise (1=2)2/4,=2 by choosing A = 1 + 2logr for
¢~1/2 < r <1, 2 = 0 otherwise. Further calculation shows that e(1=4)*/4,~% <
2 — r for this value of A. Thus,

Lovfrunan) (e 55)

We integrate over @ to give

o feveo e ean <

1 1
2— 2—
2w (2 5ea)) ~ e~
where x = P(A)/P(B) < 1. But x(2 — x) < 1, completing the induction and
hence the theorem. O
We call h: Q — R Lipschitz if |h(x) — h(y)| < 1 whenever x,y differ in at most

one coordinate.

Definition 21.20 Let f: N — N. & is f-certifiable if whenever h(x) > s then
there exists 7 C [n] with || < f(s) so that if y € Q agrees with x on coordinates
I then h(y) > s

Theorem 21.21 Suppose that h is Lipschitz and f-certifiable. Then if X =
h(x) for x € Q, then for all b and for all t > 0,

P(X <b—1/f(B))P(X > b) <e /4.

Proof Set A = {x Th(x) < bft\/f(b)}. Now suppose that h(y) > b. We
claim that y ¢ A;. Let I be a set of indices of size at most f(b) that certifies
h(y) > b as given above. Define o; = 0 when i ¢ I and o; = |I|~'/? when
i € 1. Using Lemma 21.19 we see that if y € A; then there exists a z € A that
differs from y in at most ¢|1|'/2 < ¢,/ f(b) coordinates of 1, though at arbitrary
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coordinates outside I. Let y' agree with y on I and agree with z outside /. By
the certification h(y’) > b. Now y’, z differ in at most #1/f(b) coordinates and
s0, by Lipschitz,

hz) > h(y") =t/ f(b) > b—1:/f(D),

but then z ¢ A, a contradiction. So, P(X > b) < 1 —P(A4,) and from Theorem
21.17,

P(X < b—1y/f(b))P(X >b) < e /4,

As the RHS is continuous in #, we may replace “<” by “<” giving Theorem
21.21. O

21.9 Dominance

We say that a random variable X stochastically dominates a random variable Y
if
P(X >t)>P(Y >t) forallrealz.

There are many cases when we want to use our inequalities to bound the upper
tail of some random variable Y and (i) Y does not satisfy the necessary condi-
tions to apply the relevant inequality, but (ii) ¥ is dominated by some random
variable X that does. Clearly, we can use X as a surrogate for Y.

The following case arises quite often. Suppose thatY =Y + Y, +---+7Y), where
0<Y;<1fori=1,2,...,n Suppose that ¥1,Y>,...,Y, are not independent,
but instead we have

P(Yl ZI|Y1,Y2,,Y;_1) S]:P(Xl Zt)

where ¢ > 0 and X; is a random variable taking values in [0, 1]. Let X = X; +
.-+ 4+ X, where X1,X3,...,X, are independent of each other and Y1,Y>,...,Y,.
Then we have

Lemma 21.22 X stochastically dominates Y.

Proof Let X1 =X;+---+X; and y® =Y1+---+Yfori=1,2,....,.n. We
will show by induction that X () dominates ¥ for i = 1,2,...,n. This is triv-
ially true for i = 1 and for i > 1 we have

PYO > ¥ Yi) =P¥>t— Y+ +Y1) | V... Yi)

PX;>t—Y+-+Y 1) [ Y1....Y;1).

IN

Removing the conditioning we have
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POy > <P >r—x) <PXUD>1-X)=Px" >1)

)

where the seond inequality follows by induction. O



22
Differential Equations Method

Let D C R? be open and bounded and connected. Consider a general random
process

X(0),X(1),....X(1),....X(n) € Z.

n
Let H,; denote the history X(0),X(1),...,X(¢) of the process to time z. Let Tp
be the stopping time which is the minimum 7 such that (¢/n, X (¢)/n) ¢ D. We
further assume

where X (0) is fixed and (0, Xw)) eD.

(P1) |X(1)] < Con, ¥t < Tp, where Cy is a constant.
(P2) X(t+1)—X®)| <B=P(n)>1, vt <Tp.
(P3)  |EX(t+1)—X©)|H,, &) — f(t/n,X(t)/n)| < Ao,Vt < Tp.  Here
& is some likely event that holds with probability at least
1—7.

(P4) f(z,x) is continuous and satisfies a Lipschitz condition

|f<tax) _f(t/vx/” < L|‘(t7x) - (t/7x)/H°°

for (t,x),(t',.x') e DN{(t,x):t >0}

Theorem 22.1 Suppose that

3
ﬂoglzo(l)anda:nli>>l.

o =inf{7: (7,2(7)) &€ Do = {(t,z) € D : I~ distance of (t,z) from
the boundary of D > 2A}}

Let z(7), 0 < T < 0 be the unique solution to the differential equation

7 (1) = f(1,2(7)) (22.1)
() =% 20) (222)

Then,
X(t) =nz(t/n)+O(An),
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uniformly in 0 <t < on, with probability 1 — O(y+ Be %/A).

Proof The 7 in the probability of success will be handled by conditioning on

&. Now let
o {nl—‘
5|
We study the difference X (f + @) — X (¢). Assume that (¢/n,X (t)/n) € Dy. For

0 <k < o we have from (P2) that

KB o,
n

‘X(Hrk) X(1)

n n

555 -G)

and so (ﬂ M) isin D.

SO

<247,

Therefore, using (P3),

EX(t+k+1)—X(t+k)|Hk, &) =

f<t+k7X(t+k)>+6k:
n n

f<ta)((t))+9k+w1(
n n

t X(t
f <7 ( )> +pa
n’ n
where |p| < 2LA, since |6 < A (by (P3)) and |y | < % (by (P4)).
Now, given H;, let

X(t+k)—X(1) —kf (5&’)) kLA &

Zi = n .
0 —&
Then
E(Zkt1 — Zil 20,21, - - -, Zi) <0,
ie., Zo,Z1,...,Zy is a super-martingale.
Also

|Z 1 — Zi| Sﬁ-l—’f(t X’(:)N-&-ZUL < KoB,

)
n
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where Ko = O(1), since f ( X(t)) = O(1) by continuity and boundedness of

n’ n
D. So, using Theorem 21.15 we see that conditional on H;, &,

P (x(r o) —X(1) — of(t/n,X () /n) > 2LoOA +KOB\/2aa)>

2K3B2aw a

Similarly,
P(X(1+0) = X(1) = @f(t/n,X(1)/n) < ~2LoA — Kofv200)
<e % (22.4)
Thus
P(IX(t+ @) =X (1) = 0f (t/n, X (1) [n)] = 2LwA + Ko V200 )
<2e %

We have that @A and /20 are both ®(nA?/B) giving

2
2LoA + Ky V2am < K| ng’

Now letk; =iw fori =0,1,...,ip = |on/®]. We will show by induction that

P(3j <i:|X(k;)—z(k;/n)n| > B}) < 2ie™ %, (22.5)

j+
Bj:B<<1—|—Lw> _1> ”ZL (22.6)

and where B is another constant.

The induction begins with z(0) = @ and By = 0. Note that

Be®L),

S n
L

where

= O(An).
Now write

| (kiv1) —z(kip1 /n)n| = |A1 + A2+ A3 + A4,
=X (ki) —z(ki/n)n,

=X(kit1) — X (ki) — o f(ki/n, X (k) /n),
= o7/ (ki/n) +z(ki/n)n — z(kiv1 /n)n,
of(ki/n,X (ki) /n) — o7 (ki/n).



Differential Equations Method 427

‘We now bound each of these terms individually.
Our induction gives that with probability at most 2ie™%,

|A1| < B;.
Equations (22.3) and (22.4) give
ni?
|A2| <K, B
with probability 1 —2e~ 7.
As = o7 (ki/n) +z(ki/n)n — z(kip1 /n)n
Now

<lkisr /) =2lbi/m) = 2 (kifn+ )

for some 0 < @ < @ and so (P4) implies that

. ? nA?
Al = 012 b/ n+ 0/n) ~ 2l /n-+ /)] < L= < 20"

Finally, (P4) gives

Thus for some B > 0,

Bit1 < A1 +|Az| + |A3] 4 |As]

oL A?
< <1 n ) Byt Bn’
n B
A little bit of algebra verifies (22.5) and (22.6).
Finally consider k; <t < k;j;.1. From “time” k; to ¢ the change in X and nz is at

most @3 = O(nk). O

Remark 22.2 The above proof generalises easily to the case where
X (¢) is replaced by X (¢),X2(¢),...,X,(t) where a = O(1).

The earliest mention of differential equations with respect to random graphs
was in the paper by Karp and Sipser [476]. The paper by Ruciriski and Wormald
[660] was also influential. See Wormald [730] for an extensive survey on the
differential equations method.
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Branching Processes

In the Galton-Watson branching process, we start with a single particle com-
prising generation 0. In general, the nth generation consists of Z, particles and
each member x of this generation independently gives rise to a random num-
ber X of descendants in generation n+ 1. In the book we need the following
theorem about the probability that the process continues indefinitely: Let

pr=PX =k), k=0,1,2,....
Let
G(z) = Zpkzk
k=0

be the probability generating function (p.g..f.) of X. Let y = EX. Let
n :]P’<U {Zn:O}> (23.1)
n>0

be the probability of ultimate extinction of the process.

Theorem 23.1 1) is the smallest non-negative root to the equation G(s) = s.
Heren=1ifu <1.

Proof If G,(z) is the p.g.f. of Z,, then G, (z) = G(G,—1(z)). This follows from
the fact that Z,, is the sum of Z,,_; independent copies of G. Let 1, =P(Z, =0).
Then

M = Gy(0) = G(G,—1(0)) = G(Mu—1).

It follows from (23.1) that 1), ,* 1. Let y be any other non-negative solution
to G(s) = s. We have

n =G(0) <G(y)=y.

Now assume inductively that 1, < y for some n > 1. Then

M1 = G(Nn) <G(y) = .
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Entropy

24.1 Basic Notions

Entropy is a useful tool in many areas. The entropy we talk about here was
introduced by Shannon in [681]. We need some results on entropy in Chapter
13. We collect them here for convenience. For more on the subject we refer
the reader to Cover and Thomas [227], or Gray [382] or Martin and England
[572].

Let X be a random variable taking values in a finite set Ry. Let p(x) =P(X =x)
for x € Ry. Then the entropy of X is given by

— Y p(x)logp(x)
XERy

We have a choice for the base of the logarithm here. We use the natural loga-
rithm, for use in Chapter 13.

Note that if X is chosen uniformly from Ry, i.e. P(X = x) = 1/|Rx| for all
X € Ry then then

log |Rx |

|Rx|

hX)= Y

XERY

=log|Rx|.

We will see later that the uniform distribution maximises entropy.
If Y is another random variable with a finite range then we define the condi-
tional entropy

WX |Y)= Y pOh(x,) ==Y p(x,y)log 2 pxy) (24.1)
yeRy xy p(y)

where X, is the random variable with P(X, =x) = P(X =x|Y =y). Here

p(y) = P(Y =y). The summation is over y such that p(y) > 0. We will use

notation like this from now on, without comment.

Chain Rule:

Lemma 24.1

X1, Xa,. .. Xm) =Y WX | X1,X2,..., Xi—1)- (24.2)

on

Il
—_

L
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Proof This follows by induction on m, once we have verified it for m = 2.
For then

ll(Xl,Xz,.... m)—h(Xl X0, Xim— 1)—|—h( ,H|X1,X2 ..... X 1)
Now,
h(Xy | X1) ==Y p( xhxz)logM
X1,X2 p('xl)
==Y plxi,x)logp(xi,x)+ Y plxi,x2)logp(x)
X142 X142

=h(X1,X2)+ Y p(x1)log p(x1)

X1

= h(X] ,Xz)fh(Xl )

O
Inequalities:
Entropy is a measure of uncertainty and so we should not be surprised to learn
that 2(X | Y) < h(X) for all random variables X,Y — here conditioning on Y
represents providing information. Our goal is to prove this and a little more.
Let p, g be probability measures on the finite set X. We define the
Kullback-Liebler distance

px)
D(pllq) plx
xé )
where A = {x: p(x) > 0}.
Lemma 24.2
D(pllq) >0

with equality iff p = q.

Proof Let
q(x)
x)1
D(pllq) erAp ng(x)

q(x)
<1 = 24.3
< ogxgp( o0 (24.3)
=logl
=0.

Inequality (24.3) follows from Jensen’s inequality and the fact that log is a
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concave function. Because log is strictly concave, will have equality in (24.3)
iff p=gq. O
It follows from this that

h(X) < log|Ry]. (24.4)

Indeed, let u denote the uniform distribution over Ry i.e. u(x) = 1/|Rx|. Then

0< D(pll) = X pl)(logp(x) +log|R]) = ~h(X) +log Ry .

We can now show that conditioning does not increase entropy.

Lemma 24.3  For random variables X ,Y,Z,
X |Y,Z)<h(X]|Y).
Taking Z to be a constant e.g. Z = 1 with probability one, we see

h(X | Y) < h(X).

Proof
h(X | Y)—h(X |Y,Z)

:—;p()ﬁy)l()gppf)(c;))}) +Zp(_x,y7 )10g ( X,0,2 )

o p(»,2)
plx,y

v v 2 log P92
=-Y n( ,y,Z)lgp(y) + ) plxy,2)log p(,2)

RV X2

Y ix Px,2)p(y)
a X,Zy,:zp( .2)log p(x,y)p(.2)

= D(pxy:|lp(x,y)p(3,2)/P())
>0.

Note that ¥, ;. p(x,¥)p(y,2)/p(y) = 1. =

Working through the above proof we see that h(X) = h(X | Z) iff p(x,z) =
p(x)p(z) for all x,z, i.e. iff X, Z are independent.

24.2 Shearer’s Lemma

The original proof is from Chung, Frankl, Graham and Shearer [180]. The
following proof is from Radakrishnan [639].
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Lemma 244 Let X = (X1,Xa,...,Xy) be a (vector) random variable and
of ={A;: i €I} be a collection of subsets of a set B, where |B| = N, such
that each element of B appears in at least k members of <. For A C B, let

XA = (Xj . ] EA). Then,
1
hX) < 7 Y h(Xa,).
il
Proof We have, from Lemma 24.1 that
h(X) =Y h(X;| X1, Xa,.... Xj-1)
j€B
and
h(Xa) =Y h(Xj| Xo, €Al < ).
JEA;
We sum (24.6) for all i € 1. Then
Y n(Xa) =YY h(X; | X, £ €Al < j)
iel i€l jeA;
=Y Y nX; X teA <))
JEBA;>j
> Y Y X | X1, X, X 0)
JEBA;D]
>kY h(X;| X1, X, X 1)
JjeB
= kh(X).

(24.5)

(24.6)

(24.7)
(24.8)
(24.9)

(24.10)

Here we obtain (24.8) from (24.7) by applying Lemma 24.3. We obtain (24.9)
from (24.8) and the fact that each j € B appears in at least k A;’s. We then

obtain (24.10) by using (24.5).

O
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