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N | set of positive integers 1,2, ....
Z4 | set of non-negative integers 0,1,2,.. ..
Ry | set of non-negative real numbers [0, 00).
(X) | set of probability measures on X.
set of locally finite graphs on the vertex set V.

&a v
S

(V') | set of locally finite multigraphs on the vertex set V.
G, | set of equivalence classes of locally finite connected rooted graphs.
G. | set of equivalence classes of locally finite connected rooted multigraphs.
|S| | cardinal of a finite set S.
fn ~ | the sequence (pn),, tends weakly to p for continuous bounded functions.
X ~ i | the random variable X follows the law pu.
L(X) | the law of random variable X (i.e. X i L(X)).

X, % X | the sequence of random variables (X,,),, converges in distribution to X (i.e. £(X,) ~ £L(X)).
dg(u,v) | the graph distance between u and v, with u,v € Vg
Bg(u,t) | the set of vertices of Viz at graph distance at most ¢ from u € V.




Chapter 1

Models of random graphs

1.1 Some graph terminology

We start with elementary definitions that will be used throughout these notes. Let V be a
countable set, and let E be a set of distinct pairs of elements in V. We call an element in V a
vertez and an element in the image of E an edge. The sets V and E define a graph G = (V, E).
In graph theory, this would rather be called a labeled simple graph but we will stick here to
'graph’. If E' is a multi-set of non-necessarily distinct pairs of elements of V', the pair (V| E) is
called a multi-graph.

In a multi-graph a loop is an edge e € E such that for some vertex v € V, e = {v,v}. An
edge e € F is said to be multiple if e has cardinality larger than 1 in E. Note that a graph is a
multigraph with no loop nor multiple edge.

A network or weighted graph G = (V,E,w) is a graph (V, E) together with a complete
separable metric space () called the mark space and a map w from V U E to €. Images in (2
are called marks. Note that a multigraph is a network with marks on Q@ = N = {1,2,---}. For
e = {u,v} € E, w(e) is the number of edges between u and v while w(v) counts the number of
loops on v.

The degree of a vertex v € V, deg(v) or deg(v; G) is the number of edges incident to v
with loops counting twice. A (multi)graph is regular if all vertices have the same degree. if A
(multi)graph is locally finite if the degree of each vertex is finite. A (multi)graph is finite if the
sets V and E are finite.

We will denote by G(V') and @(V) the set of locally finite graphs and multigraphs on the
vertex set V. If the vertex set is [n] = {1,--- ,n} for some integer n, then we will simply write
G(n) and G(n) in place of G([n]) and G([n]).

For W C V', we denote by GNW the restriction of G to vertex set W: an edge e = {u,v} € £
isin GNW if w and v are in W. Similarly, G\W is GN (V\W). We say that G’ = (V' E’) is a
subgraph of G if V! C V and E' C E.
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The symmetric group Sy of V' acts naturally on the network: the image of an edge being
the pair of the image of its adjacent vertices. The (vertex)-automorphism group of a network G,
Aut(G), is the subgroup of Sy that leaves the graph invariant. More generally, a bijective map
from V to V' defines a network isomorphism. Then if G = (V,E) and G' = (V', E’) are two
networks with common mark space Q, we say that G’ and G are isomorphic if G’ is the image of
G by a network isomorphism. Network isomorphisms define an equivalence relation denoted by
”?~” In graph theory, an equivalence class of simple graphs is called an unlabeled graph. Note
that if G ~ G’ then |Aut(G)| = |Aut(G")|.

For a multi-graphs, there is also a notion of edge-automorphism group. Let G = (V, E) with
a finite number m of edges, loops counting for two edges. Index its edges in an arbitrary manner
from 1 to m, loops being indexed as a set of two indices. We then obtain a network G with
marks on edge {u, v} equal to the set of indices of the edges {u, v}, and marks on vertex u equal
to the set of pairs of indices of loops on u. The permutation group S, acts on the network G
by assigning on edge {u,v} the image by the permutation of the marks. We may then define
the edge-automorphism group of H as the group of permutations on the indices that keeps H
invariant. We denote by b the cardinal of this group. If G is a graph then b = 1. More generally,
if w(v) is the number of loops attached to v and for and w(e) is the multiplicity of e, we have,

b= []@Ww)) []w(e).

veV eckE

Let £ > 1 be an integer. A path 7 of length ¢ from u to v in G is a sequence (ug,- - ,uy)
of vertices in V such that ug = u, ug = v and for i = 1--- ¢, {uj—1,u;} € E. A (multi)graph
is connected if for any u,v in V there exists a path from u to v. A cycle (ug,--- ,uy) is a path
from w to u such that for 0 <i # j </ —1, u; # uj. A treeis a connected graph without cycle.
A forest is a graph without cycle.

We define the excess as
exc(GQ) = |E| —|V].

Lemma 1.1 (Excess and trees) If G is a connected (multi)graph, then
exc(G) > —1.

Moreover, G is a tree if and only if exc(G) = —1.

Proof.  Let u € V be a distinguished vertex and consider for all v € V\{u} a shortest path
{ug(v),u1(v),- -+ ,ug,(v)} from v to u : ug(v) = v, ug, (v) = u. Define the mapping ¢ from
V\{u} to E by setting o(v) = {v,ui(v)}. Since the paths are the shortest possible, o is an
injection, and it follows that |V\{u}| < |E|. In the case of equality |[V\{u}| = |E|, o is a
bijection and it is easy to check that G is a tree. O

Exercise 1.2 Let k > 3 be an integer and G = ([k], {{1,2},---{k — 1,k},{k,1}}) be a cycle of
length k. Show that |Aut(G)| = 2k.
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Exercise 1.3 Let G', G be two finite graphs. Assume that G’ C G and G connected. Show that
exc(G') < exc(G). (Hint : adapt the proof of lemma 1.1 by considering shortest paths from
v € Ve\Vgr to Vi ).

1.2 Erdoés-Rényi random graph

Let p be a positive real and n an positive integer, the Erdés-Rényi random graph G(n,p) is
a probability distribution on G(n) such that each of the n(n — 1)/2 possible edge is present
independently and with probability min(p,1). In other words, if G is a random graph with
distribution G(n,p), 0 < p <1, and H is a graph with n vertices and m edges then

n(n—1)

P({H}) = P(G = H) = p™(1 —p) "5, (1.1)

In particular, G(n, 1/2) is the uniform measure on G(n). It is important to point out that random
graph G is homogeneous : for any permutation oin§,, o(G) and G have the same distribution
(in other words G is exchangeable).

The distribution of deg(1;G) is a Binomial distribution with parameter n — 1 and p. In
particular, the average degree of vertex 1 is

Edeg(1;G) = (n — 1)p.

In these notes, we will mainly study the asymptotic properties of random graphs with uniformly
bounded average degrees. We will thus be mainly interested by the probability distribution
G(n,A\/n) with A € R*. In this case, deg(1; @) is a Binomial distribution with parameter n — 1
and A/n. It follows for all integer k

P(deg(1;G) = k) = (Z) <2>k (1_ 2>nk

As n goes to infinity, this converges to e *A\*/k!. In other words, we retrieve the well known fact
that the Binomial distribution with parameter n and \/n converges to a Poisson distribution
with parameter \.

The distribution G(n,p) was first introduced by Gilbert (1959). It owes its name to an
independent celebrated paper of Erdés and Rényi (1959) who had defined the random graph on
n vertices and m uniformly distributed edges. The books Bollobas (2001), Janson, Luczak, and
Rucinski (2000) cover a good part of the known properties of this random graph. For a more
probabilistic treatment, we refer to Durrett (2007) and van der Hofstad (2012).
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1.3 Uniform graph with given degree sequence

1.3.1 Definition

Let d = (di,--- ,dn) € Z7 be a sequence of non-negative integers. We say that d is graphic if
G(d), the set of graphs G on [n] such that for all i € [n], deg(i; G) = d;, is not empty. If d is
graphic, we may then define G(d) as the uniform probability distribution on G(d).

It is not completely obvious how to characterize graphic sequences. This question has been

settled by Erdés and Gallai (1960). Here, we may just notice that if d is graphic then ) ;" | d;
is even (since it is equal to twice the sum of degrees).

An important case isd = (d, - - - , d) for some d > 2. In this case, G(d) is the set of d-regular
graphs on n vertices. If d is graphic, the probability distribution G(d) will be usually denoted
by G(n,d). This probability is called the uniform d-regular graph on n vertices. Uniform regular
graphs are especially interesting structures, for a specific review, see Wormald (1999).

1.3.2 Degree distribution

If G is a graph with degree sequence d = (dy,--- ,dy), the degree distribution of G is defined as
the probability measure on Z
1 n
Py=— 04,
d n ; d;»

where ¢ is the Dirac distribution. Equivalently, Py € P(Z ) is defined for all k € Z, = {0,1,---}
by

n

Pa({k}) = % S 1(d; = k).

i=1
Note that the measure Pyq contains less information than d, the labels of the degrees have been
lost.

In these notes, we will be mainly interested by large graph asymptotics. Let P € P(Zy) and
p € Ri. We will often consider that a sequence d,, = (di(n),--- ,dn(n)),n > 1 satisfies some
the following hypothesis:

(Hp) Pg, converges weakly to P with P({0}) < 1, i.e. for any k € Z,
Tim_ Pa, ({k}) = P({k})

(Hp) Hp holds and, if D(n) and D have law Py, and P,

lim ED(n)? = ED? < oo,

n—o0
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equivalently,
n

Jim S i) = STRP(R)).
i=1 k>0

The probability distribution P will be called the asymptotic distribution of d,,. In the sequel,
we will often use the following lemma.

Lemma 1.4 (Convergence of degree sequence) Let k € N and assume that (Hy) holds.
Let (D1(n),- -, Dg(n)) be a uniformly sampled k-tuple without replacement on d,, = (di(n), - ,dp(n)).
Then, we have the convergence in distribution,

(Di(n),--- Di(m)) % (Du.--- D),
where (D1, -+, Dy) are i.i.d. with law P, i.e. for any subset A C Z%,

lim P ((Dy(n), - Dy(n)) € A) = P((D1,- -~ , Dy) € A).

n—oo

Assume further that (Hp) holds for some p € N, then, for any real 0 < p; < p, 1 < <k, we

have
k

k
1 Pe — Pe
lim EH Dy(n)Pt = HED .

Proof. The first statement can be proved with a simple coupling argument. Let (i1, - , i)
be i.i.d. variables uniformly distributed on [n] and o be an independent uniformly sampled
injection from [k] to [n]. Then (d;(n),---,d; (n)) are iid. variables with law Pg, and
(dy(1y(n),- -+ ;dyy(n)) has the same law than (D1(n),---, Dg(n)). Moreover, conditioned on
the event E that (iq,--- ,ix) are all distinct, (i1, - ,ix) has the same law than (o(1),---,0(k)).
This event E has probability equal to

(n)y =n(n—1)---(n—k+1). The above probability goes to 1 as n goes to infinity. We deduce
for any event A that

[P ((D1(n), -+, Dr(n)) € A) = P((diy (n), -, di (n)) € A)
< [P ((dory(n), -+ dowy(n)) € ANE) =P ((diy(n), -~ , Dy (n)) € AN E)| + P(E)
= P(E°)

Now, (Hp) implies that P((d;, (n),--- ,d;. (n)) € A) converges to P((Dy,--- ,Dy) € A). We have
proved the first statement.



14 CHAPTER 1. MODELS OF RANDOM GRAPHS

The second statement requires a little more care. With the above notation, we have

k k
e[dmp = o S [Tyt
/=1

T:[k]—[n] £=1

k k
(n)k 1
= p E]] D) + 5 N | EAT O
=1 * (=1
where the last sum is over all maps 7 : [k] — [n] which are not injective. We set

M(n) = max(dy(n), - ,dp(n)).

Since the image of such map 7 has cardinal at most k — 1, it follows that

k » k—1
%Zﬂdrm(”)” = Min) nklfl > Iy
* (=1 1<iy, yig_1<n =1
My (1 k—1
n
= it ()P
M (n)?

= — (ED(n)P)* 1,

Now, from lemma 1.5, we have
M(n)? = o(n).

It remains to use assumption (H)) to conclude the proof. O

Lemma 1.5 (Bound of max degree) Assume that (Hp) holds for some p € N, then,

lim n~ VP max(dy(n), -, dy(n)) = 0.

Proof.  Define M(n) = max(di(n),--- ,dy(n)). From (Hy), we have for any t > 0,
Jim E(D(n)1{pm)<n)” = E(DLp<py)”.
Now, from (Hp), lim;—eo E(D1{p<yy)P. = EDP. It yields to
Jim Tim E(D(n)1(pm)>)" = 0.
In particular, for any € > 0, there exists ¢, such that for all n large enough,
E(D(n)1{p@m)>n)’ < €.

However, notice that
M(n)pl{M(n)>t}
n

E(D(n)1{pm)>n)’ >

Hence, either M (n) <t or M(n) < n'/Pe. Letting n tending to infinity and then & to 0 concludes
the proof. O
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1.4 The configuration model

The configuration model was originally introduced in Bollobas (1980) in the context of regular
graphs. More recently, it has drawn a renewed attention after the work Molloy and Reed (1995).
For its relevance for real life networks see Chung and Lu (2006). As above, let d = (dy,--- ,dp)
be a sequence of integers. If > 7" | d; is even then there exists multigraphs with degree sequence
d. It is much simpler to build a probability distribution on @(d), the set of multigraphs on [n]
such that for all i € [n], deg(i; G) = d;.

It is done explicitly as follows. Let A be a finite set with even cardinal. A matching of a
finite set A is an involution of A (i.e. a permutation that is its own inverse) with no fixed point
(i.e. a derangement). Let M (A) be the set of matchings of the set A. If A is even, the number
of matchings is given by

M(A)] = (JA] = 1)(JA] = 3)--- 1= (]A] - D).

Now, for a sequence of integers d = (dy,--- ,d,) we define A = {(i,7) : 1 <i<n,1 <j<d;}.
Let m € M(A), we define the multigraph G(m) on [n] with edge set

E={{i,i'} :m(i,j) = (@', 5, (i,§) € A}.
The set A is thought as the set of half-edges which are matched to form an edge, see figure 3.1.

(RN
N 1 2
1 <(1.2)~~\
ay
2
(

2 ---"
L SCR) I
,\)vll
@n.---"
@y
5@

Figure 1.1: A matching and its corresponding multigraph.

If > | d; is even, then for all i € [n], deg(i; G(m)) = d;. Let o be a random matching of A
drawn uniformly among all matchings. Then, we may define the random multigraph G' = G(o)
on [n]. We denote by G(d) the corresponding probability distribution on G(d), it is called the
configuration model. By construction, if A is a subset of @(n), we have

PG € A) = W(lA)‘me%:(A) 1(G(m) € A). (1.2)

It is possible to compute explicitly the marginal distribution of 3 (d). For a graph
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Lemma 1.6 (Marginal probability of configuration model) Let H € @(d) with b ele-

ments in its edge-automorphism group. Then, if G K é(d),

m o (d;!
HG=H)= M

Lemma 1.6 implies that C?(d) is not the uniform probability distribution on G(d). Note
however that if H € G(d), then H is a graph and n; = 0 for j > 2. In particular, the above
probability is constant on G(d). Hence lemma 1.6 has a beautiful consequence.

Corollary 1.7 (gonﬁguration model restricted to graphs) Ifd is graphic, then the con-
figuration model G(d) conditioned on {G € G(n)}, is G(d), the uniform probability distribution
on G(d).

Proof of lemma 1.6. The map m — G(m) from M(A) to @(d) is surjective (i.e. each
multigraph in G(d) can be obtained by some matching). In view of equation (1.2), we should
prove that

n

S 1Gm) € /) = a7 ()| = b~ [ (). (1.3)

meM(A) i=1
We fix a matching m such that G(m) = H. If m" € M(A) satisfies G(m) =
exists a family of permutations o = (;);efp) such that a; € Sy, and for all (4,

m/ (i, 0i(j)) = (&', awr(§")),

where m(i, j) = (i, j'). Conversely, for any sequence of permutations (;);c[,) such that o; € Sy,
the above identity defines a matching m’ = m, such that G(m,) = G(m).

G(m') then there
j) € A,

Assume first than H € G(d) is a graph. If the permutations (;);c[,) are not all the identity,
we have m # mq. Equivalently, the map a — m,, is a bijection from Sy, x --- Sy to G({H}).
We deduce that any H € G(d) is obtained by []7;(d;!) different matchings of A.

In the general case, if H € G(d), each element m’ € G~'({H}) can be obtained from b
elements of Sy, x-Sy, . Indeed, assume first that H has a multiple edge {7,i'} with multiplicity
k: m(i,je) = (,7y), for 1 < ¢ < k. Then, if o is any permutation on {ji,--- ,ji}, composing «;
by o to get a; 0o leaves the matching unchanged. Similarly, assume that H has k loops at ¢ and
m(i,j1) = (4,52), -+ ,m(t, jok—1) = (i, jor) with jp all distinct. Then, if o is any permutation on
{j1, -+, jr} and if we compose the permutation «; by a product of transpositions of (jos_1 j2¢)
of the form: «; o (jQU(l) j20—(1)—1) 0---0 (j%(k) j%(k)_l), we leave the matching unchanged.

In summary, there are [[)"_,(d;!)/b matchings such that G(m) = H. This proves (1.3). O

We will see in the next chapters that the configuration model G (d) is a convenient probabilis-
tic tool to analyze G(d). As already pointed, we will be mainly interested by degree sequence
d, = (di(n),--- ,dn(n)) of n integers with even sum which satisfies property (Hp).



1.5. CHUNG-LU GRAPH 17
1.5 Chung-Lu graph

Let us mention an inhomogeneous version of the Erdos-Rényi graph, namely the Chung-Lu
graph, see Chung and Lu (2006). Its level of difficulty ranges between the Erdés-Rényi graph
and the configuration model. In these notes it will mostly be used as a source of exercises. Let
A = (N\i)1<i<n be collection of non-negative real numbers. For integer n > 1, let

1Al =3 A
i=1

We assume that ||A|; > 0. We build a graph G on [n] by putting independently the edge {7, j}
with ¢ #£ j, with probability
_ A
ST
We denote the corresponding graph ensemble by G(n,\). The marginal probability is easy to
compute: for any graph H = ([n], E) € G(n), we have

P(G=H)= H (1= pij)lyjrer + Pijlijier) -

1<i<j<n

AT

As usual, we may define the intensity distribution as the empirical measure
1 n
P, =- O, -

It is interesting to consider a sequence of intensities A,, = (A1(n), -+, A\p(n)) such that the
following assumption holds, for p > 0,

(Hj) Py, converges weakly to P € P(Ry), P({0}) < 1.
(H,) Hy holds and, if A(n) and A have law Py and P,
lim EA(n)P = EAP < cc.

n—oo
If the sequence of A = (\;);en is iid with common law A on (0,00), then we shall denote the
distribution of this random graph as G(n,A). In the next chapter, we will see how to compute

the asymptotic degree distribution of a sequence of graphs G, 4 G(n,A,) which satisfy the
above assumption.

Exercise 1.8 Assume that for alli € [n], \i = ¢ > 0. What is then the distribution G(n,\) ?

Exercise 1.9 Assume that for any 1 < i,j < n, N\ < Al If G i G(n,A), check that the

average degree of vertex i € [n] is Edeg(i; G) = ”A‘{l;”_f"' i

Exercise 1.10 Check that (H,) implies that maxj<i<n Ai(n) = o(n/P) and that (Hb) implies
that for all n large enough, any 1 < 1,5 <n, Xi(n)Aj(n) < || A,l1-
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1.6 Dynamic graphs

Of course, there are many models of random graphs besides the above defined models : Erdés-
Rényi graph, uniform graph with given degree sequence or Chung-Lu graphs. In this manuscript,
to keep the exposition clear, we shall restrict to the study ourselves to these 3 models. Roughly
speaking, there are two main ways of defining a random graph. First way: the random graph is
defined for fixed n according to some random connectivity rule (like our 3 models). Second way:
the graph is defined iteratively by a random aggregation rule, the most studied being arguably
the preferential attachment model (introduced in Barabdsi and Albert (1999)), for another
interesting direction, we may mention the Kronecker graphs (refer to Leskovec et al. (2010)).
The focus there is to use a simple aggregation dynamics as an explanation of phenomena in 'real
world’ graphs (e.g. power law degree distribution, clustering, or small world phenomenon).



Chapter 2

Subgraph counts and Poisson
approximation

2.1 Average subgraph counts

2.1.1 Erdsés-Rényi graphs

In this chapter, we will count the number of times a given subgraph appears in a random graph.
More precisely, let G € G(V) and H € G(k) be finite multigraphs on V and [k], with k < |[V|.
We define
X(H;G)= Y 1(F~H),
FcG

where the sum is over all subgraphs of G (of k elements).

If n is a non-negative integer and k a positive integer, we define
(n)g=n(n—-1)---(n—k+1) and (n)=1
Similarly, for n even we define,

(n)g=n—-1)n-3)---(n—2k+1) and (n)=1
If G is an Erdds-Rényi random graph, it is easy to compute the first moment of X.

Proposition 2.1 (Subgraph count in Erdés-Rényi graph) Let1 <k <n, H € G(k) with
m edges and c elements in its automorphism group. If G is a random graph with distribution

G(n,A/n), A <mn, then

EX(H;G) =c '(n) (2) ~onsoo € T AT exe(H),

19
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Proof. By assumption,
1
X(H;G) = - 1(7(H) C G),
(1:6) = L 2 1(7(01) < )
where the sum is over all injective maps from [k] to [n]. There are (n); such injective maps.

Now, if 7 is an injective map from [k] to V, from Equation (1.1),

P(r(H) C G) = <A>m

n

The conclusion follows. O

This lemma implies that the structure of the Erdés-Rényi graph is far from the lattice graph
7%, For example, the lattice graph Z% N [1,m]? on n = m? vertices has subgraphs of any excess
in number of order n. For an Erdds-Rényi graph, the only connected subgraphs in number of
order n are trees. Proposition 2.1 gives the convergence of the average of subgraph counts. We
will also give a deviation inequality for P(|X (H; G) —EX(H;G)| > t) in the forthcoming chapter
3 which will be meaningful when H is a tree.

Corollary 2.2 (Large excess subgraph in Erd6s-Rényi graph) Let k > 4 be an integer
and H be a graph in G(k) with exc(H) > 1. For each n € N, let Gy, be an Erddés-Rényi graph
with distribution G(n, \/n). Then, in probability, X (H;Gy) — 0.

Proof. From Markov inequality P(X(H;Gy) > 1) < EX(H;G,). Then by lemma 2.1 we
have P(X (H;G,) > 1) = O(n~e<(H)), O

As an simple corollary, we also have

Corollary 2.3 (Cycle count in Erd8s-Rényi graph) Let H = ([k], {{1,2},{2,3}, - {k,1}})
be a cycle of length k > 3, we have

2k
lim EX(H;G) = —.
5, BX U G) = o
2.1.2 Configuration model
We now turn to the configuration model. We consider a array of integers (di(n),--- ,dn(n))

satisfying condition (Hp) and such that for all integer n, > ", d;(n) is even. We define the
random variable

pip
Proposition 2.4 (Subgraph count for configuration model) Let 1 < k < n, H € @(k‘)

with m edges and mazimal degree p > 1. Assume that H has b and c elements in its edge- and

(vertez)-automorphism groups. Let G i é(dn) with dy, satisfying (Hp), then

—exc(H) [Ty E (D) deg(isn)]
be(ED)"

EX(H;G) =~nsoo
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where D has distribution P.
As a corollary, we get immediately,

Corollary 2.5 (Cycle count for configuration model) Assume that G i C?(dn) with dy,
satisfying (Hs). If Hy = ({1}, {{1,1}}) is a single loop then

: . _ E(D)2
A EX () G) = Spp

If Hy = ({1,2},{{1,2},{1,2}}) is a single multi-edge then

: _ (E(D)2)?
nILH;oEX(HQ’G) = IED)?
If k >3 and Hy, = ([k],{{1,2},{2,3},---{k,1}}) is a cycle of length k then
. o _ (E(D)2)"
Jim BX(Hi ) = 5

As in corollary, 2.2, we get:

Corollary 2.6 (Large excess subgraph in configuration model) Let k > 1 be an integer

and H € @(k) with exc(H) > 1 and mazimal degree p. Let G i G(d,) with d,, satisfying (Hp).
Then, in probability, X (H;G,) — 0.

Proof of proposition 2.4. For ease of notation, let us skip the parameter n. Let S =7 | d;.
From (H,), for all real a,

lim =% —ED > 0. (2.1)
n—o0o n
Arguing as in the proof of proposition 2.1,
EX(H;G)=c 'Y EY(r(H);G), (2.2)

where the sum is over all injective maps from [k] to [n] and Y (H;G) is the number of times
that H C G. Note that since G is a multigraph Y (H;G) may be larger than 1. We think as
A; ={(1,7) : 1 < j < d;} as aset of half-edges adjacent to vertex i. These half-edges are matched
to other half-edges by a uniformly drawn matching of A = {(i,j) : 1 <i <mn,1 < j <d;}. Let
m; = deg(i; H), we have
[T (d)m,
EY(H;G) = === ——. (2.3)
b(Shm

Indeed, arguing as in the proof of lemma 1.6, there are b=! Hle (di)m, ways of choosing the half-
edges to be matched in order to give the subgraph H. Then, given the choice of the half-edges,
the probability that they are effectively matched is 1/(S —1)(S —3)--- (S —2m +1).
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From (2.2), we deduce that

k
(n)k
T = 1 moi=1
where (D1 (n), -+, Dg(n)) is uniformly sampled without replacement on d,, = (di(n),--- ,dx(n)).
Now, from (2.1), we have
(Shm ~ n™(ED)™
On the other hand, lemma 1.4 implies that
k k
E[[(Di(n)m; = [TE[(D)m] -
i=1 i=1
This concludes the proof. O

2.2 Poisson Approximation

2.2.1 Method of moments

In the next Section, we will give a closer look at the random variable X (H; G) when exc(H) = 0.
From propositions 2.1, 2.4 we know that the expectation EX(H;G) has a non-degenerate limit
when the size of the graph tends to infinity. We will see in the next section that if H is simple
enough, we can actually prove that X (H;G) converges weakly to a Poisson random variable.

Let X be a real random variables with all its moments finite : for any integer £ > 1,
E[X k] = my, < 0o. Assume further that there exists a unique probability measure P on R such
that for all integer k > 1, [ zFdP = my,. In the latter case, we say that P is uniquely determined
by its moments. Carleman’s theorem asserts that it is indeed the case if

Zm2 =
k>1

If the random variable has bounded support, the Carleman condition is satisfied.

A commonly used method to prove that a sequence of real random variables (X),>1
converges in distribution to the random variable X is to show that for all integer & > 1,
lim,, 00 E[X*] = E[X*] = mj;. More formally, the method of moments is contained in the
next lemma.

Lemma 2.7 (Method of moments) Let (P,),>1 be a sequence of real probability measures.
Assume that P € P(R) is uniquely determined by its moments. If for all k > 1,

lim [ 2¥dP,(z) = /de

n—oo

then P, ~» P.
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Proof. We have f 22dP, = ma + o(1) < ¢ for some c. In particular, from Markov inequality
P.([-t,1)?) < ¢/t?. Hence, from Prohorov’s theorem {P,,n > 1} is relatively compact. Let @
be a weak accumulation point of P,, P,, ~» ) along some subsequence.

Now, since fCL'dePn = mor + 0(1) < ¢ for some ¢, the function z +— z¥F is uniformly

integrable for (P,),>1. It implies that [ 2*dQ(z) = lim_,o [ 2*dP,,. However, by assumption,
the latter is equal to | zFdP(x). Since the law of P is uniquely determined by its moments, we
have Q = P. O

If X is a Poisson random variable with intensity A > 0, there is a variant of this method. For
integer k& > 1, the k-th factorial moment of X has a simple expression: E[(X)z] = A\*. Hence,
in order to prove that (X,,)n,en converges weakly to X is sufficient to show that for all integer
k> 1, lim, E[(X,)x] = \F.

There are many drawbacks to this method. First, the random variable X,, needs to have
finite moments of any order for all n large enough. Secondly, the computation of moments can
be tedious. This method is usually used when no other method actually works and we shall not
use it here.

2.2.2 Total variation distance and coupling

The total variation distance between two probability measures P and () on a common o-field
(S,8) is
drv(P,Q) = sup | P(A) — Q(A)].
AeS

Since P(A¢) — Q(A°) = —(P(A) —Q(A)), we note that the absolute value can be removed in the
definition. If S is a countable set, the supremum is reached for A = {z € S: P(z) > Q(x)}. We
have P(A) — Q(4) = ¥, IP(x) — Q()] and P(A%) — Q(A%) = — ¥, e . |P(x) — Q()]. Since
P(A®) — Q(A°) = —(P(A) — Q(A)), we get the simple formula:

arv(PQ) = 3 7 IP() - Q).

€S

A coupling of two probability measures P and @ on (9, S) is a probability measure IT on (52, S?)
such that P =[x ! and Q = IIm, b, where 71 (2,y) = @, ma(z,y) = y for (z,y) € S. In a more
probabilistic rephrasing, a coupling of two probability measures P and @ is the distribution of
a pair of random variables (X,Y) on S? such that X has law P and Y has law Q. For example
the product measure P ® Q) is a coupling of P and (). For an introduction to coupling, we refer
to Lindvall (1992).

Lemma 2.8 (Coupling inequality) Let P and Q be two probability measures on a common
o-field (S,S). For any coupling (X,Y) of P and @, we have

drv(P,Q) <P(X #Y).
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Proof. For A € S, we write,
PA—QA)=E1(X €A)-1(Y eA|=E[(1(X €A -1L(Y e A)Y1(X #Y)|<E[1(X #Y)].
Od

The coupling inequality calls for a converse statement.

Theorem 2.9 (Maximal coupling) Let P and Q be two probability measures on a common
o-field (S,S). There exists a coupling (X,Y) of P and Q such that

dry (P, Q) =P(X #Y).

Proof. Consider the measure A = P + @, we denote by f = dP/d\ and g = dQ/d\ the
Radon-Nikodym derivatives of P and @ with respect to A. Considering the set A = {x € S :
f(x) > g(x)}. We deduce as above that

drv(P.Q) = [ (F=a)ir=3 [ 17 =glix

Now, writing [f —g| = (f = f Ag) + (9= f N g), we get

3 [1r—glx=1- [fagar

Let v = [ f Ag dX. In order to prove the statement it is thus sufficient to find a coupling (X,Y)
such that P(X =Y) > ~. If P and @ are mutually singular measures, there is nothing to prove,
indeed, dry (P, Q) = 1 and the product coupling P ® @ achieves the bound. Assume otherwise
that P and @ are not mutually singular, then v > 0. We may also assume v < 1 otherwise,
P = @Q and the coupling (X, X) where X has law P achieves the bound. We define (X1,Y1,2Z,U)
a quadruple of independent random variables, X; has distribution (f — f A g)d\/(1 — ), X»
has distribution (g — f A g)d\/(1 — ), Z has distribution f A gdA/v, and U is a Bernoulli
random variables with parameter P(U = 1) = . Then we may define the coupling (X,Y’) where
X=1-U)X1+UZandY =(1-U)X24UZ. Wehave P(X =Y) >P(U =1) =~. O

2.2.3 Basics of Stein’s method

There is a powerful technique to compare a probability measure to another one. This method
is called the Stein’s Method by the name of its author. We will sketch briefly the general idea
and then apply it to the Poisson distribution in the next paragraph. The seminal paper on the
topic is Stein (1972). For an introduction, we refer the reader to Barbour and Chen (2005).

Let (S,S) be a complete metric space. We consider two probability measures P and Py on
(S,S). Let H be a set of measurable functions from S to R. We assume that all functions in H
are P and P, integrable. The goal of Stein’s method is to estimate the difference over all h € H,

/th—/tho.



2.2. POISSON APPROXIMATION 25

The measure Py is thought as being a good approximation of P and H is thought as a set of
test functions. In most applications, we shall assume that

(P, Q) —sup‘/th /th‘

heH

is a distance on the set of probability measures on (S,S). In this setting, the goal of Stein’s
method is to find good bounds for the distance dy (P, Py). For example, if H = {14 : A measurable},
then dy = d7y is the total variation distance:

drv (P, Q) = Sup [P(A) = Q(A)].

If S =Rand H = {1(_oy] : © € R} then dy is the Kolmogorov-Smirnov distance. If S = R and
H ={h:R—=R;|h| <1}, where ||h|| = sup,cg |h(z)| then dy is the L;-Wasserstein distance.

We assume that there exists a set F of measurable S — R functions, and a linear mapping
T : F — H such that for all h € H, there exists a function f = f; € F such that

Tf—h—/tho

/ hdP — / hdPy = / T f,dP (2.5)

T is called a Stein operator of the measure of Py and f, is the Stein transform of h. In particular,
we note that for all h € H,

Then we obviously get

/Tftho =0,

and

d P PO = Sup ’/Tfhdp
heH

There are general procedures to find Stein operators. The goal being to find an operator where
we can estimate nicely | [T fdP|. It is not in the scope of these notes to develop further in this
direction.

We should however mention that if Py(dx) = \/%e_ﬁ/ 2dz is the standard Gaussian distri-

bution A(0,1) and all functions in A are bounded, then

Tf:x— f'() —af(x)

is a Stein operator for Py and

Fulz) = /2 / ; <h(t) — / tho> e /24,

This operator was the starting point of Stein’s work and much can be said about it.
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2.2.4 Stein’s method for the Poisson distribution

Chen (1975) has found a Stein operator for the Poisson distribution. Recall that the Poisson
distribution with intensity A € R, , Poiy, is the probability measure on N defined by, for n € N,

Poiy({n}) = e”‘%.

To fit with the above framework, we consider the space S = N and define H = {14 : A C N}.
Then, as already mentioned, dy = drv is the total variation distance. Let F ~ RN be the set
of real bounded functions on N, we define the operator from F to F,

Tf: ke Af(k+1)—kf(k).

It is easy to check that if f € F and Y is a random variable with Poisson distribution with
intensity A, then
ETfY) =EXN(Y +1) =Y f(Y)] =0.

Moreover, for all h € F, there exists a unique f = f; such that f(0) =0 and
Tf=h-—E[RY)].

Indeed, the sequence
Af(n+1) =nf(n)+ h(n) - E[r(Y)]

is easily solved by recursion. We find

" n n: " k
fn 1) =3 A (o )~ B[] = 1o S 2 (k) — EB(Y))).
k=0 k=0

For h = 14, we define the function fy 4 = f1, that we shall often simply denote by f, we get

FO)=0 and fn+1)= Poiy(AN [0777;\]%);AIE({)Z}F;4)POiA([O7n])

Theorem 2.10 (Properties of Chen-Stein operator) The function f = f\ a has the fol-
lowing properties:

(i) For any random variable X on N:

EM\(X +1) — Xf(X)] = P(X € A) — Poiy(A).

(i) sup, |f(n)| < min (1, \/EA)

(iii) sup, | f(n+1) = f(n)| < AM(1—e) < 1.
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Proof. Point (i) follows from (2.5). The proof of (ii)-(ii7) is performed in (Barbour and
Eagleson, 1983, lemma 4), we omit it. O

Corollary 2.11 (Distance to Poisson) For any random variable X on N and \ > 0,

dTv(E(X), POi,\) = glcal)\I(E [)\f)\7A(X + 1) — Xf)\yA(X)] .

In order to illustrate the strength of Stein’s method, consider (Y7,---,Y,) a sequence of
independent Bernoulli variable with P(Y; = 1) =1 —P(Y; =0) = p; and set A = )" ; p;. We
define X =>"" | Y; and X; = Z#in = X —Y;. We write

M(X +1)— sz fF(X4+1)— f(X; +1) (2.6)

+Z<pz-—Yi) +ZY F(Xi+1) = f(X)).
=1

From theorem 2.10(ii7), | f(X +1) — f(X; +1)] < A71(1 —e™*)Y;. We notice also that Y;f(X) =
Y:f(X; + 1), and X; and Y; are independent variables. Hence, taking expectation,

EIM(X +1) = XF(X)] <A1 - e sz_ Z
z 1

In conclusion, from corollary 2.11, we thus deduce that

. 2[1 P2
TV(‘C( )7 01)\) > Z;z:l D 1§i§npl

We have found without much effort a striking formula. If all p; are equal and 0 < A < n, we
obtain
. A . A
dry | Bin (n,— ) ,Poiy | < —. (2.7)
n n

Exercise 2.12 Let A and p be two positive real, show that dry (Poiy, Poi,) < |X — pul|. (Hint:
first bound dpy (Bz'n (n, %) , Bin (n, %)) by using the coupling inequality).

Exercise 2.13 Let \, = (A1(n), -+, \n(n)) be an array of positive real numbers satisfying (HY).
Let Gy, be a Chung-Lu graph with distribution G(),,). Show that there exists a constant ¢ > 0
such that for all integers n and any i € [n],

Ai
dry (deg(i; Gn), Poiy,) < ¢ ().

(Hint: use exercises 1.10 and 2.12).
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2.3 Cycle counts

2.3.1 Erds6s-Rényi graphs

We now compute the limit of X (H;G) when H is a cycle of length k. We start with the simpler
case of Erdds-Rényi graphs.

Theorem 2.14 (Poisson asymptotic for cycles in Erdés-Rényi graphs) Let H = ([k], {{1,2},{2,3}, - {k
be a cycle of length k > 3. Let A € RT kand form > 1, let G, be an Erdds-Rényi graph with
distribution G(n,A/n). Then, with p = ;‘—k,

X(H;Gyp) % Poiy,

Proof. We have

H:G,) = Z Yr  where Yp=1(F CG,),
FeH

and H = {F : graph with Vp C [n] and F ~ H}. Recall that |H| = (n)x/(2k). We define
Xp = Z Y.
FIeH:FNF'=0

Let f = fu 4 be as in theorem 2.10 and u, = EX(H;G,) = |H|p, where p, = P(H C G,) =
(A/n)k. Asin (2.6), we write

pfX D) = Xf(X) = (p=pa) X+ D)+ Y pu (f(X +1) = f(XF +1)) (2.8)
FeH
+ > (o - YR F(Xp+1)+ Y Ye (f(Xp+1) = f(X)).
FeH FeH

By theorem 2.10(i7) and proposition 2.1, the first term of (2.8) goes to 0 uniformly over the
choice of A. For the second term, we notice that X — Xp =3 . pqp £0 Yr. Note also that for
F € H, by construction

HF' e H:F'NF#0} <k(n— 1)1 =2k>n"1H]|.

Indeed, to each element in {F' € H : F' N F # ()} we may associate injectively, one element in
F and k — 1 distinct elements in [n]. Thus, by theorem 2.10(7ii),

EY pua(f(X+1)=f(Xr+1) < D> pa Y, PEFE CG

FeHr FeH  FI:F'NF#)
< pEIH|[P2k*n
= 2k%uin!
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It follows that the second term of (2.8) goes to 0 (uniformly over the choice of A). The event {F' C
Gy} is measurable with respect to the filtration generated by the events ({{i,j} € E},i,j € F),
while X is measurable with respect to the filtration generated by the events ({{i,j} € E},4,j €
[n]\F'). Hence, the variables Yy and X are independent, it follows

EY (po—Yr)f(Xp+1) = 0
FeH

For the last term of (2.8), we note that

Yp(X - Xp—1) = Y Y  Yp.
FI£F F'NF#£)

We obtain by theorem 2.10(i44), with ¢ = A71(1 — e,

ZYF(f(XF+1)_f(X)) < CZ Z Yrur

FeH FeH F'4F,F'NF#()

= CZX(L;Gn),
L

where the sum is over all equivalence classes of graphs L such that L ~ F U F’ with F, F' € H,
F'# F and F' N F # (. There is a finite number of such classes. Fix such a graph L = F U F".
If F and F’ have 1 vertex in common, then L has is a union of two cycles glued at a single
vertex. In such case, exc(L) = 1 and by proposition 2.1, we get for some new constant c,

EX(L;Gp) < en™t. (2.9)

Otherwise, L has a subgraph L’ which is formed by a cycle and a line with 1 < /¢ < k — 1 edges,
connecting two vertices the cycle. In such case, exc(L’) = 1. Since X(L;G,) < X(L';G,) (or
using exc(L) > exc(L'), see exercice 1.3), we may again apply proposition 2.1 : for some new
constant ¢, (2.9) still holds.

So finally the fourth term of (2.8) goes to 0 (uniformly over the choice of A). We may then
conclude by applying corollary 2.11.

|

We note that in the proof of theorem 2.14, we could have given an upper bound for pf(X +
1) — X f(X) as a function of k¥ and n. We may obtain, for some constant C' > 0 independent of
A,
pf(X +1) = XF(X) < (CR)*n~".

Then, from corollary 2.11, we get an explicit bound for drv(L(X(H;Gy)),Poi,). One of the
strength of the Stein method is precisely to give explicit upper bounds for the rates of conver-
gence. We will not however pursue seriously this goal here.

There is a multivariate version of the previous theorem.
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Theorem 2.15 (Poisson asymptotic for joint cycles in Erdés-Rényi graphs) For inte-
gers k > 3 and 3 < £ < k, let Hy be a cycle of length £. Let A € Ry and for n > 1,
let Gy, be an Erdés-Rényi graph with distribution G(n,A/n). Then, with p, = /2\—; and any
(a1,---,ax) € {0,1}F,

Z a X (Hy; G —> POIZ

0—3 Qepe’

Obviously, this result hints loudly that in fact (X (Hs; G,), - -+ , X (Hg; Gy,)) converges to ®];:3 Poi,, .
To prove this stronger result with Stein’s method, we should define a Stein operator for Poisson
compound distributions, we will not pursue this goal here. Another possibility would be to use

a multivariate method of moments.

Proof of theorem 2.15. For 1 < ¢ <k, let Hy = {F : graph with Vp C [n| and F ~ H,},
Yp =1(F C Gy) and H = U§_,H,. We have |H,| = (n)¢/(2¢) and

X = ZCL@X Hg, Zag Z YF = Z CLFYF

(=3 {= Fet, FeH
where if F' € Hy, ap = ap. As in the proof of theorem 2.14, for F' € H, we define

Xp = > e

F'eH:FNF'=0

Let f = fu 4 be as in theorem 2.10, 1 = ZZ 3 agpte and fu, = EZ( s X (Hy; Gy) = Ze 3 ae|He|Dn e
where p,, o =P(H, C G,) = /\/n)e If F e Hy, we set pp = ppe. We write,

pfX D) = Xf(X) = (p=p)f(X+1)+ Y appr (f(X +1) = f(Xp+1))
FeH

+ZGF(pF—YF) XF+1 ZGFYF XF—{—l)—f(X)).
FeH FeH

The first term goes to 0 by proposition 2.1. As in the proof of theorem 2.14, for the second
term, we use the identity X — Xp = > piyp sy Ypr and for F' € H,

HF' € He: F'OF # 0} < k(n— 1)1 = 2kfn™ 1.
Then, by theorem 2.10(7i7), |f(z + 1) — f(x)] <1 and

EY arpr (X +1) = f(Xp+1) < Y arpr Y, P CGy)

FeH FeH F':F'NF#£)
< Y appr <ane2k€n 1!%\)
FeH

IN

k
K i, (Z EX(HE;G,L)> nt
(=3
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By proposition 2.1, the above expression goes to 0 as n goes to infinity. The remainder of the
proof of theorem 2.14 carries over here also. O

Exercise 2.16 (Subgraph count for Chung-Lu graphs) Let P € P(Ry) and A(n) € R}
an array satisfying (Hy), p > 1. Gy be a Chung-Lu graph with distribution G(A,,).

1. Let H € G[k] with m edges, ¢ elements in its automorphism group and max degree p. Show
that, as n goes to infinity,

k
EX(H;Gy) ~ ¢ tn=oeU (BA) ™™ T]EAGH),
=1

(22)"

W. S’how th(lt

2. Assume now that H is a cycle of length k > 3 and p = 2. We set u =
X (H;Gy) converges weakly to Poiy,.

2.3.2 Configuration model

Theorem 2.14 has a natural analog in the configuration model. Let P € P(Z) be a probability
measure on integers and for d,, = (di(n),--- ,d,(n)) an array of integers such that for any n,
>oi1di(n) is even. We may then consider a random graph G, with distribution G(d,,).

Theorem 2.17 (Poisson asymptotic for cycles in configuration model) For integerk >
3, let Hy, = ([k],{{1,2},{2,3},---{k,1}}) be a cycle of length k, let H1 = ({1},{{1,1}}) be a
single loop and let Hy = ({1,2}, {{1,2},{1,2}}) be a single multi-edge. Let G, i G(d,) with d,,
satisfying (Hz2). Then for all k > 1,

X (Hy; Gn) % Poiy,

with g, = (22((@)2)): and D has distribution P.

Proof. The proof follows the same strategy than theorem 2.14. For ease of notation, we
fix k > 1, set u = ux, H = Hy and write d; in place of d;(n). As in the proof of proposition
2.4, we define Y (H; Gy) as the number of times that H C Gy, for i € [n],let S = > d;. If
Yr =Y (F;G,) and p,(F) = E[YFr|, we define

Hn = Z pn<F)a
FeH

where as in the proof of theorem 2.14, H = {F : multigraph with Vp C [n] and F' ~ H}. We
have EX (H;Gy) = pn. Let f = fu 4 be as in theorem 2.10 and

Xp = Z D

F'eH:FNF'=0
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We write
pFX 1) = XFX) = (=) X+ D)+ 3 pulF) (FX + 1) = f(Xp 1)) (2.10)
FeH
+ > (paF) = Yp)f(Xp+1)+ Y Yr (f(Xp+1) = f(X)).
FeH FeH

As shown in the proof of proposition 2.4,

1 Hf: (dri))2

where the sum is over the set of injective maps from [k] to [n]. Hence the first term (2.10) goes
to 0.

The argument used in the proof of theorem 2.14 carries over here as well for the second and
last term of (2.10) with minor changes. More precisely, by theorem 2.10(i1), | f(z+1)— f(x)] < 1,
we write

S pFEGX+1) - f(Xr+1) < Y pFE Y Ym

FeH FeH F':FNF'#)
1 [T (dri))2(drr i)
o (2k)? Z () —

where the sum is over all pairs (7,7’) of injective maps [k] — [n] such that the images of 7 and
7/ have a non empty intersection. We set

M(n) = max(dy, - ,dy).

Since the image of such map (7,7’) has cardinal at most 2k — 1, we have

1 b Mn)? 1 sy )
2 e < ———= > ][ dun)
x i=1 1<i1, - yigk_1<n =1
M(n)? 2k—1
n)?
= d2
M(n 2k—1
- Mp (ED(n)z) ,
n
where D(n) has distribution Fg,. Now, from lemma 1.5, we have
M(n)* = o(n). (2.11)

Moreover, from (2.1), (S)x(S)r ~ n**(ED)?*. It follows that the second term of (2.10) goes
to 0.
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We now turn to the last term of (2.10). Let E be the event that for all F € H, Yr € {0,1}.
Note that if Yz > 2, then X(L;G,) > 1, where L is the multiset union of H and the edge
{1,2} (or the loop {1,1} if £ = 1). The maximum degree of L is 4 and exc(L) = 1. Then, if
assumption (Hy) holds, we could apply corollary 2.6, and get, as n — oo,

P(E°) = P(X(L; Gy) > 1) < EX(H U H; G) — 0. (2.12)

With the sole assumption (Hsz), the above equation (2.12) still holds. Indeed, if m; = deg(i; L),
from (2.4),

11d )) ‘
X(L; Gn) <Z S51€+1<Z:d >’

Sk—H =1

where the first sum is over all injective maps 7 : [k] — [n]. Using (2.11) and (2.1), we deduce
that (2.12) holds.

We have, by theorem 2.10(ii)-(iii), |f(z)| <1 and |f(z + 1) — f(x)] <1,

EY Yr(f(Xp+1) - f(X) < 2P(E)+EDY > Ymm
Fen FeH FI#£F,F'NF#£)
= 2P(E°)+ Y EX(L;Gy),
L

where the sum is over all equivalence classes of graphs L such that L ~ F U F’ with F, F' € H,
F' # Fand F'0OF # (. In the proof of theorem 2.14, we have seen all such L satisfies exc(L) > 1.
Fix such L € G(k'), it has k' vertices, m’ > k' 4+ 1 edges and m| = deg(i; L), >, m, = 2m’.
Moreover, from (2.4),

’

. . z 1 d‘r ( )) M(n)2 . 2 "
X(L;Gp) <EX(L;Gy) < Z G < Gl > di(n) :
™ \i=1

where the first sum is over all injective maps 7 : [k'] — [n]. We may then conclude by a new
application of lemma 1.4-1.5 that the above expression goes to 0. It follows that the fourth term
of (2.10) goes to 0.

For the third term of (2.10), a new difficulty arises compared to the proof of theorem 2.14,
Xr and YF are no longer independent. We should prove

EZ (pn(F Yr)f(XFr+1) — 0.

FeH

From (2.12), we find

Z Z kP(Yr = k) — 0 or equivalently Z (pn(F) —P(Yp =1)) — 0.
FeH k>2 FeH
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By theorem 2.10(i7), |f(z)| < 1. Hence, in order to prove that the third term goes to 0, it is
sufficient to prove that

E " pu(F) (Ef(Xp +1) - E[f(Xr + 1)|Yr > 1]) = 0. (2.13)
FeH

We will use a coupling argument. Let o be the uniform matching of A = {(4,j) : i € [n],1 <
j < d;} that matches the half-edges of G,,. Let © # y € A. The switch of o at (x,y) is the
matching o’ such that o/(z) =y, o/(c(x)) = o(y) while 0/(2) = o(z) for all z ¢ {x,y,0(z),0(y)}
(see figure 2.1). Note that, since o is a uniform matching, the switch of o at (z,y) is a random
matching sampled uniformly among all matchings m € M(A) such that m(z) = y.

i

’ :

5j

Figure 2.1: A switch : o is plain and the switch of ¢ is dashed.

Similarly, let {o(i,j) : i € Vp,1 < j < d;}, where Vp = {i1,--- ,ix} is the vertex set of
F (see figure 2.2). The law of G, given {Yr > 1} is realized by taking independently, for
1 < ¢ < Fk, a distinct pair (jg, j;) uniformly distributed on {1,---,d;,} and perform a switch
of o at ((i1,71), (i2,75)), then at ((i2, j2), (i3, j5)), and we continue up to ((ig, jk), (¢1,77)). (In
this construction, we implicit assume that iy > 2, otherwise, Yz = 0). We define & as the
corresponding matching and G,, € ([A}(d) is the multi-graph associated to 5. We set Hp = {F' €
H:F'NF=0}Ym=Y(F;G,) and

Then, by theorem 2.10(éi), it follows that
E Y palF) (Bf(Xp+1) —Elf (Xp+ 1)[Ye 2 1) 23" pa(F)P (Xr # Xr ).
FeH FeH

By construction, o and & may only differ on the half-edges involved in the switches

A0 = {(iﬁajﬂ)a (iﬁajé)v O-(Z'Z)jé)a U(%]é)}

Also note that Xp > Xp and the inequality is strict only if one of the switch, say (z,y), creates a
new cycle [n]\Vp which contains the new edge formed by the half-edges 2’ = o(z) and /' = o (y).
In such case, the half-edges 2/ and 3’ are part in G,, of a subgraph formed with half-edges in
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GF

Figure 2.2: F and G,\F

A\A( and isomorphic to a line of length k. From the union bound, this probability is bounded

by
T(Z
k
Z = )

where the sum is over all injective maps [k — 2] — [n]\Vp. The term k in front comes from the
possible pairs (z,y) involved in the switch. The term S — 4k comes from the fact the half-edges
in A\Ag are uniformly matched and |Ag| < 4k. The above is bounded by

=1 (dr ()2 Ofenk—2 Lo k2
* ((Sz_l%))kq T (S = 2k)p EZ(di)Q .

115 <lg—2 i=1

From (2.1), (S—2k)_1 ~ (ED)*~1n*~1. Using (H,), we deduce that the above term is bounded
by ¢/n for some constant ¢ = ¢(k) independent of F. This concludes the proof of (2.13). We
may then conclude by applying corollary 2.11. O

Again, there is a multivariate version of the previous theorem.

Theorem 2.18 (Poisson asymptotic for joint cycles in configuration model) For inte-
gers k > 1, let H = ({1},{{1,1}}) be a single loop, Hy = ({1,2},{{1,2},{1,2}}) be a single
multi-edge and for 3 < ¢ <k, let Hy = ([{],{{1,2},{2,3},---{(,1}}) be a cycle of length €. Let
G, L G(dy) with d,, satisfying (Hz). Then for any (a1,--- ,az) € {0, 1},

Z a X (Hy; G —> POIZ

1 @efe’
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with £ > 1, py = (;Elggl);))f and D has distribution P.

Proof. The proof is an extension of theorem 2.17 and follows the same strategy than theorem
2.15. With the notation of the proof of theorem 2.15, we have

X = Z (LFYF,

FeH
and
pfX+1) = XF(X) = (=) f(X+1)+ > appa(F) (f(X +1) = f(Xp + 1))
FeH
+ > ap(pa(F) = Ye) f(Xp+1) + Y arYr (f(Xp+1) - f(X)).
FeH FeH

The first, second and last term are treated as in the proof of theorem 2.15. For the third term,
the argument used in theorem 2.17 works. We leave the details to the reader. O

2.4 Graphs with given degree sequence

Theorem 2.18 and its variants have important consequences on the labeled graphs with given
degree sequence. Recall that a degree sequence (dy, - - ,d,) is graphic is there exists a graph G
in G(n) such that for all ¢ € [n], deg(i; G) = d;. As usual, we consider P, a probability measure
on Zy.

Lemma 2.19 (Asymptotic graphic sequence) Let d,, = (di(n), -+ ,d,(n)) be an array of
integers such that for any n, Y i, di(n) is even and (Hz) holds. Then, for all n large enough,
(di(n), -+ ,dn(n)) is graphic.

Proof.  Let Gy, be a random multigraph with distribution G (d,). We have
P(Gy € G(d)) = P(X(H1; Gp) + X (Hz; Gp) = 0).

Then from theorem 2.18,

_E(D)y _ (E(D)g)?

ImP(G, € G(d)) =e 2P 4ED? >, (2.14)

It implies in particular that G(d) is not empty and hence d,, is a graphic for all n large enough.
a

Lemma 2.19 is a nice instance of the probabilistic method : we have used random variables
to deduce the existence of a deterministic object. We refer to Alon and Spencer (2008) for a
beautiful account of this method. The next theorem implies that the configuration model is a
powerful tool to analyze the probability measure G(d,,). The original proof of the next result
can be found in (Janson, 2009, theorem 1.1).
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Theorem 2.20 (Contiguity of G(d,,) and G(d,)) Let d, = (di(n),--- ,dn(n)) be an array
of integers such that for any n, Y i, di(n) is even and (H2) holds. For n € N, let A, be a

subset of G(n). We denote by Gy, a random multigraph with distribution G(dy,) and, if dy, is
graphic, by Gy, a random graph with distribution G(d,). We assume that

lim P(G, € A4,) =1
n—oo

Then
lim P(G,, € 4,) =1

n—oo

~

Proof. By theorem 2.18, lim inf,, P(X (Hy; G,) + X (Hy; G,) = 0) > 0. Hence
limP(Gp € Ay|Gr € G(n)) =
n
Now, by lemma 1.6, the distribution of G, given {G, € G(n)} has the same distribution than
G,. The statement follows. O

In the sequel, we will use repeatedly theorem 2.20. For exar/r\lple, it implies that the statement
in probability of Corollary 2.6 holds with G(d,,) replaced by G(d,,) provided that (Hs) holds.

There is also an important combinatoric consequence of the above argument in terms of
counting the cardinality of G(d), the set of graphs on [n] with degree sequence d.

Theorem 2.21 (Asymptotic number of graphs with given degree sequence) Letd, =
(di(n),- -+ ,dn(n)) be an array of integers such that for anyn, S, =Y ;| di(n) is even and (H>)
holds. Then, as n goes to infinity,

_ED)_ EDL? (G, 6—1)7"
G(da)] ~ VB el S
Hi:l(di)!

For d-regular graph, the above theorem specializes to a nice formula.

Corollary 2.22 (Asymptotic number of regular graphs) Let d > 2. For integer n, let
G(n,d) denote the (possibly empty) set of d-regular graphs on [n]. Then for dn even and n going

to infinity,
w2y [ qi2 \" dn/2
|G(n,d)| ~V2e "3 (ed/2d! nm’=,

Proof of theorem 2.21. Forn=2m—1odd,let n!ll =n(n—-2)---1= ;mnz' We consider the
configuration model G(d,). Let A = {(i,7) : i € [n],1 < j < d;} be the set of half-edges. For
each matching o of A, we denote by G(o) the d-regular multigraph on [n] associated to o. The

number of possible matchings of A is
)l
Sn
(%)r

(Sp — 1)l = (
27
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By lemma 1.6, each graph in G(d) can be obtained by [[;",(d;)! different matchings. We thus

get
_ # o n = (Sn)!
IG(d)| = H?:l(di)! za:l(G( ) €G(n))) 2% (%)!H:‘L:l(di)!

where the sum is over all matchings of A and G,, is a random multigraph with distribution

~

G(n,d). Now, we use the identity P(G,, € G(n)) = P(X(H1;Gp) + X (H2;G) = 0). It remains
to apply (2.14) and use Stirling’s formula, n! ~,, v/27mn (%)n O

P(G,, € G(n)),




Chapter 3

Local weak convergence

3.1 Weak convergence in metric spaces

In this paragraph, we recall some facts on weak convergence in metric spaces. For proofs and
details on the weak convergence, we refer the reader to Chapter 1 in Billingsley (1999). Let S
be a metric space endowed with its Borel o-algebra, S.

Theorem 3.1 (Characterization of measures) Probability measures P and @ on (S,S) co-
incide if and only if for all bounded continuous functions f : S — R, [ fdP = [ fdQ.

The proof of this theorem will be included in the forthcoming theorem 3.2.

A sequence of probability measures (P, ),ecn on S converges weakly to a probability measure
P if for every bounded continuous function f, [ fdP, converges to [ fdP. This convergence is
usually denoted by P, ~» P. With a slight abuse of notation, if X,, is a random variable with

law P, and X with law P, we shall also write X, i X.

Theorem 3.2 (Portemanteau theorem) The following conditions are equivalent.

(i) P, ~> P.

(i) [ fdP, — [ fdP for all bounded, uniformly continuous functions f.
(i4i) limsup P, (F) < P(F) for all closed sets F.
(iv) liminf P,,(G) > P(G) for all open sets G.

(v) lim P,,(A) = P(A) for all A € S such that P(0A) = 0.

39
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Proof.  Let d(z,y) be the distance in S. (i) = (i7) is trivial. For (ii) = (¢ii), let € > 0, F' be
a closed set, F¢ ={x € S :d(z, F) < ¢}, and

f(z) = min(0,1 — e td(z, F)).

This function is bounded and uniformly continuous because | f(z)— f(y)| < e~'d(x,y). Moreover
for every x € S,
1p(2) < f(2) < 1pe(2).
Indeed if € F, then d(z, F) =0 and f(z) =1, while if x ¢ F¢, d(z, F) > ¢ and f(z) =0. It
follows that
Py (F) < /fdPn < P, (F°).

By assumption (i), letting n tend to infinity, it implies that
limsup P, (F) < /fdPn < P(F*).

Since F' is closed, as € goes to 0, 1\ r(x) converges to 0 for all z € S. Thus by the dominated
convergence theorem, lim. g [ 1pe\ pdP = 0. It follows that lim. o P(F€) = P(F) and (iii) fol-
lows. The statements (ii¢) and (iv) are equivalent by complementation. To prove that (iii)&(iv)
imply (v), let A and A denote the interior and closure of A. Assumption (iii) and (iv) imply

P(A) <liminf P,(A) < liminf P,(A) < limsup P,(A) < limsup P,(A4) < P(A).

The extreme left hand and right hand side are equal because P(0A) = 0, and (v) follows. It
remains to check that (v) = (7). We may assume that 0 < f < 1. Then from Fubini’s theorem,

[ sp= [ Pz s>

and similarly for P,. Since f is continuous, 0{x : f(z) > t} C {z : f(x) = t}. The probability
measure on [0,1], @ = Pf~! has at most a countable number of atoms. Hence, from (v), for
almost all ¢ € [0, 1],

lim Py ({2 : f(z) > t}) = P({z: f(z) > 1}).

It follows, by dominated convergence that

ligbn/Pn({x  f(2) > £))dt — /P({:c  f(2) > 1))t

and (i) follows. O

Let II be a collection of probability measures of measure on S. We say that II is tight if for
all € > 0 there exists a compact set K such that for all P € II, P(K) > 1 — e. The collection
IT is relatively compact if for every sequence of elements (P,) in II, there exists a subsequence
(Py,) and a probability measure @ such that P, ~+ Q. Prohorov’s theorem states that the two
notions are equivalent in complete separable metric spaces.
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Theorem 3.3 (Prohorov) IfII is tight then it is relatively compact. If (S,S) is complete and
separable, the converse also holds : if I1 is relatively compact then it is tight.

The most difficult part in the theorem is the first statement. The second statement implies
in particular that a single probability measure is always tight.

Proof of the second statement of theorem 3.3. Consider a increasing sequence of open sets Gy,
covering S. Then for all € > 0 there exists an n such that for all P € II, P(G,) > 1 —¢. Indeed
otherwise, for some € > 0 there would exist a sequence (P,,) € II such that P,(G,) < 1—e&. Since
G, is increasing, that for all ng and n > ng, P,(Gp,) < 1 —e. By relative compactness, there
would exist a measure () and a subsequence (ny), such that P, ~» Q). We deduce from theorem
3.2 that for all ng, Q(Gr,) < 1 —e. Letting ng go to infinity, this leads to a contradiction since
G, 1S and Q(S) = 1.

Now, by separability, for every integer k, there exists a collection By, Byo, - of open balls
of radius 1/k covering S. From what precedes, there exists n such that P(U;<p, By;) > 1—¢/2*
for all P € II. By completeness, the closure K of Ny>1 Uj<n, Br; is a compact set. Finally from
the union bound, P(K) > 1 —¢ for all P € IL O

3.2 The space of rooted unlabeled networks

In the previous chapter, we have counted subgraphs in a random graph with a non-negative
excess. A connected graph with excess —1 is a tree and we are now going to look at the subtrees
of a random graph. From propositions 2.1, 2.4, the number of occurrences of a given tree in a
random graph is of order of a magnitude its number of vertices. This motivates the introduction
of rooted graphs.

Let 2 be a complete separable metric space with distance dg. We shall consider networks
(V,E,w) withw: VUE — Q.

A rooted network G = (V, E,w,9) is the pair formed by a network (V, E,w) and a distin-
guished vertex ¢ € V, called the root. A rooted isomorphism between two rooted networks is an
isomorphism that takes the root of one to the root of the other. As for networks isomorphisms,
we will also denote by ”~” the equivalence relation of rooted isomorphisms.

If G = (V,E,w,0) is a rooted network, [G] will denote the class of rooted graphs that
are rooted isomorphic to G. With the terminology of graph theory, [G] is an unlabeled rooted
network.

Let G.(§2) denote the set of all [G], with G ranging over connected locally finite networks
with mark space Q. In other words, G(2) is the set of rooted unlabeled connected locally finite
networks with mark space ().

If @ = {1}, then we can identify, G, := G.({1}) with the set of unlabeled locally finite
rooted graphs. Similarly, if @ = Z; = {0,1,---}, Gx := G.(Z4) is the set of rooted unlabeled
connected locally finite multigraphs.



42 CHAPTER 3. LOCAL WEAK CONVERGENCE

There is a natural metric on G,. First, let G = (V, E,w) be a connected network. For any
pair u,v in V, we define dg(u,v) as the infimum of the length of the paths from u to v. This is
the distance induced by G on V. The ball of radius ¢ and center « is

Ba(u,t) :={v eV :dg(u,v) < t}.

For the rooted network G = (V, E,w,9) and real ¢ > 0, let (G); denote the network whose
vertex set is Bg(9,t) and whose edge set consists of the edges of G that have both vertices in
BG(QS’ t)'

Consider two elements g; and g2 in G.(€2). There exists, for ¢ € {1,2}, a network G; =
(Vi, Ei,wi, 9;) with [G;] = g;. Then, the distance between ¢g; and gy is defined as 1/(1 + T,
where

T = sup{t>0 : there exists a rooted isomorphism o from (V1, E1,01); to (Va, E2, ¢2)¢
and for all v € V(g,),, € € E(ay),, do(wi1(v),w2(o(v)) < 1/t , do(wi(e),wa(o(e)) < 1/t}.

Note that the value of T' does not depend on the particular choice of the rooted network in
the equivalence class. For the case of graphs G, or multigraphs, G, (or more generally for
discrete), the distance is equivalently defined as 1/(1 + T'), where

T = sup{t >0 : there exists a rooted isomorphism from (G1); to (G2)¢}.
The next lemma follows from the mere definition but is essential.
Lemma 3.4 (Properties of G.(2)) The space G.(Q2) is separable and complete.

Proof. We start with separable. Since (2 is separable, let (z,,),>1 be a dense collections of
elements in Q. For n > 1, consider the countable family &, of rooted networks on [n] rooted
at 1 with mark space (xy,)n>1. We define the countable family X = U, &,,. Let g € G,(Q) with
G = (V,E,w,9) in the equivalence class of g, [G] = g. For any real t > 0, since G is locally
finite, there exists an integer n such that (G); has n vertices. Hence, for some F' € &, C X,
there exists a rooted isomorphism from (V, E, ¢); to (Vp, Er,1); which distorts the marks by a
distance less than 1/t. It follows that the distance between [F] and [G] is less than 1/(¢ + 1).

We now turn to G, (2) complete. Let (gn)n>1 be a Cauchy sequence in G (£2). We consider a
sequence (Gp)n>1 of elements in their equivalence class: [G),] = ¢, We may assume that Vg, =
Vo, ={1,---,K,} and G,, rooted at 1. We set G,, = (V,,, Ep,wp, 1) and H, = (V,, E,,1). By
assumption, there is an increasing sequence (n;)en, such that for all n > ny, m > 0, the distance
between G,, and Gy, is less than 1/(¢ + 1). In particular, for all m > 0, (Hy,): and (Hp,+m )t
are rooted isomorphic and the corresponding marks in Gy, and Gy, ., are within distance 1/¢.
Let N; be the number of vertices in (Hy,):, and assume for example that lim N; = co. We may
then define iteratively a graph H = (V, E,1) with V' = N rooted at 1 such that for all ¢ > 1,
(H)¢ ~ (Hpy,):- It follows that ([H,])n>1 converges to [H| in G,.
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Now, by construction, there is a rooted isomorphism o; from (H); to (Hp,); such that for
any v € V, e € E, and t large enough, v € V;, e € E; and the marks wy, (0t(v)), wp,(0t(e)) are
Cauchy sequences. Since 2 is complete, they converge to say w(v) and w(e). This defines a limit
network G = (V, E,w, 1) and (gy) converges to [G] in G.(9). O

The next elementary lemma may be useful to prove tightness of sequence of probability
measures in G,. For a finite rooted multigraph, G = (V, E,0) we set |G| = |V| + |E| (beware
that |E| is here the cardinal of a multiset).

Lemma 3.5 (Criterion of compactness) Let h: N — N be an increasing function. The set

K={g9€G,:if[G] =g, for allt >0 |(G)| < h(t)}.

18 compact.

Proof. For each t > 1, there is a finite number of equivalence classes of rooted multigraphs
Fii1,--+, Fip, such that |F| < h(t). Therefore, the collection Ay 1, -+, Ay, where Ay, = {[G] €
Gy : (G)¢ ~ Fy i} is a finite covering of KC of radius 1/(1 + ). O

3.3 Converging graph sequences

In the above section, we have described a natural metric space for rooted connected networks.
However, our prime interest in the preceding chapters was on networks not on rooted network.
There is a way to lift the above setting to the case of unrooted and not necessarily connected
networks. This is called the local weak convergence, a notion that was introduced and developed
in Benjamini and Schramm (2001), Aldous and Steele (2004), Aldous and Lyons (2007). The
word ”local” stems for the fact that the metric is defined through a root, the term ”weak” from
the choice of a random root.

For ease of notation, we fix the mark space Q2 and write G, in place of G,(€2). We introduce
the Borel o-algebra of G, and define P(G,) as the set of probability measures on G, and endow
this space of measures with the topology of weak convergence. By lemma 3.4, G, is a separable
metric space (Polish space). It implies that P(G,) is also a Polish space. We are in the framework
of the standard theory of weak convergence of probability measures, as in the preceding section
3.1.

To a finite network G = (V, F,w), we can associate a probability measure U(G) in P(Gy)
defined as the law of [G(9), 0], where ¢ is a uniformly chosen vertex in V' and, for v € V, G(v)
denotes the sub-network of GG spanned by the vertices in the connected component of v. In other
words,

1
@) =57 > Sicw)al-

veV

where ¢ is the Dirac delta function.
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Definition 3.6 (Converging graph sequence) A sequence of finite networks (Gp)pn>1 has
random weak limit p € P(Gy) if U(Gyp) ~ p.

Not all probability measures p € P(G,) can be random weak limits. Due to the uniform
rooting, there should satisfy a form of stationarity. This is formalized by the notion of unimod-
ularity which plays a crucial role in local weak convergence theory. Consider networks with two
roots or distinguished vertices : (G,9,0) with G = (V, E,w) and ¢,0 € V. Then, the natural
notion of equivalence classes is with respect to isomorphisms which preserves the two roots. Let
G4« be the set of equivalence classes of locally finite connected networks with two roots. We
endow Gy, with the natural metric which generalizes directly the metric on G,. With a slight
abuse of notation, if f is a function from G, to Ry and (G, u,v) is in the equivalence class of
g € Gy, [G,u,v] = g, we define f(G,u,v) := f(g).

Definition 3.7 (Unimodularity) A measure p € P(G,) is unimodular if for all measurable
non-negative functions f : G — Ry,

E, Y f(G,6,v)=E, Y f(G,v,0), (3.1)

veVG veVg

where under P,, [G, o] has law p.

Note that the fact the expectation could be infinite in the definition of unimodularity is not
issue from Fubini-Tonnelli theorem. If f(G,u,v) is thought as an amount of mass sent from
to v, the unimodularity is a mass transport principle.

Let G be a finite network. We notice that U(G) is unimodular : indeed, if u and v are
connected then G(u) = G(v). It follows that

B Y f0@.00) = 5o Y Y H(Gw.u)

UEVG(¢> ueVa ’UEVG(u)

- Wldz S H(G ) u,v)

veEVg UEVG(v)

= IEU(G) Z f(G(Q),U,@).

UEVG(@)

Lemma 3.8 (Random weak limits are unimodular) Let p € P(Gy). Assume that there
exists a sequence of finite networks (Gp)n>1 with random weak limit p. Then p is unimodular.

Proof. ~ We should prove that the set of unimodular measures is closed for the weak topology.
Let p,, be a sequence of unimodular probability measures converging weakly to p. From Lusin’s
theorem, it is sufficient to check (3.1) for f continuous and such that both terms in (3.1) are finite.
For 7 > 0, we define a function f; : G, — Ry by setting, with g = [G,u,v], f-(9) =7 A f(g)
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if uw and v are at distance less than 7 in G and if there are less than 7 vertices in Bg(u, 7).
Otherwise, we set f;(G,u,v) = 0.

Then, by construction, [G,0] — >,y fr(G,8,v) is continuous and bounded by 72. The
dominated convergence theorem implies that

lim By, Y f-(G,0,0) =E, > f+(G,0,v)

n—00
veEVa veVag

and similarly for E,, ZveVG f+(G,v,0). Since p, is unimodular, we get

E, ) f(G.0,0) =E, ) f+(G.v,0),

vEVG veEVG
It remains to let 7 tend to infinity and apply the monotone convergence theorem. O

We will see in the next chapters that surprisingly many functions are continuous with respect
to the local weak convergence. The following criterion is quite convenient to prove unimodularity.
It is called the involution invariance property.

Lemma 3.9 (Involution invariance) Let p € P(G,) and assume that (3.1) holds for all func-
tions f : G — Ry such that f(G,u,v) =0 unless {u,v} € Eg. Then p is unimodular.

Proof. It is sufficient to prove (3.1) holds for all functions such that f(G,u,v) = 0 unless
da(u,v) = 7 for some integer 7 > 1. Indeed any function can be written as a sum of such
functions. We prove the property that (3.1) holds for all functions such that f(G,u,v) = 0
unless dg(u,v) = 7 by recursion on 7. The case 7 = 1 is the involution invariance. We now take
a general 7 > 2. For integer k > 1, 0Bg(u, k) = Ba(u, k)\Bg(u, k — 1) is the set of vertices at
distance k from u € V. If x € 0Bg(u,7), let (G, u,x) > 1 be the number of geodesic paths
from u to z. If y € 0Bg(u, T — 1), we denote by 7(G,u, x,y) the number of geodesic paths from
u to x whose first visited vertex is y. By construction, if z € 0Bg(u, ), we have the balance
equation

(G, u,z) = Z (G, u,z,y). (3.2)

y€dBg (u,7—1)

Now consider a function such that f(G,u,z) = 0 unless dg(u,x) = 7 or equivalently x €
0B¢(u, ). We define the function, for y € dBg(u, 7 — 1),

(G, u,z,y)

MG, u,y) = Z f(G,u, x)m

2€0Bg (u,T)
and h(G,u,v) =0if v ¢ OBg(u,7 — 1). From (3.2), we find
B (G, u, x,y)
> h(Guv)= Y > f(Gua)— (G 02) =Y f(G ).
veVg y€IBg(u,7—1) x€IBg(u,T) veVa

This proves the recursion step. O
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3.4 Unimodular Galton-Watson trees

In the next sections we will be interested by proving the convergence of U(G,,) where (Gy,)n>1 is
a sequence of graphs either sampled from the Erdés-Rényi law G(n, A\/n), from the configuration
model gA(dn), or from G(d,), uniform law on graphs with degree distribution d,,. As we shall
see, the unimodular limit will be supported on trees.

3.4.1 Galton-Watson trees

Let N/ = Up>oNF, with the convention N = {g}. For k > 1 and i = (i1,--- ,ix) € N¥, we
call (i1, -- ,ix_1) € N¥=1 the ancestor or genitor of i. We consider a sequence (N;), i € N/, of
integers. We define the set

V={o}U{i= (i, ,ix) €N/ : forall 1 <<k, 1<iy<Ny.i  } (3.3)

Note that the ancestor of an element in V' is in V. For i € V, we call the set {(i,1),---, (i, V;)},
the set of offsprings of i. Then, we define a rooted tree T' = (V, E,¢) by putting an edge
between all vertices in V' and their ancestors. In particular, if i # @, the degree of i in T is
deg(i; T) = N;j+1, and deg(g; T) = N,. The set of vertices in VNN* is called the k-th generation
vertices. The descendants of a given vertex i € V are the vertices in

Vi=Vn{(ij):jeN}

Finally, we denote by T; the subtree rooted at i of vertices in V;.

Let P € P(Zy) be a probability distribution on Z . If the sequence (Nj), i € Nf, is an i.i.d.
sequence with distribu/‘gion P, the random rooted tree T is called a Galton- Watson tree with
offspring distribution P. We will denote by GWT(P) the probability distribution of [T] in G,.

Now, assume further that P has a positive finite first moment. We define P as the distribution
on Z,, defined for k > 1 by
~ kP (k)
Pk-1) = =———. (3.4)
2. tP(0)
Then, the GWT with degree distribution P is the random rooted tree 7" where (NNj), i € N\ {s},
is an i.i.d. sequence with distribution P, independent of N, with distribution P. We will then
denote by GWT,(P) the probability distribution of [T].

It is interesting to note that P is a Poisson random variable Poiy with A > 0, then P=r.
Thus, for the Poisson distribution, GWT’s with degree and offspring distribution are identical.
See also figure 3.1 for the case of regular trees.

We will prove that GWT,(P) is the random weak limit of some finite random graph se-
quence (G, )n>1 defined in the previous chapters. In particular, by lemma 3.8, it will prove that
GWT,(P) is unimodular. Let us however give a direct proof of this statement.
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Figure 3.1: Left: representation of a 3-ary tree. Right: representation of a 3-regular tree.

Lemma 3.10 (Unimodular Galton-Watson trees) If P € P(Zy) has positive first mo-
ment, then GWT,(P) is a unimodular measure in P(G.).

Proof. We should prove that (3.1) holds. By lemma 3.9, we may restrict to functions
f: Gu — R4 such that f(G,u,v) = 0 unless {u,v} € Eg. If (To,Th,--- ,T) are rooted trees,
we denote by Ry (Th,--- ,Tk) a tree T where u € Vp has k neighbors and the subtrees spanned
by the neighbors of u are isomorphic to 171, -+ ,T). Similarly Ry, ,(T0,---,Tk) is a tree T" with
u,v € Vr where v has k + 1 neighbors, v with subtree isomorphic to 7y and k others with
subtrees isomorphic to 17, --- , T} (see figure 3.2).

Now, let T' = (V, E) be a Galton-Watson tree with degree distribution P built from the
sequence of random variables (Vj);cns. We find

Ny k o]
EY f(T,0,i) =Y _ P(k)> E[f(T,0,i)|N, =k =>_ kP(k)E[f(T,0,1)|N, = k].
=1 k=1 i=1 k=1

Now, consider (7;),7 > 1, i.i.d. Galton-Watson trees with oﬁspring/\distribution P. Then given
Ny =k, [T] and [Ry(T1,- -+, T), ] have the same law. If N and IV are independent variables
with law P and P, we get

Ny fo%)
EY f(T,0,i) = ENY Pk)Ef(Ry1(T1, - Ths1),0,1)
=1 k=0
= ENEf(Ro1(T1,--- , Tg.q),0,1).

Now, up to arooted isomorphism, (Ry(Ts, - - - ,Tﬁﬂ), ¢) has same law than 7. Define S,, ,(T1,T%)
as a tree where u and v are connected by an edge, and besides this edge u has a subtree isomor-
prhic to 77 and v has a subtree isomorprhic to T (see figure 3.2). Using the symmetry of S, ,,

we deduce that
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Figure 3.2: Left, Ru(Tl, TQ, Tg) Center Ru,v (To, ce ,Tg). nght S%U(Tl, Tg)

EY  f(T,0,i) = ENEf(S;1(T1, T2),0,1) = ENEf(S,,1(T1, T2), 1,0).

Similarly, we perform the same computation for

EZfT,z,@ziP Z f(T,i,0)|Ny = k] = ka f(T,1,0)|N, = k].
=1 k=1 =1

As above we find N
2
EY  f(T,i,0) = ENEf(S;1(T1, T2), 1,0).
This proves that (3.1) holds. O
Exercise 3.11 Let P € P(Z4) with positive first moment. Prove that GWT(P) is unimodular

if and only if P is a Poisson random variable. (Hint : use (3.1) with f(G,u,v) = 1(deg(G,u) =

3.5 Convergence of random graphs

3.5.1 Erdé6s-Rényi graphs

Let G,, be an Erdés-Rényi graphs with distribution G(n, A/n) with A > 0 and n € N. We define
the random probability measure on G,:
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where ¢ is a Dirac mass. As already pointed, the measure U(G,,) corresponds to the distribution
of the random rooted graph [G,(9), o] where the root is drawn uniformly over the vertex set.
Averaging over the randomness of the graph, we get for any event A in G,

n

ZP([Gn(z)vz] € A) = P([Gn(l)a 1] € A)a

=1

1

EU(Gn)(A) = —

n

where we have used exchangeability. In other words, the measure EU(G),) is simply the distri-
bution of [G,,(1),1]. The aim of this paragraph is to prove the following theorem.

Theorem 3.12 (Local convergence in Erdés-Rényi graph) Let A > 0 and, for integer
n > 1, let Gy, be an Erdés-Rényi graph with distribution G(n,\/n). Then, as n goes to in-
finity U (G,,) ~ GWT(Poiy).

This theorem should be compared with theorem 2.14 which asserts that there exists a Poisson
number of cycles of finite length in G(n, A\/n). By exchangeability of the variable, it implies that
the probability that i is in a cycle of fixed length k is of order 1/n.

The proof of theorem 3.12 is based on an exploration of the connected component G(v)
of a graph G = (V, E) that contains v € V. This exploration is called the breadth-first search.
Consider the total order in N7: for two elements i = (i1, --- ,i,) and j = (j1, -, jm) We set i < j
if n < m or if n = m and there exists k such that (i1, -+ ,ix) = (j1, - ,Jr) and ixgr1 < Jrt1-
We build an bijective map ¢ from S C Nf to the vertex set of G(v). The set S will be of the
type (3.3) and the map ¢ are defined iteratively and if i < j are both in S then the value of ¢(i)
will be determined before the value of ¢(j).

8

Figure 3.3: ¢(0) = 1, ¢(1) = 2, ¢(2) = 3, ¢(3) =4, ¢((2,1)) = 5, ¢((2,2)) = 6, ¢((2,2,1)) = 7,
#((2,2,2)) =8.

This exploration is iterative, at integer step ¢, a vertex may belong to the active set A, to
the unexplored set Uy or to the connected set C; = V\(A4: U U;). We start with A9 = {v},
Co =0, Uy =V\{v} and ¢(¢) = v. For integer t > 0, if A; # 0, we define vi1 = @(izr1) as the
vertex in A; such that whose preimage by ¢ is minimal for the order on N/. Let I;4; = {u €
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Ui : {u,vi11} € E} be the set of neighbors of v in Uy, we set

A1 = A\{ve} ULy
Ut+1 == Ut\[t+1 (35)
Civ1 = CrU{ve}

If N

i1 — N; +1} we also set ¢((1t+17 1)) =Ur, - 7¢((it+17 Nit+1)) -
. If A; = (), then the process stops. It follows by construction that

‘[t—i—l’ and It+1 = {’LLl, e L UN;

uNit+1

|G(v)| =inf{t >1: A, = 0}.

For integer ¢, the image by ¢ of the vertices of generation ¢ in S, ¢(SNN?), are the set of vertices
in G at distance ¢ from v.

For ease of notation, we set X; 11 = Nj,., = |I1+1] and 7 = |G(v)|. So that, for t < T,

141

t t
A =14 (X —1), |[Ul=n-1-Y Xz, [Ci|=t. (3.6)
= k=1

Now, we consider the breadth-first search when v = 1 and the graph G = G,, is an Erdés-
Rényi graph with distribution G(n, A\/n). We define the filtration

Ft = U((AO’ UO) CO)) ) (At7 Ut7 Ct))

The hitting time 7 = inf{¢t > 1 : A; = ()} is a stopping time for this filtration. Notice that for
any integer t > 0, given JFy, if {t < 7} € F; then X, has distribution a binary random variable
Bin(|U¢|, A/n).

Lemma 3.13 (Convergence of exploration) On an enlarged probability space, there ezists
a sequence (X|)i>1 of i.i.d. Poiy variables such that

AA+1)(t+1)2

n

P (X1, Xenr) # (X7, Xpnr)) <

Proof. The stopping property implies that {¢ < 7} is F;-measurable. We note also that from
(3.6),

[(|At’ - 1 1t<7’ Z 8+1 - 1 s<r < At, (3'7)
s=0

where we have used the fact that if {¢ < 7} holds then E(X;41]|F:) = AUs|/n < A.

Now, on an enlarged probability space, let &1 be, given F;, a binary variable Bin(n —
|Ui|, A/n) independent of X;. Then Y;11 = X1+ &1 is a binary variable Bin(n, \/n) and (Y})
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is an i.i.d. sequence. Hence, from the union bound,

P((X1, , Xinr) # (Y1, , Yiar))

IN

t
EY 1o P (X, # Yi|Fo)
s=1

t
> LeorP (& # O F).

IN

If s <7, then |Uy| > n —t — | A;|. It follows that
P (& #01Fs) = 1= (L= A/n)" 1% < \(n = [Us]) /n < A (s + | A4]) /n.

In particular, from (3.7), we get

i AL+ A+ 1)s) _ A+ AN+ D

P (X1, Xinr) # (Vi Yinr)) < :
s=1

Then from (2.7), dpv (L(Y1, -+, Y2), Poi§*) < At/n. We conclude by using the maximal coupling
inequality. O

Lemma 3.14 (Asymptotically tree-like) For integer t > 0, let J, = {u € Ay : {u,ve41} €
E}. We have

A%t2
PE1<s<tAT:|Js] #0) < —.

If {¥1 < s <t :|Js| =0}, the subgraph of Gy, spanned by Cy is a tree.

Proof.  Given Fy, if t < 7, |J¢| is a binary variable Bin(]A¢| — 1, A/n). The union bound yields

t
PAL<s<tAT:[J|#0) < EY 1,,P(|Js| # 0| F)
s=1

t A 1A -1
< — _ =
< EZ1S<T (1 <1 n) >
‘A
< Z_;nE |Ag| — Dger.

It remains to use (3.7) and the first statement follows.

To prove the second statement, we note that for all integer s, there cannot be an edge between
an element of Cs and Us. Therefore, if there is an edge between u = ¢(is) and v = ¢(iy)
with s < &', then either is is the genitor of iy, or isy and iy are both active at time s. If
{V1 < s <t:|Js] =0} holds the latter cannot happen. In particular, on this event, every vertex
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in C;\{1} has a unique neighbor with a smaller index (its genitor). It follows that the graph
spanned by C; cannot have cycles. |

Proof of theorem 3.12. For ease of notation, we denote by p,, = EU(G,,) the law of [G,(1), 1].
With an abuse of notation, let us also write (G, 1) instead of (G,(1),1). Define A = Ar =
{IG] € G, : (G); ~ T} where T is a finite rooted tree of depth at most t. We first prove that
Pn(A) converges to p(A), where p = GWT(Poiy). The number of vertices of T" is equal to some
integer m. Let IC be the set of elements [G] of G, such the number of vertices in (G); is less or
equal than m. With the notation of lemma 3.14, if for all 1 < s < mAT, |Js| =0 and [G,, 1] € £
then (G, 1) is a tree. Moreover, from lemma 3.13, , if [G),, 1] € K, there is a coupling such that
the offsprings of the vertices of (G, 1); are equal to independent Poisson variables on an event
of probability at least 1 — A(A 4 1)(m + 1)?/n. We deduce that

AA+1)(m +1)2 + A2m?

IP((Gny 1)t > T) = p(A)| = [P((Gn, 1)t = T; G € K) — p(A)| < -

Letting n tend to infinity, we obtain for any finite rooted tree T,
limp,, (A7) = p(Ar).

We are going to check that theorem 3.2(ii) holds. Let f be a bounded uniformly continuous
function and e > 0. By assumption there exists ¢t such that |f((G)¢) — f(G)] < € for all G € G..
Also there exists a finite collection of trees S such that

Zp(AT) >1—e.

TeS

From what precedes, it follows that for n large enough, > ;.5 7, (A7) > 1 — 2¢ and

\ [ran— [ fdp‘ < (143 flloe) + 3 F(T) [Pa(Ar) — pl(A7)].

TeS

Letting n tend to infinity and then € goes to zero, we deduce the statement. a

3.5.2 Configuration model

Let (d,) € Z'} be a vector of integers with even sum. We consider G, a random multi-graph
with distribution G(d,). Again, we define the random probability measure on G:

1 n
U(Gn) = - > GG
=1

The measure EU(G,,) is the law of [G,,(9), 9] where ¢ is an independent and uniform on [n], law
with respect to the randomness of G,, and g.
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Theorem 3.15 (Local convergence in configuration model) Let G, i G(d,,) withd,, sat-
isfying (Hz), then as n goes to infinity, BU(Gy,) ~> GWT(P).

As for Erdés-Rényi graphs, the proof is based on an exploration of the connected component
G(v) of a multigraph G = (V, E) that contains v € V. We will also build an bijective map ¢
from S C N/ to the vertex set of G(v). The value of ¢ is defined iteratively and if i < j are in S
then the value of ¢(i) will be determined before the value of ¢(j). However, we change slightly
the exploration procedure to be more adapted to the configuration model.

Let d = (dy)vev be a sequence of integers with ) _y d, even. We consider the set A =
{(v,j) :v e V1 <j <d,} and we call A, = {(v,75) : 1 < j < d,} the set of half-edges
with endpoint v. As in the configuration model, to a matching say o on A, we associate the
multigraph G = G(o) € G(d) where the half-edges are matched to form the edges of G.

The exploration is on the set of half-edges A and it is iterative. At integer step ¢, we partition
A in 3 sets, an half-edge may belong to the active set A;, to the unexplored set U; or to the
connected set Cy = A\(A; UU;). At stage t, a vertex with an half-edge in C; U A; will have a
pre-image by ¢ in Nf. We start with v € V, 49 = A,, Co = 0 and Uy = A\A,. Finally we set
¢(0) = v.

For integer t > 0, if A; # (), we define e, 11 = (¢(ir), ji) as the half-edge in A; such that i; is
minimal and (¢(i¢), k) ¢ Ay for k=1,---,j; — 1. Let Iiy1 = (Ay,, \{o(es+1)}) N U where vy
is the vertex such that o(e;41) € Ay,,,. It41 is the set of new half-edges and our partition of A
is updated as

Ay = A\{erv1,0(er11) U e
Us1 = U\ (Ley1 U{o(er1)}) (3.8)
Civ1 = CrU{e1,0(ee41)}

If o(etr1) ¢ Ay, we also set @((iy, jt)) = ver1. Finally, if A, = (), then the process stops.

We notice that the elements in C; are the half-edges for which we know by step ¢ their
matched half-edge. It implies that o(e;y1) € Ay U Uy. Moreover, for any vertex u, we cannot
have simultaneously A, NU; # () and A, N A; # (). With a slight abuse, we may thus write
u € Uy or u € Ay if, respectively, A, NU; # 0 or Ay, N Ay # 0. Now, if vq € Uy, then
Iy = Ay, \{o(et41)}, otherwise vy € Ay and Iy = (). Again, for integer k, the image by ¢
of the vertices of generation k in S, ¢(S NN¥), are the set of vertices in G at distance k from v.

For ease of notation, we set Xo = dy, X¢+1 = |[I141],

€41 = Ly €4, = 10(6t+1)6At
and
7 =inf{t : A; = 0}.
We get

t t
Al =dy+ Y (Xe—1—cx), |Ul=]Al—dy—> (Xp+1-er), [Ci|=2t
k=1 k=1
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Setting for ¢t > 7, e, = 0, we have by construction

G) =147~ e

t>1

As in the statement of theorem 3.15, consider a random multi-graph G,, with distribution G (dn).
For t € N, we consider the filtration F; = o((Aq, Uy, Co), - -« , (As, Uy, Cy)). The hitting time 7 is
a stopping time for this filtration. Also, the matching ¢ being uniformly distributed, given F,
if {t < 7}, o(et41) is uniformly distributed on Uy U A;\ey1. It follows that for u € [n],

Plogss = ulFy) = 12w W0 Ad{ern))]

|U| + |A] — 1
_ 1uEUtdu 1u€At(|AumAt‘ - 1€t+1€Au)
|Ue| + | As] — 1 U] 4+ |Ae| — 1

If o(ety1) € Uy, then Xyyy = dy,,, — 1 otherwise, o(esy1) € Ay and X;1 = 0. We recall also
that |U| + |A = |A| — |Cy| = |A| — 2t. We get, for k > 1

- k+1)
Zu Uy L kj_l(ﬁ k > 17
P(X1s1 = k|F) = { I TV R (3.9)
Youet AT T e k=0

For integer ¢, the variable |A;| depends on the size n of graph and from the initial condition
v. The next lemma implies that under P, the sequence of random variables |A¢| is tight in n
when v = ¢ is uniformly distributed on [n].

Lemma 3.16 (Tightness of active set) Under the assumption of theorem 3.15, consider the
exploration process on the rooted graph (G, (¢),0). There exists a constant ¢ > 0 such that, for
each integer t > 0, E|Aipn-| < c(t +1).

Proof. Let us use write d instead of d,,. We order the sequence set d = (dy,---d,) in non-
decreasing order, we get a permutation 7 of [n] such that dr(1) 2 dr) - = dr(n)- Let ng be
the number of non-null degrees. From assumption (Hy), P(0) < 1 and for all n large enough,
ng > 2. We may then define the set

ﬂ:{ﬂ(i):lgig%}.
This is the subset of vertices with the ng/2 larger degrees. We denote by A= U,eqQi and Qg
be the distribution on N,

k+1
Qa{k}) = —— Z 14,—k+1, fork>0.
A iell
We note that A
1Bl 1A <1a)- 2.
2 2
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We first define a sequence (Y;);>1 of i.i.d. variables with distribution Qg, such that for all
1 S t S 7’L0/4 - 1,

Xt/\T S Yt/\T- (310)

For t > 0, this is done explicitly by setting Y; 11 = dy, , — 1 for some random us1 € II such
that P(us1 = u|lF;) = dy/|A|. We order decreasingly the half-edges from 1 to A :

(r(1),1) = (7(1),2) -+ = (7 (1), drry) = (7(2),1) -+ = (7(n), drn))-

In particular, A is the set of |A| largest half-edge of A. We recall that |U; U Ay| = |A| — 2t and
that o(ey41) is uniformly distributed on Uy U Ai\epy1. Now, let 1 <t < 7A(ng/4—1), if o(er+1)
is the k-th largest half-edge of U; U (A;\er41) and k < \A] then we define u;y1 as the vertex
such that the k-th largest half-edge of A is in Ay, ,,. Otherwise, d,,,, is less or equal to any
degrees in II and we define ur+1 as the vertex such that the N-th largest half-edge of A is in
Ay,,,, where N is an independent variable uniformly distributed in A. Since 1 <t <ng/4—1,
we have |U; U A\ery1| = |A] — 2t — 1 > |A| = ng/2 > |A|. Tt follows that P(Yiiy € -|F;) = Qq
and X; <Y;. We deduce that (3.10) holds for 1 <t <my/4 — 1.

It yields that for 1 <t <mny/4 —1,

tAT tAT
doXi<) v (3.11)
i=1 i=1

Let D be a variable with law P. By lemma 1.4 we deduce,

, ED(D — 1)
] ElY] < 2=
im sup Y] < D

and n
lim — =P(D > 1).

n—oo n,

In particular, for n large enough, t < ng/4 — 1. Similarly, we have Xy = d, and by lemma 1.4,
we find
lim E[Xo] =ED.

n—oo

Finally, using (3.11), we take the expectation of |A¢| = Xo 4+ > 5_,;(Xx — 1 — ;) and the claim
follows. =

We extend the sequence (Xg,---, X;) for ¢ > 7+ 1, by setting for all s > 1, X-1 s =Y for
some iid sequence (Y;)¢>1 with distribution P.
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Lemma 3.17 (Convergence of exploration) Under the assumption of theorem 3.15, con-
sider the exploration process on the rooted graph (Gp(9),0). The variable (Xo, X1, -+, X;) con-
verges in distribution to P ®@ P®'.

Proof. Since X = dy, X converges in distribution to P. Note also that |A;| + 2¢ half-edges
are not in Uy. It follows by (3.9) that, if {¢ < 7} holds, for any k& > 0,

n

k+1

k+1
P(Xy11 = k|F) — Al—2t-1 Z lg=p+1| < Al—2t—1 (2t + [Ad]) -
i=1

By lemma 1.4 implies that |A|/n converges to ED, where D has law P. Hence, for any a > 0,
we get on the event {|4;| < a},

nh_{go P(Xi41 = k|F) = ﬁ({k})

However, by lemma 3.16, for each ¢ > 1, P(|Ain+| > a) < ¢(t + 1)/a. Hence the probability that
there exists 1 < s <t A 7 such that |As| > a is bounded above by ct(t + 1)/a.

Letting n tend to infinity and then a to infinity, it implies that (X, X1, -, X;) converges
weakly to P ® P®!, O

We introduce a variable that counts the number of times that two elements in the active sets
are matched by step ¢ :

Et = ZEk.

Lemma 3.18 (Asymptotically tree-like) Under the assumption of theorem 3.15, consider
the exploration process on the rooted graph (G, (9),0). For every integer t > 0, we have

limP (Et/\T 7é O) =0.
n

Ift <1 and E; = 0, the subgraph of G,, spanned by the vertices with all their half-edges in C; is
a tree.

Proof. We start with the second statement. To every vertex u with an half-edge in Cy U Ay,
there is an element i in N/ such that ¢(i) = u. We may thus order these vertices by the order
through ¢! in N. Every such vertex is adjacent to its genitor. By construction if F; = 0 or
equivalently if for all 1 < s < t, e = 0, then every vertex with an half-edge in Cy; U A; has a
unique adjacent vertex with a smaller index (and it is its ancestor). It follows easily that there
cannot be a cycle in the subgraph spanned by these vertices.
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If Einr # 0, there exists an integer s < t A 7 such that o(es) € As—1. It follows from the
union bond and the fact that {s < 7} € F;,

PE1<s<tAT:0(es) € As_1)

IN

Z 1s<t/\TP(U5+1 S As|fs)
s>0

(14s]
<
- H:?:z:|A|72571

From lemma 3.16, for each ¢t > 0, E|A4;| < ¢(t +1). Also, by lemma 1.4, |A|/n converges to ED,
where D has law P. The conclusion of the first statement follows. O

Proof of theorem 3.15. The proof follows the argument of the proof of theorem 3.12. For ease
of notation, we write (G, ) in place of (G,(9),0). We denote by p,,, the law of [G,,¢] and
p = GWT,(P). Define A = {[G] € G4 : (G)¢ =~ T} where T is a finite rooted tree of depth at
most t. From theorem 3.2, it is sufficient to prove that for any integer ¢ > 1 and any such rooted
tree T, p,,(A) converges to p(A).

The number of vertices of T is equal to some integer m. Let K be the set of elements of G,
such the number of vertices in (G); is less or equal than m. From lemma 3.18, if E,,o, = 1 and
[Gr,0] € K then (G, 0); is a tree. Moreover, by lemma 3.17, if [G,,, 0] € K, the number of off-
springs of vertices different from ¢ in (G, 9): converges in distribution to independent variables
with distribution P. The number of offsprings of root vertex ¢ converges to an independent
variable with distribution P. We deduce that

lim [P((Gn, 0)¢ = T') = p(A)| = im [P((Gr, 0) = T;[Gn, 0] € K) = p(A)] = 0.

The conclusion follows. O

Exercise 3.19 Let G,, be a Chung-Lu graph with distribution G(n, \,) with X, satisfying (HY).
By extending the proof of theorem 3.12, show that EU (Gy,) converges weakly to GWT,(Q) where
k) = [Poix(k)P(d\).

3.6 Concentration and convergence of random graphs

3.6.1 Bounded difference inequality

Let &7 --- X, be metric spaces and let F' be a measurable function on X = X} x -+ x A}, and
P a product measure on X. There is very powerful tool to bound the deviation of F' from its
mean when F' is Lipschitz for a weighted Hamming distance, i.e. for every x and y in X,

Zaklﬂ?k#yk < F(z ) < Zbk T FEYk (3.12)
k=1
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for some a = (a1, ,a,) € R™, b = (b1, -+ ,b,) € R". We denote by ||lyll2 = />_;y?, the

usual Euclidean norm.

Theorem 3.20 (Azuma-Hoeffding’s inequality) Let F' be as above, then

—2t?

This type of result is called a concentration inequality. It has found numerous applications in
mathematics over the last decades. For more on concentration inequalities, we refer to Ledoux
(2001). As a corollary, we deduce the Hoeffding’s inequality.

Corollary 3.21 (Hoeffding’s inequality) Let (Xy)i<k<n be an independent sequence of real
random variables such that for all integer k, Xy € [ag, bi]. Then,

n —t2
P (Z X, —EX; > t) < exp <222_1(bk — ak)2> . (3.13)

k=1

The proof of theorem 3.20 will be based on a lemma due to Hoeffding.

Lemma 3.22 Let X be real random variable in [a,b] such that EX = 0. Then, for all A > 0,

A2 (b—a)?
Ee*X <e B8

Proof. By the convexity of the exponential,

GAXS b_XeAa_’_X_ae/\b.
b—a b—a

Taking expectation, we obtain, with p = —a/(b — a),

b a
EAX < Xa _ Ab
c = p—af b—a"
_ (1 o4 pex\(bfa)) o—PA(b—a)
—  ep(A(b—a))

where p(z) = —px + In(1 — p + pe®). The derivatives of ¢ are
p(1 —p)
(1 —p)e= +p)*

Since ¢(0) = ¢'(0) = 0, we deduce from Taylor expansion that

"(z)=—-p+ b and ¢"(z) = <1
7 (I—ple®+p v 4

2

/ a? " z
() < 9(0) + 2¢'(0) + o070 = 5
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|

Proof of theorem 3.20. Let (X1, -+ ,X,) be a random variable on X with distribution P. We
shall prove that

—12
P(F(le ,Xn) _EF(XL 7Xn) Zt) < exp <2> )
2[|b — all3

For integer 1< k <n, let ./T"k = O'(Xl, cee ,Xk), ZO = EF(Xl, ce ,Xn), Zk = E[F(Xl, ce ,Xn)‘fk],
Zn = F(X1,---,X,). We also define Yy = Zp — Zx_1, so that E[Yy|Fr_1] = 0. Finally,
let (X7, ---,X,) be an independent copy of (Xi,---,X,). If E' denote the expectation over
(X1, , X)), we have

Zy =E'F(X1,  Xps Xpoys o+ X0).

It follows by (3.12)
Yk = ]E/F(Xla" ’ )kaXli;-i,-la'” )X;L) _]E/F(Xl)' o 7Xk—15XI£;7' T 7X';),) € [ak7bk]'

Since E[Yy|Fk—1] = 0, we may apply Lemma 3.22: for every A > 0,

A2 (b, —ag)?
8

E[e/\yku:k_l] <e
This estimates does not depend on Fj_1, it follows that
A2b—all3
8

EeMZn—Z0) _ E[6>\ZZ:1 Yk} <e

From Chernov bound, for every A > 0,

A?[Ib — all3
P(F(X1,+ Xn) = EF(X1, -, Xn) 2 1) Soxp (—M + g2 ).

Optimizing over the choice of A, we choose A = 4t/||b — al|3. O

3.6.2 Almost sure convergence of Erd6s-Rényi random graphs

Let G,, be an Erdés-Rényi graph with distribution G(n, A\/n) with A > 0 and n € N. As above,
we consider the random probability measure on G:

1 n
U(Grn) = - 25[Gn(i),i],
=1

where ¢ is the Dirac mass. The measure U(G),,) corresponds to the distribution of the random
rooted graph [G),(9), ¢] where the root is drawn uniformly over the vertex set.

Theorem 3.23 (Almost sure local weak convergence of Erd8s-Rényi graphs) Let A >

0 and for integer n > 1, G, 4 G(n,\/n) built on a common probability space. As n goes to
infinity, a.s. U(Gy) ~» GWT(Poiy).
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Proof.  Define p, = U(Gy), A ={[G] € G« : (G); ~ H} where H is a finite rooted graph of
diameter at most ¢. From theorem 3.12, it is sufficient to check that |p,(A) —Ep,(A)| converges
a.s. t0 0. For 1 <k <mn,let Z ={1 <i<k:{ik} € E,}, where E, is the edge set of G,,.
The vector (Z1,- - ,Zy,) is an independent vector and for some function F' (depending on n) :

n

pn(A) = 25[Gn,i] (4) = Z VG iyemrr = F(Z1, -+, Zn).
i=1

=1

If X} is the set of subsets of [k], F'is a function from X' = &} x --- X &}, to N. We cannot apply
directly theorem 3.20 since the function F' is Lipschitz with bad constants in (3.12). We shall
reduce our set X to obtain better Lipshitz constants. This makes the proof a little cumbersome.

Let M = maxi<j<y |Zi|. For each 1 < ¢ < n, the variable |Z;| is a Binary random variable
Bin(i — 1, A\/n). For # > 0, hence

Eef1%il = <1 _2 + )\69)11 < M),
non
From Chernov bound, we get

P(M >logn) < nP(|Z1] > logn)
ne 0108 n (e’ 1) (3.14)

IA

We define E,,, P,, as the conditional expectation and probabilities given {M < logn}. Since
0 < pn(A) <1, we find easily

P(M > logn)
1—P(M >logn)

IE.F —EF| <2

Choosing any 6 > 1 in (3.14) yields to
lim |E,F — EF| = 0. (3.15)
n— o0

Let ¢ = Ei;%) d®, where d is the maximal degree of H and take n sufficiently large such
that logn > c. We define X as the set of subsets of [k] of cardinal less than logn, and
X =X x---xX,. As a function on X, F satisfies (3.12) with —ay = by, = 2clogn. Indeed,
assume that zp = y for all but one coordinate, say i. Let G be the graph with edge set
U~ Uzimg Uz U--- Uz, To affect the value of F(z) — F(y) an edge must be of the
type {7,j} where 1 < j < i satisfies for some v € [n], j € Bg(v,t) and (G,v); is isomorphic to
a subgraph of H. Also, since the maximal degree in H is d, for this vertex j there is at most
c(logn) vertices v € [n] with j € Bg(v,t) and (G, v); isomorphic to a subgraph of H. Since the
|z;| < logn, we deduce |F(x) — F(y)| < 2c(logn)?.

Given {M < logn}, the vector (Zy,---,Z,) is still independent, we deduce from theorem
3.20 that

P, (|F —E,F| > s) <2 —ns”
— s exp | —+— .
" il = 8) = 28X 8c2(logn)*



3.6. CONCENTRATION AND CONVERGENCE OF RANDOM GRAPHS 61

So finally, we use the inequality
P(|F-E,F|>s) < P,(|F—E,F|>s)+P(M <logn).

The conclusion follows from (3.14) with § = 3, equation (3.15) and Borel-Cantelli lemma. O

A near consequence of theorem 3.23 and proposition 2.1 is the following.

Corollary 3.24 (Almost sure convergence of subtree counts) Under the assumptions of
3.23, let T be a tree with m edges and c elements in its automorphism group. Then, as n goes
to infinity X (T;Gy)/n converges a.s. to ¢~ \™.

Proof (sketch). Let H be a finite graph. From proposition 2.1, it is sufficient to check that
| X (H;Gp)/n — EX(H;Gy)/n| converges a.s. to 0. Define the continuous function f(G,9) =
ZFCG 1®EVF 1FzH- We have

nU(Gn)(f) =YY Licvelrca, = [ValX(H;Gp).
i=1 F~H

Note that we cannot apply directly theorem 3.23 since f is not bounded. To overcome this
difficulty, it is in fact simpler to prove directly that a.s. X(H;G,) converges. We skip the
details, but it is possible to compute the 4-th moment of X (H;G,,). It gives that

/

E(X(H7 Gn) - EX(H§ Gn))4 <

Bw‘ Q

In particular, X (H;G,) — EX(H;G,) converges a.s. to 0. O

Remark 3.25 (Concentration for graph functionals) In the proof of theorem 3.23, we have
checked the following inequality. Assume that L is a map from G(n) to R such that for some
d,¢ >0 and any G = ([n], E) € G(n) with degree bounded by § and e € E, we have

IL(G) — L(G —¢)| <,
where G — e = ([n], E\{e}). Then, if G i G(n,p), for any 8 >0 and t > 0, we have

—05 np(e?—1 —t°
P(|L(G) — pl = t) < ne et )+26Xp(8c252>’

where p = E(L(G)|M < §) and M was defined in the proof of theorem 3.23. This concentration
inequality is certainly not optimal but it will be useful in a few applications.
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3.6.3 Concentration inequality on uniform matchings

We start with an alternative statement of Azuma-Hoeffding’s inequality.

Theorem 3.26 (Azuma-Hoeffding’s inequality, second form) Let Zy,--- , Z, be a real mar-
tingale with respect to a filtration Fo,--- , Fn. Assume that for any integer 1 < k < n, almost
surely Zy — Zi_1 € |ag, by], then

—2t?
- 2

Proof. Setting Yy = Zy11 — Z, the proof is contained in the proof of theorem 3.20. O

From this form of Azuma-Hoeffding’s inequality, we are able to derive a concentration in-
equality on matchings. Let A be a finite set with even cardinal. We say that two matchings o, o’
on A differ from at most a switch if there exists a subset J, with |J| < 4, such that o(k) = o’(k)
for all k € A\J. Note that if |A| is even and o, o’ differ from at most a switch then either o = o’
(corresponding to J = )) or there exist i # j such that o(i) # j, ¢'(j) =i and o’'(c(j)) = o(4)
(corresponding to |J| = 4, see figure 2.1).

The next corollary is stated in (Wormald, 1999, theorem 2.19).

Corollary 3.27 (Concentration on uniform matchings) Let A be a finite set with even
cardinal and F' be a real function on matchings of A such that

|F(m') = F(m)| < ¢,

if m,m’ differ from at most a switch. Then, if o is a uniformly drawn matching of A,

2
P(F(0) — EF(0) > 1) < exp <|A‘tc2> .

Proof. Without loss of generality, we assume that A = {1,--- ,n}, with n = |A|. We may
identify a matching of A as the set of n/2 matched pairs. We order these n/2 pairs by the
index of their smallest element. We then define Fy as the trivial o-algebra and for 1 < k < n/2,
we define Fji as the o-algebra generated by the first k£ pairs of matched elements of 0. We
set Zy = E[F(0)|Fg], so that Zg = EF(0), Z,/2—1 = F(0). By construction, Zj is a Doob

martingale.

Let M(A) be the set of matchings of A. For 1 < k < n/2, an element o of M(A) can be
uniquely decomposed into (o;_,, 05 ) where o, € M(Ay_1) is the restriction of o to the k —1
smallest pairs and o7 € M(A\Ay_;) is the restriction of o to A\Ag_.

If vy is the smallest element of A\Ag_1, we set wy = o(vg) € A\Ak_1, so that Ay =
Ag_1U{vg, wi}. Now, for w € A\(Ag_1U{vk}), let M, denote the set of matchings of A\Ag_1
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such that m(vg) = w. Then for any w,w’ € A\(Ag_1 U {vr}), each m € M, corresponds to a
unique m’ € M, through the switch {{vk, w}, {w’, 2}} = {{vg, w'},{w, z}}, where m(w') = z.
This gives a bijection between M, and M/, and we set N = |M,,|. By assumption, we deduce
that for any w,w’,

Z F(o, ,m) — Z F(o,,m)| <c.

meEM,, meM,,/

Applying the above inequality to wg, we deduce that

1 _ 1 1 _
Fk Z F(O’k,m)—m Z Fk Z F(O’k,m) :’Zk—Zk,ﬂSC.
mEML, weA\(Ap1U{og}) ¥ meM,,
We may then apply theorem 3.26. O

3.6.4 Almost sure convergence in the configuration model

For integer n, let d,, be an array of variables satisfying assumption (Hj). Consider a sequence
(Gn)nen of random multigraphs with distribution G(d,,). As usual, we define the random prob-
ability measure on G,:

1 n
i=1

Theorem 3.28 (Almost sure LWC in configuration model) Let (d,)n>1 be an array sat-

isfying (Hp) for some p > 2. Consider a sequence random multigraph G, 2 é(dn) built on a
common probability space. Then as n goes to infinity, almost surely U(Gy,) ~ GWT,(P).

Proof.  Define p, = U(Gy) and A = {[G] € G, : (G); ~ H} where H is a finite rooted graph
of depth at most ¢. By theorem 3.15, it is sufficient to check that p,(A) —Ep,(A) converges a.s.
to 0. We write

npa(4) = 3 1(Guli), 1) = T) = F(0),
i=1
where F' is a function on matchings of A = {(4,7) : 1 <i <n,1 < j <d;} and o is uniformly
drawn matching on A.

Let M = max;c[, di(n) and d be the maximal degree of H and ¢ = ZZ;}) d®. If two matchings
m,m’ of A differ by at most a switch then |F(m)— F(m')| < 4cM. Indeed, a switch changes the
status 4 edges and, arguing as in the proof of theorem 3.23, the addition or the removal of an
edge can modify for at most c¢M vertices the value of 1((G,(i),7); ~ H). From corollary 3.27,
we get

_n2¢2
P(|F(oc) —EF(0)| > nt) < 2exp <16’A‘CQW> . (3.16)
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By lemma 1.5, M = o(n'/?). From Borel Cantelli lemma, we deduce that F(c)—EF (o) converges
a.s. to 0. O

Corollary 3.29 (Almost sure LWC in graphs given degree sequences) Let (d,)n,>1 be

an array satisfying (Hp) for some p > 2. Consider a sequence random multigraph G,, 4 G(d,)
built on a common probability space. Then as n goes to infinity, almost surely U(G,) ~

GWT,(P).

Proof.  Let Gy L3 (dy,) build from the random matching o. With the notation of the proof
of theorem 3.28,

P (|F(0) — EF(c)| > nt)
Bllpn(4) ~ Epn(4)| 2 1) < L B S8 B

It remains to apply (2.14), lemma 1.6 and (3.16). O

A consequence of theorem 3.28 and proposition 2.4 is the following. It can be proved along
the line of corollary 3.24.

Corollary 3.30 (Almost sure convergence of subtree counts) Let 1 < k < n, T be a
tree with k vertices and mazimal degree bounded by p > 2. Assume that T has ¢ elements in its
automorphism groups. Let (dy)n>1 be an array satisfying (Hap) and consider a sequence random

multigraph G, 4 Q\(dn) built on a common probability space. Then a.s.

k

= C_I(ED)_k_l HE [(D)deg(i;T)] J
=1

X(T; Gn)

lim
n
where D has distribution P.

Remark 3.31 (Concentration for graph functionals) The proof of theorem 3.28 contains
the following concentration inequality. Let d = (di,--- ,dy) be integer vector with S =Y. | d;
even. Assume that L is a map from @(d) to R such that for some ¢ > 0 and any G,G" € @(d)
which differ by a single switch of edges, we have

IL(G) - L(G)| < ¢,

Then, if G 4 QA(d), for any t >0,

42
P(IL(G) — EL(G)| > 1) < 2exp (g) |

If moreover d is graphic, then the same bound holds for G L G(d) by replacing EL(G) by EL(G)
and the constant 2 in front of the exponential by 2/IP’(CATY is a graph) where G A QA(d)



Chapter 4

The giant connected component

In this chapter, we will study the size of the connected components of our random graphs. In the
first two sections, we shall start with some classical results on Galton-Watson trees and random
walks.

4.1 Growth of Galton-Watson trees

A GWT can be an infinite or a finite tree. Consider a GWT with offspring distribution P, and
let Z, = |V N N"| be the total number of n-th generation vertices, we have

Zo=1 and Zp4 = Z N;,
ieVNN©n

with the usual convention that the sum over an empty set is 0. We denote by (X, 1, , Xpn z,)
the number of offsprings of n-th generation vertices, we get

Zn,
Zo=1 and Zn1=» Xpi (4.1)
=1

The collection (X, ;) is an i.i.d. array of random variables with distribution P. The process
(Zn),m € N, is called a Galton-Watson branching process. It represents the evolution with
generations of the size of a population. There are Z,, individual of generation n and all individuals
give birth independently of a random number of children with common distribution P. It is clear
that the state 0 is an absorbing state of the process (Z,,),n € N. The probability of extinction p
is defined as
p=PEn>1:Z,=0)=P () Z,<o0).
n>0

65



66 CHAPTER 4. THE GIANT CONNECTED COMPONENT

The probability of extinction is the probability that the GW'T is finite. We define the generating
function, for z € [0, 1],

p(z) =E[zX] =) P({k})z",

k>0

where X has distribution P.

Theorem 4.1 (Extinction probability for GWT) For a GWT with offspring distribution
P,

(i) IfEX <1, then p=1.
(i) If EX > 1, then p is the unique fized point in (0,1) of v = ¢(x).

(ii)) IfEX =1 and P(X =1) <1 then p=1.

For a GWT with degree distribution P, we still denote by p the probability of extinction,
i.e. the probability that the tree is finite. Let X be a random variable with distribution P and
P(z) = E[z%] = 3", P({k})z* be the generating function of P. With the above notation for
P, we find -

e EX(X 1)
s M B =g

Corollary 4.2 (Extinction probability for GWT,) For a GWT with degree distribution P
and 0 < Y-, 0P({) < oo,

(i) IfE[X(X —2)] <0, then p=1.

(i7) If E[X (X —2)] > 0, then p = p(p) where p is the unique fixed point in (0,1) of v = p(x).
(iii) IfE[X(X —2)]=0 and P(X =2) <1 then p=1.
Corollary 4.3 (Extinction probability for Poisson-GWT) If the offspring distribution is

Poiy for some A > 0. Then if A < 1, p =1, while if A > 1, p is the unique solution in (0,1) of
the equation

x =Nl (4.2)

Proof of theorem 4.1. We define the moment generating function of Z,,, ¢, (x) = E[z%"]. From
(4.1), it follows that

po(z) =z and  @pi1(z) = ZP(Zn =k)E
e

k
11 X] = onl(p(@))
=1
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We deduce that ¢, = ¢ o---0 ¢ is the n-th composition of ¢. The event {Z,, = 0} is non-
decreasing in n. It follows that

p=1imP(Z, = 0) = lim ¢,(0).

Now p, = ¢n(0) satisfies pg = 0, pp+1 = ¢(pn) and lim, p, = p. We deduce that p is the
smallest solution in [0, 1] of the equation x = ().

Since ¢ is convex, the derivative of f(z) = p(z) — =, f'(z) = ¢'(x) — 1 is non-decreasing,
/(1) =EX —1. f EX < 1, f is decreasing and the unique fixed point of p is p = 1. T EX > 1,
f there is a second fixed point in (0,1). This proves (i) — (it).

For (iii), we notice that if EX = 1, then Z, is a non-negative mean one martingale with
respect to the filtration F,, = 0(Zy, Z1,- -+, Zp). Let Foo = 0(UpFy), from Doob’s martingale
convergence theorem, there exists a F..-measurable random variable Z, such that a.s. lim,, Z, =
Z and Z, = E[Z|F,]. Let A = {Z = 0}, since Z,, = 0 implies Z = 0, we have p = P(A).
Similarly, E[14|F,] is a bounded martingale and from Doob’s martingale convergence theorem,
a.s. lim, E[14]|F,] =14 (Levy’s 0-1 law).

Now, we notice that P(A|F,) > P(X,1 = -+ = Xz, = 0) = P({0})%* > 0. From what
precedes Z, converges a.s. to Z and we deduce that a.s.

14 =1mE[14|F,] > P({0})Z > 0.

It follows that a.s. 14 = 1. O

Proof of corollary 4.2. Let T be a GWT,(P), for 1 <i < Ny, let T; be the rooted subtree of T
on the vertex set V; = VN {i € N/ :4; =i}. Then T --- , Ty, are i.i.d. GWT(P), independent

[
of Ny. The event {7 is finite} is equal to the event that all subtrees are finite, hence,

p=> PN, =k)p" = p(p).
k>0

To conclude, we apply theorem 4.1. O

Corollary 4.4 (Growth of GWT) With the above notation, let p = EX and i = EX =
E[X (X —1)]/E[X].

(i) For a GWT with offspring or degree distribution P, there exists a random variable W such
that a.s.

Z,
lim == = W.
nout

(i) For a GWT with degree distribution P, there exists a random variable W such that a.s.

Z
noppt
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Moreover, conditioned on non-extinction, W is positive. Finally, if [ 2PdP < co for some p > 1
in case (i) or p > 2 in case (it) then EW = 1.

Proof.  We note that for (i) and (ii), Z,,/p" and Z, /(uji" 1) are non-negative martingale with
mean 1 with respect to their natural filtration. The statement follows then from the martingale
convergence theorem. a

We conclude this section with the continuity of the extinction probability as a function of
the offspring distribution. For a probability measure P € P(Z;.), we define p(P) € [0,1] as the
smallest solution of ¢(x) = x where ¢ is the generating function of P.

Lemma 4.5 (Continuity of extinction probability) The map P +— p(P) from P(Z4) to
[0, 1] is continuous for the weak convergence at any P # 01.

Proof. Take P # ¢;. Fix a sequence of probability measures P, with P, ~» P. Setting
pn = p(Pp), p = p(P) we should prove that p, — p. We denote by ¢, and ¢ the generating
functions of P, and P. For any € > 0, we have the uniform convergence

max _|¢n(z) — ¢(x)| — 0. (4.3)
z€[0,1—¢]

We first prove that liminf,, p, > p. Consider a subsequence of p, converging to p’ € [0,1]. If
p' < 1 then for some ¢ > 0 and all n’ large enough p,» € [0,1 — ¢]. Hence using (4.3), we find
that

0= @ (o) = P = @lpw) = pw +0(1) = @(p') — p' + o(1).
In particular ¢(p’) = p’ and p’ = p < 1 since there is at most one solution in [0,1) of ¢(x) = x.
Indeed, since P # §1, ¢ is strictly convex.

To conclude of the proof of the lemma, it remains to check that limsup,, p, < p. We may
assume that p < 1 otherwise there is nothing to prove. Fix any x € (p, 1), the function ¢ being
strictly convex ¢(x) —x < 0. From (4.3), we deduce that for all n large enough, ¢, (x) —z < 0.
In particular p, < z. Since x may be arbitrarily close to p, we get limsup,, pn, < p. O

4.2 Random walks and branching processes
We consider a Galton-Watson Branching process (Z,),>0 with offspring distribution P:
Zn
Zo=1 and  Znj1=)» X,
i=1

where (X,,1), (n,i) € N2 is an i.i.d. array of random variables with distribution P. When the
process reaches 0, we pay attention to the total population size

T:ZZn.

n>0
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We will interpret 7 has the time that a random walk hits 0. Informally, imagine that we reveal
one by one, for each individual, its number of offsprings. For integer ¢ > 0, we define A; as the
set of active individuals, i.e. the set of individuals whose parent has been revealed but whose
offsprings are still unknown. At time 0, there is one ancestor individual in Ag. For integer ¢ > 0,
if A; # 0, we pick an individual in A;. We remove this individual from A;, add its offsprings
and we get A;y1. The process stops when A; is empty for the first time.

More formally, an individual is defined as a couple v = (n,i),n > 1,1 < i < Z,, where
n is its generation, and 4 its index within its generation. The individual v has X, = X, ;
offsprings. Now since Z,,;1 is the sum of the number of offsprings of generation n individuals,
we may define the set of offsprings of (n,1) as [,y = {(n+1,1),--- ,(n+1, Xy 1)}, of (n,2) as
I(n72) = {(n + 1,Xn71 + 1), s, (n + 1,Xn71 + Xn,2)} and up to I(n,Zn) = {(n + 1, ZZ;% Xn,k +
1), ,(n+1,Z,41)}. Weset Ag = {(0,1)}. For integer ¢t > 0, if A; # (), we define v;11 as the
oldest individual in A; (i.e. the smallest individual in lexicographic order) and set

Appr = Ae\{ve1} U Ly, -

Notice that |I,,,,| is independent from A;. In particular, if S; = |A;| and X;;1 = X, ,, we have
So =1 and
St+1 =5t — 1+ X4,

and (X3) is an i.i.d. sequence with distribution P. (S;) is nothing else that a random walk with
ii.d. increment (X; —1). Moreover

T=inf{t >1:85, =0}.

Therefore, hitting time properties on random walks translate into properties on the the total
population size in Galton-Watson branching processes.

4.3 Hitting time for random walks

Let P be a probability measure on R and let X, (X,,),n € N, be a sequence of i.i.d random
variables with distribution P. For integer ¢t > 1, let Sy = x + Zle X, be a simple random walk
starting at Sp = x > 0. (S;) is a Markov chain and we denote by P* is distribution given Sy = x.
We define

7 =inf{t >1:5; <0}.

We assume that E|X| < co. It follows easily from the law of large numbers that if EX < 0 then
7 is a.s. finite while if EX > 0, the event {7 = oo} has positive probability under P*, = > 0.
Recall that if the characteristic function (f) = Ee?X is differentiable in a neighborhood of 0
then

¢ (0) =EX.

In particular if EX < 0, there exists 6 > 0 such that ¢(0) < 1. Similarly, if EX > 0, there exists
6 < 0 such that ¢(0) < 1.
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Theorem 4.6 (Hitting time estimates) Let X be a real random variable and (Si)i>o0 be as
above.

(i) IfEX <0, let 6 > 0 in the domain of ¢ such that p(0) < 1. Then P*(r > t) < %o (0)t.
(1) If EX >0, let < 0 in the domain of ¢ such that ¢(0) < 1. Then P*(r < o0) < 7.
Proof. Assume first that EX < 0. M; = %5t /p(6)! is non-negative martingale with mean

My = €% with respect to the filtration F; = o(Sp, - - - ,.S;). From Doob’s optional stopping time

theorem, we have
E*[M;] < E*[p(0) 7] = .

Then, since 0 < ¢(f) < 1, from Markov inequality,
P(r > t) = P(p(0) " > ¢(0)") < ep(0)".

Assume now that EX > 0. Let (M) be as above and ¢ > 1 be a fix integer. From Doob’s
optional stopping time theorem, we have

E*[Mypt] = €72
Now, we notice that M., > 1,<¢M;. In particular, since M; > ¢(6)™7 > 1, we get

P(r < t) <.
The above inequality holding for all t > 1, we deduce statement (i7). O
Corollary 4.7 (Hitting time for Binary variables) Let A\ > 0, n be an integer, and o =

A—1—logA > 0. We assume that X =Y —1 where Y is a binary random variable Bin(n, \/n).
Then

—at

(i) If X < 1, then P*(1 >t) < X\ %e

A
(ii) If A > 1, then P*(1 < o0) < A77%.
Proof. From the inequality for all real z, (1 + z) < e®, we get for real 0,

EefY — <1 A + Ae") < M),

n n

The left hand side if the characteristic function of a Poisson random variable. We get
(p(@) < 6)\86_)\_9.

We then minimize the exponential over 6, it gives § = —log A and ¢(f) < e~*. We may now
apply theorem 4.8. O

The next lemma is a follows direcetly from Chernov bound.
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Lemma 4.8 (Chernov bound) Let X be a real random variable and (Si)i>0 be as above and
©0(0) = EePX. Then for any x > 0 and integer t > 0,

(i) If 0 > 0 is in the domain of ¢ then PO(S; —ES; > 2) < e % (h)te tEX,
(ii) If 6 < 0 is in the domain of ¢ then PO(S; —ES; < —x) < efp(0)te tEX,

Corollary 4.9 (Chernov bound for Binary variables) Let A > 0, n be an integer, and
v(z) = (x +1)log(l1 +z) —x > 0. We assume that X is a binary random variable Bin(n, \/n),
and let (S¢)i>0 be as above. Let x > 0, then

(i) PO(S; — tA > Mz) < e (@),
(i) PO(S; — th < —Atz) < e (@),

Theorem 4.10 (Hitting time for heavy-tailed variables) Let X be real random variable
and (St)i>0 be as above. If EX < 0 and E|X|* < oo for some a > 1, then for any x > 0,
E?[19] < 0.

Lemma 4.11 IfY is a real random variable such that EY < 0 and E|Y'|* < oo for some a > 1.
There exists a constant xo > 0 such that for all x > xo, Elx + Y|* < x2.

Proof. It is sufficient to prove that,
lim E [z (|l +27'Y[* = 1)] = aEY <0.
T—r00

Let n = [a] > 1 be the integer part of @, and r = a—n € [0,1). Forall y <0, (1+y)"* < 14+y“Ay,
and .
n
() = k) < Tyt 3 () 0+
k=1
For all z > 0, |1+ 271V |* < (1 + |27 1Y|)?, we get

V| n n ‘Y‘k ‘Y‘kJru
r (‘1+ o 1) < Y] +Z <k> (xk—l + xk+u—1> :
k=1
The conclusion follows by dominated convergence. O

Proof of theorem 4.10. We set Sp = =z and p = EX. There exists L > 0, such that
EX1x>_r <0. The hitting time of the negative half plane of the random walk with increments
(X¢1x,>_1)¢ is larger than the hitting time of the original random walk with increments (X;);.
It is thus sufficient to prove the theorem for a random variable X with support in [—L, c0) for
some L > 0. Then since S,_1 > 0, we note that S, < —L. We introduce the random variables

t

2(5; —
th: - T and Mtzzn:t—w
1] — |1l
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we write

T 2 2\

Ta = Z(l—th)—i-fZXt

2T T &

20171 <’M7|a+ <2|S‘f‘x|> >
|l

2(L @
20[1’MT|04+2041< ( "i“:f)) )
7

IN

IN

It is thus sufficient to prove that E|M,|* < oo. For t integer, let Z; = |Mis|%, then (Z;);
converges a.s. to |M;|¢ and

t @ t
EZ <E (Z |YS|> <t VY RV < B[V < oo
s=1

s=1

Now, since {7 >t + 1} is F;-measurable,

EZty1 = Z) = E[(Zt+1 — Zt)1r>t41]
= E[E[|M1|* — [M|* | F] Lr>e41]
E [E [|M; + Yig1|* — [My|* | ] Lrzeq1]

By construction, for all 1 < ¢t < 7, S; > 0, and in particular, My =t — 2(S; — x)/|p| > t. We
may then apply lemma 4.11, we get that for all ¢t > z¢, E[Z;41 — Z;] < 0. We have proved that

supEZ; < sup EZ; < oo.
t>1 1<t<xg

We conclude by Fatou’s lemma: E|M,|* < liminf; EZ; < co. O

Remark 4.12 Let (P,), be a sequence of probability measures on R. We assume that under
Pn, (X¢)e>1 s an i.i.d. sequence with distribution P,. We consider the random walk S; =
T+ 22:1 X started at x > 0. We assume that for some p <0, for all n, E,X = [zdP, < p,
and that the random variable | X |* is uniformly integrable over (P,,),. Then the proof of theorem
4.10 actually shows that there exists a constant C' > 0, such that for all n, E,7* < C.

4.4 Emergence of the giant component

We now take interest to existence of a giant connected component in a random graph. To be
more precise, let G = (V, E) be a locally finite graph. For v € V| we define G(v) as the connected
component of the graph G that contains the vertex v. If V is finite, we may take interest to the
size of the largest component: max,cy |G(v)|. If G is an Erdds-Rényi random graph, there is a
celebrated phase transition for the size of the largest component.
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Theorem 4.13 (Giant component in Erdés-Rényi graph) Let A >0, a = A—1—log A >
0, and let Gy, be a sequence of Erdds-Rényi graphs with distribution G(n, \/n) built on a common
probability space.

(i) If 0 < X < 1, then for any ¢ > 1/a,

lim P <maX\Gn(v)| > clogn) =0.

n—oo vE [n}

(ii) If A > 1, then a.s.
i A%l |Gn(v)|
im =1-—p,

n—o0 n

where p is given by (4.2). Moreover there exists ¢ > 0 such that a.s. for all n large enough
the second largest connected component is larger that clogn.

This theorem is consistent with theorem 3.12. Indeed, (G,,(1), 1) converges in distribution to
GWT(Poiy). Since the event {|G,(1)| < ¢} is measurable with respect to (G(1),1), we deduce
that

lim (G, (1)] <€) = B(r < ¢),

where 7 is the total population of a Galton-Watson branching process with offspring distribution
Poiy. We deduce that

lim imP(|G(1)] < t) = p.

t—oo n

In the proof of theorem 4.13, we shall see that if 0 < A < 1, a.s.

maX,efy) |Gn(v)|

. 2
lim sup < —
n—00 log n «

Similarly, if G is a graph with given degree sequence, there is a phase transition for the
size of the largest component. The probability of extinction of a Galton-Watson with degree
distribution P is a scalar p given by corollary 4.2(i7):

p=¢(p) with p smallest solution of @(z) = z. (4.4)

Theorem 4.14 (Giant component in configuration model) Let (d,,),>1 be an array sat-

isfying (Ha). Consider a sequence random multigraph G, 4 QA(dn) built on a common probability
space. Let D be a random variables with distribution P.

(i) If ED(D —2) < 0 and (Hi4q) holds for some o > 1 then for any ¢ > 1/a,

lim P <max |Gr(v)| > nc> =0.

n—oo vE n}
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(i) If ED(D —2) > 0, then a.s.

Gn
i el Gn(0)| _ -

n—oo n

where p is given by (4.4). Moreover there exists ¢ > 0 such that a.s. for all n large enough
the second largest connected component is larger that clogn.

The statement of theorem 4.14(7) could not be much improved. Indeed, notice that the
maximum degree of a graph is a lower bound on the size of the largest connected component.
However, if 3 > o and P(D > t) ~ 7177 then ED'*® < 0o and the maximum degree in G, will
typically be of order n'/(1+5),

Using corollary 2.20, we will find that

Corollary 4.15 (Giant component in configuration model) Let (d,),>1 be an array sat-

isfying (Hs). Consider a sequence random multigraph G, 4 G(d,,) built on a common probability
space. Then the conclusion of theorem 4.14 also holds for G,,.

In the next two sections, we give a proof of theorems 4.13, 4.14. It will be based on the
correspondence between random walk and branching processes. For example, for the proof of
theorem 4.13, we will explore the connected component G(v) as in (3.5). With the notation of
section 4.2, we define X; = |I;| and S; = |A4|. So that

~

t
Si=1+> (Xp—1), [Ul=n-1-) X,
k=1 k=1

and

|G(v)] =7 =inf{t >1:5, =0}

We will have to deal with a non-homogeneous random walk.

4.5 Erdos-Rényi graph : proof of theorem 4.13

4.5.1 Proof of theorem 4.13(7)

Step one : coupling from above. Let G = G, is an Erdds-Rényi graph with distribution
G(n,A/n) and 0 < A < 1. We consider the exploration procedure (3.5) started from v € [n]. We
introduce the filtration F; = o((Ao, Uo, Co), -+, (As, Up, Ct)). The hitting time 7 is a stopping
time for this filtration. Also, for integer ¢ > 0, given Fy, if {¢ < 7}, X;41 has distribution
a binary random variable Bin(|U;|, A\/n). In particular, if &4 is given F;, a binary variable
Bin(n — |U¢|, A\/n) independent of X;. Then Y;11 = Xi41 + &1 is a binary variable Bin(n, A\/n).
In particular,
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It follows that

T§T+:inf{t21:1+Z(Yi—1):0}. (4.5)

i=1
Step two : fast extinction. Now, from corollary 4.7, we deduce that
P(ry >t) < A le ™, (4.6)
Let ¢ > 1/a. It follows that, for v € [n],
P(r > clogn) = P(|G(v)| > clogn) < A~ 'n~%c.

The union bond yields to
P <mz{u§ |G(v)| > Clogn) < A iptee
ven

We obtain theorem 4.13(7).

4.5.2 Proof of theorem 4.13(i7)

Step one : coupling from below. This time we shall try to lower bound X;. We assume
that A > 1. Let 1/2 < 8 < 1, we define the stopping time

t
TBZT/\inf{t21:ZXi22n’6}.

i=1

Also, for integer ¢t > 0, given Fy, if {t < 73}, X4 has distribution a binary random variable
Bin(|Uy|, A\/n) and |U;| > n — 2nP. In particular, on the event if {t < 73}, we may define
Ziy1 = Yy Y1 .uyer, Where the sum is over the first m = n — [2n”] elements of U; in
lexicographic order. By construction, given F;, Z;41 is a binary variable Bin(m,A/n) and
Xiv1 > Ziqq. In particular,

t/\TB t/\Tg
Z Z; < Z X;. (4.7)
i=1 i=1

Step two : fast extinction or long survival. For ease of notation for any positive real, we
set A¢(v) = Ay (v) where we write A;(v) in place of A; to explicit the dependence of the starting
point in the exploration procedure. We are first going to prove with probability tending to 1, for
all vertices v, either |G(v)| < ¢1logn or |A,s(v)| > con®, where c1, is a positive constants that
will be chosen later and any 0 < ¢ < 1 A (A —1). Note in particular that this implies that for
all vertices either |G(v)| < ¢1logn or |G(v)| > can”. The complement of this event is contained
in the event

Q, = {Elv € [n]: Aeyrogn(v) # 0 and Feglogn <t < nf 1A (v)] < CQt} .
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From the union bond, its probability is upper bounded by
P(Q,) < nP (Acl logn 7 0 and Je¢jlogn <t < n? . |As] < CQt)

< nP (Ac1 logn 7 0 and Feylogn <t <nf . | Atars| < ca(t A TB)) . (4.8)

Indeed, if for some integer t, 2221 X; > 2n” then for all t < s < nP, |As] > 1+ mP—s>s
(recall that [A;] =1 —¢+>'_, X;). We may thus use (4.7),

o] t
P (Ac1 logn # 0 and Jeilogn <t < n? | Ainrg| < ca(t A Tg)) < Z P (Z Zi < (14 co)t

t=[c1logn] i=1

We define ' = EZ; = ™ = X\(1 — [2n°]/n), then for all n large enough, X' — 1 is larger than
co. It follows

P <Zt: Zi < (1+ c2)t> = P (Zt:(zi —N)<—t(N —1- CQ))
i=1

=1

N —1—
7A/t’y( 7 52)
(&

= i

where we have applied corollary 4.9. From (4.8), it follows easily that

N—1—
1701AI’Y< N CQ)
n
- .
l—cl)\"y(i)‘ ;, 82)

Now as n goes to infinity, \' converges to A. Thus, if we pick some ¢; > 1/(Ay(A —1 —¢3)/N)),
we have proven that with probability tending to 1, for all vertices v, either |G(v)| < ¢1logn or
| A (v)] > con®.

P(Q,) <
1—n

More generally, for any a > 0, the constant ¢; can be taken large enough so that €2, has
probability O(n~?).

Step three : at most one giant component. Assume that 2¢ holds and that there are
two vertices u, v such that |G(u)| > ¢1logn and |G(v)| > ¢1logn. Then, either the exploration
processes will intersect by step n® and G(v) = G(u) or they have disjoint active sets A;(u), As(v),
for all 0 < s,t < n” and A,5(u), A,s(v) have cardinal at least con®. In such case, given
(A,8(u),Cs(u), A,s(v),Cphs(v)), the probability that there is no edge between A, s(u) and

An@ (’U) 18
[A,8W)|A, 5 (v)] 2n28
(1 — A) < (1 — A) < exp (—/\cgnw*l) .
n n

Hence, since 1/2 < § < 1, we deduce that G(u) = G(v) with probability tending to 1. Thus the
probability that there is at least two components of size at least ¢ logn is upper bounded by

2,.28—1
P(S2,) + n? exp (_A2> ,

) |
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which goes to 0.

We will call the largest connected component of the graph, the giant component of the graph.
We have however not checked yet that there exists with high probability a component of size at
least n?.

Step four : expected size of the giant component. Let n be an integer large enough
such that ¢;logn > 2n® and 7_ = inf{t > 1: 1+ >, (Z; — 1) = 0}. From (4.7), we note also
that P(|G(v)| > ¢1logn) > P(7— > c1logn). Also in section 4.2, we have seen that 7_ has the
same distribution than the total population in a branching process with offspring distribution
Z1 = Bin(m, \/n). If p_ > 0 is the probability of extinction of this branching process, it follows
that

P(|G(v)| > c1logn) > 1 —p_.

Similarly, from (4.5),
P(|G(v)| > c1logn) < P(ry > ci1logn) =1 — pp —P(erlogn < 71 < 00),

where p; is the probability of extinction of a branching process with offspring distribution
Y = Bin(n, A/n). Remark that if 7, = ¢ then

t

14+ (Vo= X)) =—t(A—1).

s=1

Hence, by corollary 4.9,

o] t
P(cilogn <7y <o) <y P <Z(YS —\) < —t(\— 1))
t=cy logn s=1
< ¥ e M(35)

t=[c1logn]
A—1
pl=e M (557)

1 —plaM(35h)

For our choice of ¢1, the above expression goes to 0.

Recall that from (2.7), the binary random variables Bin(n,A/n) and Bin(m,A/n), m =
n — 2nP, converge weakly to a Poisson random variable as n goes to infinity. Hence, by lemma
4.5, as n goes to infinity, p_ and p; converge to p, where p is given by (4.2). It yields that for
any v,
liTILnIP’(\G(v)] > cplogn) =1—p.

In particular the expected size of the giant component is equivalent to (1 — p)n.
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Step five : a.s. size of the giant component. Now, it remains to improve this convergence.
Let I, = 1ig(v)|<crlogn @A L = 3201 1iG(v)|<c1 logn, We have already proved that

. EL,
lim =

n—oo n

1—p.

The proof of theorem 4.13(ii) will be complete if we prove that a.s.

L,—EL
lim ———" =0. (4.9)
n—o00 n
We may use a concentration inequality. Note that removing an edge e = {u,v} of the graph G
cannot decrease the function L, (G). Moreover, if G’ = G — e is the graph where the edge has

been removed, we find
Ln(G,) — L, (G) < ’G/(U)H\G’(u)lgcl logn T ‘G/(U)‘llG/(ngcl logn < 2¢1 log n.

We may thus use remark 3.25 for 6 = logn, 8 = 3 and ¢ = 2¢; logn. Statement (4.9) follows
from Borel-Cantelli lemma. O

4.6 Configuration Model : : proof of theorem 4.14

4.6.1 Proof of theorem 4.14(7)

Step one : coupling from above. Let G = G, with distribution G (d,). We consider now
the exploration procedure (3.8) starting from v € [n]. We set 7 = inf{t > 1 : |4 = 0}, for
0<t<7-1, 641 =1y, €4, and g = 0 for t > 7. Again, we define X; = |I;| and S; = |Ay|.

So that
t t

Se=dy+Y (Xp—1-¢p), [Ul=|A-dy—> (Xp+1—ep),
k=1 k=1

and

G) =147~ e

t>1

We also set

We consider the filtration F; = o((Ao, Uy, Co), -+ , (A, U, Ct)). The hitting time 7 is a
stopping time for this filtration. We recall also that |U;| + |A¢| = |A| — |Ct| = |A] — 2t and from
(3.9), for every k > 1

14, — (k+1)
Z u du'@% k > 17
ueUs |A‘ 2t—1 At‘_l (410)

ldu:1 ‘ J—
2ouet, A5 Y s =0

P(Xt+1 = k|-7'—t) = {
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Hence, as for Erdos-Rényi random graphs, we have to deal with a non-homogeneous random
walk. We will rely on coupling techniques. The argument will be slightly more involved. Let
a < 8 < 1be areal number that we will chose later on. We order the sequence set d = (dy, - - - dy,)
in non-decreasing order, we get a permutation 7 of [n] such that dr1) 2 dr(a) -+ 2 dy(n)- Let
ng be the number of vertices with degree different from 0. We then define the set

Iy ={n(3) : 1<z<n0—n0} (4.11)

This is the subset of vertices with the ng — ”0 larger degrees. We denote by Ay = Ujerr, 4
and @4 denote the distribution on integers,

k+1
Q i E 1d =k+1; fOI‘kZO
A5
velly

We first define a sequence (Y;)¢>1 of i.i.d. variables with distribution @4, such that for all

8
1<t<np,

Xt/\‘r S }/t/\T'

This is done explicitly by setting Y;11 = dy,,, — 1 for some random wu;y1 € Il such that
P(ugr1 = ulFy) = dy/|A4|. We order decreasingly the half-edges from 1 to A, by setting

(r(1),1) = (x(1),2) -+ > (7(1), dr(r)) = (7(2),1) -+ = (7(n), drir))-

In particular, A is the set of |A4| largest half-edge of A. We notice that |[AL| < |A] — ng
and recall that |U; U Ay| = |A| —2t. Now, let 1 <t < 7A n€/2, if o(e441) is the k-th largest
half-edge of U; U A; and k < |AL| then we define us41 as the vertex such that the k-th largest
half-edge of A. Otherwise, d,,,, is smaller or equal than any degrees in I, and we define w1
as the vertex such that the N-th largest half-edge of A, where N is an independent variable
uniformly distributed in A,. Tt follows easily that Pq(Yi41 € <|F) = Q4 and Xy < Y.

From what precedes, for 1 <t < ny / 2

tAT tAT
DXy v
=1 =1

We set

It follows that for all 1 <t < n'g /2,

{r=t} c{r =1} (4.12)
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Step two : fast extinction. Now, in I, we have removed the ng smallest positive degrees.
By assumption (Hp),
lim 2 = P(D > 1) > 0. (4.13)
non
Also, there exists 7 > 1 such that ¢ = P(1 < D < 7) > 0. Hence, by assumption (Hy), for all n

large enough,
n

d 11 <d; <7)>q/2.

1
n
i=1

In particular, for all i € {1,--- ,n}\Il} and n large enough, d; < 7. We deduce that

Ay > [A] =D d(i ¢ T0y) > > d; — g
i=1 i=1

By assumption (Hj), it yields
lim M =ED.

n—oo N

From assumption (Hj) and the definition of @, we have proved that

. o di(di —1) _ED(D - 1)
Jm E[Y] = lm ), —pe=t = ——pn— <1
ielly
_ _ di(d; —1)* ED(D — 1)~
lim E[Y% = 1 = .
Jm BYS) =l ) = ED
Z€H+

We use the inequality E[|Y — 1]|%] < 2271(EY* + 1). Then, Markov inequality implies that
for any ¢ > QQ_I(W + 1), for all n large enough and ¢t > 1, P[|Y — 1| > t] < ¢t~®. This
implies for all 1 < o/ < a that the sequence of distributions P(|Y — 1|*" € -) are uniformly
integrable in d = (dy,--- ,d,), n € N.

We may thus apply theorem 4.10 to the variables (Y —1) and the scalar o’ (see remark 4.12).
We get from (4.12) that for some constant ¢; > 0, there exists n; such that for all n > n;, and
1<t <nP(D >0)/4,

P(r >t) < et ™.

Now, let 1/a < ¢ < 1. We could have chosen 8 and o such that 1/a/ < ¢ and ¢ < 8 < 1,
then for all n all large enough n¢ < n’P(D > 0)/2. We may thus apply the above inequality to
t = n¢, from the union bond, for all n large enough,

vE[n|

P <max |G(v)| > nc> < e

We obtain theorem 4.13(7).
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4.6.2 Proof of theorem 4.14(i:)

Step one : coupling from below. Let 1/2 < 8 < 1, we define again the stopping time

t
Tf;:T/\inf{tZl:dv—}—ZXizélnﬁ}.
=1

We may assume that n is large enough so that |A| > ng > 4n®. As abocve, we consider the
ordering < on the set A. We define A_ as the |A| — [4n®] smaller terms of A. We set

I_={ien:31<j<d;,(i,j) € A_}.
If |II_| = m, then II_ is the subset of vertices with the m smaller degrees.
We introduce the distribution on integers,
1 1
Q_(k) = A Z La,—pi1 = A Z |A;NA_ |14, 41, for k>0.
T (ij)eAZ eIl

We define two independent sequences (W;)i>1, ((t)e>1 of i.i.d. variables with distribution Q_
and Bernoulli

|A_|
}P’(Ct:l) :l—]P’(Ct:O) = —,
A
such that for all integer ¢t > 1,
Xt/\‘rg Z Wt/\Tg <t/\7'5- (414)
This is done explicitly by setting Wi 1 = (du,,, — 1)14,,, for some usy1 € II_ such that
|A, NA_|
Plupr = u|lFy) = ————-
|A_|

Let 0 < t < 75, we first notice that |U;| = |A] —dy, — St X; > |A] — [4n7] = |A_|. Now
if o(et41) is the k-th smallest half-edge of U; and k < |A_| then we define us11 as the vertex
such that the k-th smallest half-edge of A_ is in A, ,. This event {k < |A_|} happens with
probability |[A_|/(|JA| =t — Ey) > |A_|/|A|. Conditioned on this event, we set (;+; = 1 with
probability (|A| —t — E;)/|A| and (441 = 0 otherwise. On the contrary if & > |A_|, then we
choose P(uiy1 = ulF;) = |Ay NA_|/|A_] independently of X;+1 and we set (441 = 0. It follows
easily that P(Wt+1 == k, CtJrl == ].‘ft) = Q,({k})|A,|/‘A| and Xt > WtCt‘

We have
1 o 1 1 «
L Sa@-n- Y @-n<mms S aw -,
P 5, P
t i,J)EA\A i=1
By (4.13), for n large enough, if 1 < i < [4n®], we have dr(s) > 1. it follows that

n [4nB] n
1 1 1
Al > " di(d; — 1) - A > da(iy (drgy — 1) S E[WG] < Al > " di(d; —1).
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Then if P has support included in [0, x|, we have ﬁ Z?jl dr(iy(dry — 1) < 472]’62 converges to
0. Otherwise the support is infinite and, for all kK > 0, the event {dﬁ(mng]) > k} holds for n large
enough (indeed by assumption (Hy), a positive fraction of degrees is larger that ). Then, from
assumption (Hs), for all ¢ > 0, there exists £ > 0 such that ED(D — 1)1ps, < e. In particular,

lim sup,, £ Z?jl (i) (dm(sy — 1) < limsup, £ 377 | di(d; — 1)14,5, < e. This last bound holding
for all € > 0, we deduce that

B
1
lim =~ 3" drs)(dny — 1) = 0.
ln n v dT((’L)(dﬂ'(Z) ) 0

We have thus checked that for all k large enough,

, _ ED(D-1)
L
. E[D(D = 1)1{p<ny
Jim E[W1iG i, <i)] ED > 1.

For ease of notation, we set
Zy = WiCilfw, <k}

and define @' as the distribution of Z. We may assume that n is large enough to guarantee
that E[Z] > 1.

Step two : fast extinction or long survival. As for Erdds-Rényi graphs, we are first
going to prove with probability tending to 1, for all vertices v, either |G(v)| < ¢1logn or
|A,,5(v)| > can, where c1, is a positive constants that will be chosen later and ¢z = 1 A %.
We may upper bound the probability of the complement of this event by (4.8). Arguing as for

Erdés-Rényi graphs, we get

t
P (Acl logn #* (D; ’At/\75| < cot A Tﬁ) < P <Z Z; < (1 + C2)t>
=1

! E[Z] — 1
=P (Z(W@- —-E[Z]) < —t2>

(1)

Where we have applied Hoeffding’s inequality (3.13). From (4.8), it follows easily that

nl—c1(E[Z]-1)?/(8k%)

1 — e~ (EB[Z]-1)2/(8r?)

P (EIU €[n]: Acjiogn(v) # 0 and ey logn <t < n?: |A ()] < czt) <

Now as n goes to infinity, E[Z] converges to A\ = > 1. Thus, if we chose some
c1 > (8x2)/(XA —1)2, we have proven that with probability tending to 1, for all vertices v, either
|G(v)] < c1logn or |A,s(v)| > canf.

E[D(D-1)1{p<,}]
ED
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Step three : at most one giant component. Assume there are two vertices u, v such that
|G(u)| > c1logn and |G(v)| > ¢1logn. Then, either the exploration processes will intersect by
step n” or they have two disjoint active sets A,5(u), A,s(v) of cardinal at least con®.

Indeed, assume that this event holds. We order the half-edges of A, s(u) by lexicographic
order. We pick the smallest half-edge of A,5(u), say ey, the probability that e; is not matched
to an element of A,5(v) is 1 — |A,s(v)|/(|A] = nP — E 5(v)) < 1 —con®/|A|. Then, let ey be
the smallest half-edge of A, s(u)\{e1,o(e1)}. Then given e; is not matched to an element of
A, 5(v), the probability that ey is not matched to an element of A, 5(v) is 1 — |A,5(v)|/(|A| —
n? — E, 5(v) —2) <1—cen”/|Al. We may continue this process for at least con®/2 steps. We

get that the probability that there is no matching between A,5(u) and A,5(v) is upper bounded
by

c9 nB

Jo] 2 2,203
can c5n
1—— < exp (— > .

( A > 2[A|

Hence, since 1/2 < 8 < 1 and lim,, |A|/n = ED, we deduce that G(u) = G(v) with probability
tending to 1. Thus with probability tending to 1 there is at most a unique giant component of
size at least n®.

Step four : expected size of the giant component. We note also that by comparison
with (Zt)t that
P(IG(v)] > c1logn) > 1 - p_(v),

where p_(v) is the probability of extinction of a branching process where the progenitor has d,
offsprings and all other genitors have offspring distribution ’.. We have p_(v) = pi“, where
p— is the probability of extinction in a Galton-Watson process with offspring distribution Q' .

Similarly,
P(|G(v)| > c1logn) <1 — pi“ —P(cilogn < 14 < 00).

We argue as in the proof of theorem 4.13(i4). Since Y > —1, p(6) = Ee?Y is well defined for all
0 < 0. We find, from Chernov bound, for any # < 0 and integer = > 0,

Pz <74 <o0) < iP(ZY;gt)
s=1

t=x
< Z ()0(9)1‘,677&9'
t=x

Moreover, for any € > 0, for all 6 € (a,0] close enough to 0, p(6) < 1+ 6(EY — ¢). Choosing
0 <e<EY —1, for some 0 < 0, we get
@(Q)te—w < (1 + Q(EY _ €>)te—t9 < et@(EY—a—l)'

In particular P(c; logn < 74 < 00) decreases polynomially to 0.
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Now, Q.+ converges weakly to P and Q'_ converges weakly to the distribution P’ on {0,--+ Kk},
defined by P'({k}) = P({k}) for 1 < k < r and P'({0}) = P({0}) + P([r + 1, 00)).

We note finally that for any integer d, and z,y € [0, 1],
ot —y®| < o —yl.
Hence, letting n tend to infinity and then x, using lemma 4.5, we have checked that

lim max |P(|G(v)| < ¢1logn) — p%| = 0.

n—oo pe [n]

Summing over all n and using (Hp), it yields to

.1
nh_}Igloﬁ Z P(|G(v)| > c1logn) =1 —p.

vE[n]

Step five : a.s. size of the giant component. Now, it remains to improve the convergence.
The concentration argument used in the proof of theorem 4.13 works in this case also. It suffices
to replace remark 3.25 by remark 3.31. O

4.7 Application to network epidemics

4.7.1 A simple SIR dynamic

Network epidemics gives an insightful application to the emergence of a giant component in a
graph. Let G = ([n], E) be a finite graph on [n]. The propagation of an epidemic in the graph
is classically modeled as follows. Each vertex has a state either (S)usceptible, (I)nfected or
(R)esilient. The state of the network at discrete time ¢ € N is X; = (S, It, Ry), where S, I; and
R; is the set of vertices in state S, I or R at time t. The evolution is as follows : any vertex in
state I at time ¢t € N becomes R at time ¢+ 1 and each of its neighbors in G in state S becomes
I with probability p € (0, 1) independently. To keep the model simple, we assume that at time
t = 0, a single vertex, say 1 € [n], is infected : Xy = ([n]\{1},{1},0).

More formally, let (£ j3)i e be a collection of i.i.d. random variable with Bernoulli dis-
tribution P(§, = 1) =1 — P({ = 0) = p. The process (Xt)ien is a Markov chain on the set of
partitions of [n] in 3 sets : X1 = (St+1, 141, Ri+1), with

Iy = U {u €S {’LL, U} € E,g{uﬂ)} = 1}, St+1 = St\ItJrl, Ri11 =R UL

vel;

This defines a Markov chain because each random variable &, is used at most once. Recall that
an absorbing state of a Markov chain is a state such that P(X; = z|Xo = =) = 1. Here, the
absorbing states are the states z = (s,0,r) with sNr =0, sUr = [n]. From Kolmogorov 0 — 1
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law, the probability that P((X;) reaches an absorbing state | Xy = x) € {0,1}. For any state
x = (s,i,7) the probability P(X; is an absorbing state |Xo = x) > 0. We deduce that with
probability one, the chain (X;)ien reaches an absorbing state (without invoking Kolmogorov
0 — 1 law, we could also notice that P(X,, is an absorbing state | X = z) = 1).

Let 7 = inf{t > 1: I; = ()} be the almost surely finite time the chain reaches an absorbing
state. With our choice of initial condition, the set R, is the set of vertices that have been
infected at some time before the epidemic stops. This pair (7, R;) is random and the basic
question in network epidemics is to analyze it. We denote by H, the subgraph of G spanned
by the vertices in R,;. We also define the percolation graph GP = (V, EP) as the subgraph of G
defined by e = {u,v} € EP if and only if e € F and & = 1.

Assume for a moment that G is a tree. Remark then that with our choice of initial condition,
for integer t > 1, R; is the set of vertices at distance ¢t — 1 from 1 in G? and I; is the set of
vertices at distance exactly ¢ from 1. In particular H; is the connected component of GP that
contains 1.

More generally, even if G is not necessarily a tree, H; is also the connected component of GP
that contains 1. Indeed, if v € H; then it has been infected at some time k. Let i, = v and 4j_q
be a vertex that has infected v : {ix_1,ir} € F and &, 5,3 = 1. By recursion, there exists a
sequence ig, 11, - - ,ig such that ig = 1, iy = v which is a path in GP. The reciprocal goes along
the same line.

4.7.2 Dynamic on the Erdds-Rényi graph

Now, assume that G = G,, = K,, is the complete graph on n vertices. Then G} has distribution
G(n,p). More generally, if G,, is a random graph with distribution G(n,A/n) , independent of
(&4i,5y) then, G%, is a random graph with distribution G(n, Ap/n). In particular, we may apply
theorem 3.12 : (Gh,1) = (H-,1) converges to a GWT(Poiy,). If A\p < 1, then |R;| converges
to the total population in a Galton-Watson branching process with Poiy, offspring distribution
whose tail distribution is sub-exponential as shown in corollary 4.9. Also, from equation (4.6),

P(|R;| > t) < (pA)~'e ™,

with a = pA — 1 — log(pA).

Otherwise, Ap > 1 and by theorem 4.13(ii), there exists a giant component whose size is
equivalent to (1 — p)n, where p is given by (4.2) with Ap replacing A, and other connected
component are of size o(n). By exchangeability of the vertices, with probability 1 — p, vertex 1
belongs to the giant component. We deduce that a.s. |R;|/n converges weakly to (1—p)di—,~+pdo.
More quantitatively, for any fixed 0 < ¢ < p, with high probability, either |R;| < clogn or
|R;| € (1—p—e)n,(1—p+e)n). Thus there exists a sharp threshold at Ap = 1 on the behavior
of the epidemic.
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4.7.3 Dynamic on the configuration model

Now let P be a probability distribution on integers with positive finite second moment. We
assume instead that G = G, has distribution G(d,) where d,, satisfies (Hz). We consider
independent Bernoulli random variables (&) on the edges of the multi-graph, independent of
Gy P& = 1) = 1 = P(&, = 0) = p.

Now, conditioned on the degree sequence d}, of G&, G% has distribution Q\(dﬁ) Note that
d} is a random degree sequence. It is not hard to check that a.s. d}, satisfies (Ha) with limit
degree distribution

an =3P, )t -

In other words, if M has distribution Q and N has distribution P, then M = vaz 1 &, where
(&) are independent Bernoulli variables.

Hence, by theorem 3.15, the rooted graph [H;, 1] converges weakly to GWT,(Q). Denote
by 1 the generating function of @ and ¢ the generating function of P : we have ¢(z) = ¢(pz +
(1 —p)). From corollary 4.2, the threshold for non-extinction of a GWT,.(Q) is ¥ (1) > ¥'(1),
it can be rewritten has p?¢”(1) > py¢’(1) or

ED <D - p“) > 0.
p
where D has distribution P (indeed ¢'(1) = ED and ¢”(1) = ED(D — 1)). Therefore, if

ED (D - p;%l) < 0, we deduce that |R;| converges to the size of a GWT,(Q) whose tail distri-

bution can be estimated by using theorem 4.10. On the contrary, if ED (D — p%) > 0, then
we can adapt the argument of theorem 4.14(ii), |R;|/n converges a.s. to (1 —p)d1—,+ pdo where
p is given by (4.4) with 1 replacing ¢ and » = ¢’(2)/1'(1) replacing .



Chapter 5

Continuous length combinatorial
optimization

To be continued...

5.1 Issues of combinatorial optimization

Consider a finite network G = (V, E,w) with marks w(v), w(e) in Ry. We can conveniently
think as such marks as lengths, weights, costs or rewards.

A matching M of G is a subset of edges M C FE such that no two edges in M have a common
adjacent vertex. (Beware that this definition of a matching differs from the one we have already
used in the context of configuration model). We denote by M(G) the set of matchings of G.
The maximal weight of a matching of G is

max Z w(e). (5.1)

MeM(G) oot

A matching reaching the above maximum is called a mazimal matching. For w = 1, the above
is called the matching number of G, it is simply the cardinal of a largest matching of G.

Define similarly, an independent set S of G is a subset of vertices S C V such that no two
vertices in S have a common adjacent edge. We denote by Z(G) the set of matchings of G. The
mazximal weight of an independent set of G is

max w(v). (5.2)
I€eZ(G) el
An independent set reaching the above maximum is called a maximal independent set. For w = 1,
the above is called the independent set number of G, it is the cardinal of largest independent set

in G.

87
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Assume that G is connected. A spanning tree T of GG is a subtree of G with vertex set V. If
T (G) is the set of spanning trees of G, the minimal length of a spanning tree of G is

1le e T). 5.3
Trengé)eeEw(e) (eeT) (5.3)

A spanning tree reaching the above minimum is called a minimal spanning tree (MST). If all
weights are distinct, the MST is unique. We shall denote by MST(G) the minimal spanning tree
of G.

From an algorithmic point of view, the three above network functionals are quite different.
Finding a maximal weight independent set is an NP-hard problem, finding a maximal matching
has complexity which is polynomial in the size of the network. Finally, they are greedy algorithms
which find the minimal spanning tree of a network.

In this chapter, we will try to understand the links between local weak convergence and
these network functionals. We should consider a sequence of finite networks having a local weak
limit. Our main goal will be to compute the asymptotic value of these functions as the size of
the networks grows large.

Note first that these functions are obviously invariant under network isomorphisms. Also,
taking for example the MST, if p = U(G) and

L(G) =Y w(e)l(e € MST(G)).
eck
is the total length of the MST, we find
LG) 1 1
W =9 > ) wle)l(e € MST(G)) = SEp > wle)l(e € MST(G)),
veV ecFE:vee ecFE:g€ce

where under p, ¢ is uniformly distributed on V.

This remark invites us to study the function on rooted networks

(G,0) ~ > w(e)l(e € MST(Q)).

ecE:p€e

We are however immediately confronted to the problem that it is not a priori obvious to define
MST(G) on an arbitrary infinite network. We shall see that in some cases, it is possible to define
in a natural way the combinatorial structures : maximal independent set, maximal matching
and minimal spanning tree on infinite networks. There will be two strategies :

(i) give an explicit construction ;

(ii) give an iterative construction which is shown to converge for some networks.



5.2. LIMIT OF RANDOM NETWORKS 89
5.2 Limit of random networks

In the context of our random graphs, there is a natural limit unimodular network, the Galton-
Watson network with degree distribution P and weights distribution Q. Precisely, let @ € P(Ry)
and P € P(Zy) with finite positive first moment. Consider a Galton-Watson tree with degree
distribution P. Put independently marks on edges and vertices which i.i.d. variables with law
Q. We obtain this way a random rooted network. We shall denote by GWN, (P, @) the law on
G« (R4 ) of the equivalence class of this random rooted network.

Note that in our context, we will only care either about the weights on vertices (independent
set) or on the edges (matchings, spanning trees).

Consider a sequence of finite networks G, = (V,,, E,,,wy). The empirical distribution of the

vertex and edge weights Q7 and ()¢ are respectively

1 1
QZ = s 6wn v and QZ = 60.1” e
7] 2 e Bl 22 0

’UEVn eeEn

We shall say that the vertex or edge weights of G,, are uniformly integrable if Q) or QY is
uniformly integrable, i.e. if

lim sup/ |71 5>¢ dQV/¢(z) = 0.

t—o00 n>1

For example, consider a random multi-graph G, L3 (dy,) where (d,,) satisfies (H)), for some
p > 2. We could turn G, into a network by adding independently i.i.d. weights on vertices and
edges with common law (). Then, by theorem 3.28, it is not hard to check that a.s. U(Gy)
converges weakly to GWN, (P, Q).

5.3 The minimal spanning tree

The minimal spanning tree is an example of a problem of combinatorial optimization where it
is possible to define explicitly the limit random structure. To be continued. ..

5.4 Maximal weight independent set

To be continued...

We now give a example of a combinatorial optimization which can be solved thanks to a
fixed point analysis. As in (5.3), for a finite network G, we set
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where

H(S)=> w(v)

veES
We define the P(R;) to P(R;) mapping :
A:F— L(Y),

where
+

I
V=|w-)> Xi| ,
=1

and (X;);>1 iid with law F', independent of (w, N) with law Q ® P. The next result is a slight
generalization of Gamarnik et al. (2006).

Theorem 5.1 (Maximal weight independent set - unique fixed point) Let G, = (V,,, Ep,,wy,)
be a sequence of finite networks with vertexr set |V,| = n. Assume that U(Gy) converges to
GWN, (P, Q) with 0 < [zdP < oo and Q has a density with respect to Lebesgue measure. As-

sume further that the vertex weights of Gy, are uniformly integrable. If L € P(R,.) is the unique

fized point of A2, then

. 1(Gy)
nh—>r{>lo n EW1W>Z£V=1 Xy

with (X;)i>1 did with law L, independent of (w, N) with law Q ® P.

The important and very restrictive assumption is that A2 has a unique fixed point.

5.4.1 Proof of theorem 5.1

Step one : Iterated map analysis. In this paragraph, we prove that for any initial measure
F e P(Ry), AY(F) converges as integer t goes to infinity. As for more usual iterated maps f*(z)
with f from [0, 1] to [0, 1], the use of monotony will play a crucial role.

Lemma 5.2 The mapping A is continuous (for the topology of weak convergence).

Proof. The P(Ry)? to P(Ry) functions which maps (F,G) to the law of max(X,Y) and
X +Y where (X,Y) has distribution /' ® G are continuous functions. It follows that for every
integer n > 0, the P(Ry) to P(Ry) function which maps F to the law of > | X; where (X;) iid
with distribution F', is a continuous function. We then write, for any m > 1 and any bounded
continuous function f,

]/\\[ m n
Bf (S x| - PoEs (in) < | lloe P((m, ).
=1 n=0 =1
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For m large enough, the right hand side is arbitrarily small. By composition, it then becomes
clear that the mapping A is continuous. O

We define the following partial order relation on P(R), we write
F <st G

if for all ¢t € Ry, F(t,00) < G(t,00). This is called stochastic domination. Note that if there
exists a coupling (X,Y) of (F,G) such that a.s. X <Y then F <, G. The converse is also
true.

Theorem 5.3 (Strassen) If F' <y G then there exists a coupling (X,Y) of (F,G) such that
X<Y.

Proof. Define the pseudo-inverse of F' and G as, for x € [0, 1],
F(z)=inf{t >0: F(t,00) <z} and G (z)=inf{t>0:G(t,0) <z}

If ¢ is a continuity point of the non-increasing function = — F(x,00) and U is uniform on [0, 1]
then

P(F(U) >t) =P(U < F(t,00)) = F(t, ).
Since there is at most a countable set of discontinuity points of x — F'(x,00), we deduce that

X = F(U) and Y = G (U) have distributions F' and G respectively. Also by assumption,
F<(z) < G (z), in particular, X <Y. O

Lemma 5.4 The map A is non-increasing : if F' <g G then A(F) >4 A(G).

Proof.  From Strassen theorem, there exists a coupling (X,Y’) of F' and G such that X <Y.
Consider an iid sequence (Xj,Y;)i>1 of such couplings so that for all integer i, X; < Y;. Let
(w, N) be independent of (X;,Y;); with law @ ® P, then

The left hand side has distribution A(F) while the right hand side has distribution A(G). We
have thus found a coupling of A(F') and A(G) that fulfills the conditions of the remark before
Strassen Theorem. a

Lemma 5.5 As integer t goes to infinity, A*(5y) and A*(Q) converge.

Proof. Since dp <g A(F) <4 Q, 6o <st A%(60). By Lemma 5.4, A? is non-decreasing and we
get
50 Sst A2(50) Sst A4(50) Sst e
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In particular for any s > 0, A% (s, 00) is non-decreasing and converges to say go(s). For fixed ¢,
s — A%(s,00) is non-increasing in s, hence go is also non-increasing. Also from A(F) <4 Q,
we deduce that go(s) < Q(s,00) and lims_,o go(s) = 0. It follows that for all continuity points
s of go, 1 — go(s) is the partition function of some probability measure Ly. From Portemanteau
theorem 3.2(v), we deduce that A% converges weakly to L.

The same argument carries over with @ since we have 4%(Q) <4 Q. O

Proposition 5.6 If L € P(Ry) is the unique fized point of A?, then for any F € P(Ry), as
integer t goes to infinity, AY(F) = L and A(L) = L.

Proof. By Lemma 5.5, A%*(Q) and A?!(dy) converge to L and Lg respectively. By lemma 5.2,
A?2(A%(Q)) = A2T2(Q) and A?(A%(8)) = A?T2(8g) converge to A*(Lg) = Lg and A%*(Ly) =
Ly. We deduce that L = Ly = Lg. Now for any F' € P(Ry), dp <st A(F') <5 @ and composing
by A% we deduce that A%*1(F) converges to L. Applying the same argument to G = A(F) we
deduce the statements. a

Step two : Independent set on finite trees. Let G = (V, E,w) be a finite rooted graph
network, with root denoted by ¢. We define the rooted payoff as
X(G)= max H(S)— max H(S),
SeZ(G) SEZ.(G)

where Z,(G) is the set of independent sets S in Z(G) which do not contain the root. From the
definition of X (G), if S* is a maximal weight independent set in Z(G) (i.e. H(S.) = I(G))
then X(G) > 0 implies ¢ € S*, while X(G) = 0 implies that there exists a maximal weight
independent set S* such that ¢ ¢ S*.

Now, with N/ = Ug>oNF, let (V;);ens be a collection of integers. We build a forest on N/
by connecting each vertex i to its offsprings (i,1),---, (i, NV;). We define T' the rooted tree on
V C N/ with root ¢ as the connected component of ¢. The weight on vertex i, w(i), is simply
denoted by wj.

Proposition 5.7 If T is finite, then

N, +
X(T) = (w—ZX(Ti)) :
=1

where T1,--- ,Tn, are the rooted subtrees rooted at 1,--- , N.

4

Proof.  Let S* be such that H(S*) = maxgerz, (7) H(S). Then S*NT; is a maximal independent
set for T; : H(S*NT;) = I1(T;). It follows

Ny
H(S) =3 I(T)) = H(S).
(max H(S) ; () =) uax H(S)
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Similarly, if S* is now such that H(S*) = maxgez(1).9es H(S), then H(S*NT;) = maxger, (1;) H(S)-
We get

Ny Ny
max ) = wg + max H(S) =wys — X(T;) + max H(S5).
SeI(T):aeS ? ZSEI* ° ; (T:) ;Sez(n) ()
Finally, we subtract our two last expressions,
Ny
ma H(S)— max H(S)=ws — X(T3).
SeT(T)wes (5) SET.(T) (8) = wo ; (T)

|

Corollary 5.8 Assume that T has distribution GWT(?) and that (wi);ens are iid with law Q.
Let t > 1 be an integer,

X((T)) £ A4Q).

Proof. The subtrees of the offsprings of the root ¢, (7;);>1 are iid GWT (P). Thus we have
+

X((T)) = (w - Zﬁ’l X((Ti)t_1)> . Now by construction, X ((T")o) 2 0. By recursion, we

deduce that X (7}) L AYQ). O

Step three: Independent set with boundary conditions. In order to deal with max-
imal independent sets of graphs that are not necessarily trees but ”locally tree-like”, we shall
generalize the above argument to trees with arbitrary ”"boundary conditions”. More precisely,
for a rooted graph G and t > 1 integer, we define 0(G): = (G):\(G):—1 as the set of vertices at
distance exactly ¢ from the root. If B € Z(G) N 0(G)+ we define
X+(G,B) = max H(S) - max H(S).
SET(G):SNA(G) =B S€ET.(G):SNd(G):=B
If t = 0, then B is either the root or the empty set, and we set Xo(G,B) = H(B). As in the

Step II, we consider a rooted tree T on V C N/ with root ¢ as the connected component of @.
The analog of proposition 5.7 to boundary conditions is the following :

Proposition 5.9 Lett > 1 be an integer, T be as above and B € Z(T) N A(T);, then
Ny +
Xi(T,B) = (wg - ZXt_l(Ti,BZ-)> :

=1

where Th, - -+ , Ty, are the rooted subtrees rooted at 1,--- , N, and B; = BNT; € Z(T;) NO(T; )¢

4

Proof. The proof of proposition 5.7 obviously applies here also. O
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Corollary 5.10 Let B € Z(T)NA(T);. Ift is even then X(T,0) < X¢(T,B) < X((T):). If t is

odd then X(T,0) > X¢(T,B) > X((T)¢). In particular, for anyt > 1 and B € Z(T) N (T )2,

X(T)2t-1) < Xou(T, B) < X((T)2¢)-

Proof. We note that Xo(7,0) = 0 < Xo(T,B) < X((T)o) = wg. For general integer ¢, we
+

write X (T, B) = (wg — Zf\fl X1 (T3, BZ)) , and the first two statements follow by recursion

on t. For the last statement, we notice that X (7,0) = X((T)¢-1) - O

Step four : End of proof of theorem 5.1.  Let (X;);>; be iid with law L, independent of
(w, N) with law Q ® P, and
v = EW1w>Zf\;1 X;

We may define S;; as the uniformly sampled maximal weight independent set of G, i.e. S}
is uniformly sampled on the set of independent sets S € Z(G,,) such that H(S) = I(G,). If ¢
denotes a uniformly chosen root on [n], we have

EI(Gy) = nEws1,,c55 .

Fix € > 0, by proposition 5.6, there exists an integer ¢ such that for all integers s > 2t — 1
’Ew1w>2§i1Xi - <e, (5.4)

where (X;);>1 iid with law A°(Q), independent of (w, N,) with law Q ® P, (uniform integrability
in s comes from w1 s~ y < w).
=17

Since (G, @) converges to GWN, (P, Q),
lImP((Gp,0)2:—1 is a tree) = 1.
n
Thus, writing for ease of notation G,, instead of (G, @), by uniform integrability,

llén |Ew¢1w065’;§ - Ew¢1w¢63£1(Gn)2t+1 is a tree’ = 0. (55)

Now, if the event {(G,)2:+1 is a tree} holds, we may write

loes; = Z lo,es:185n0(Gn)a=B
BEL(Gn)N(Gn)at

= Z 1X2t(Gn,B)>O]~S,*zﬁa(Gn)2z=B
BeZ(Gn)NO(Gn)2t

€ [1x((Gn)2-1)505 LX((Gn)ar)>0)5
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where we have applied corollary 5.10. On the event {(G),)2:+1 is a tree}, we denote by N, the
degree of the root and by

((Gn1)2t, 5 (Guon,)2t)
the rooted subtrees of depth 2t rooted at the adjacent vertices of the root, and similarly for
depth 2t — 1. From proposition 5.7, on the event {(Gp)2:+1 is a tree},

N,

wgl ¢1W@>Z¢:®1 X((Gnyi)2t—1)"

< x <
W¢>Z£V:¢1 X((Gn,i)2t) — ngwwesn =W

Now, we use again the assumption that (G,,0) converges to GWN,(P,Q). It implies that
(wg, Ny) has limit law @ ® P and, conditioned on Ny, the vector ((Gp1)2t, -+, (G, )2t) con-
verges to independent GWN(P, Q).

Note also that, since the law @ of wys has a density, if Y is independent of wy, then
Pws = Y) = 0. Hence, from Portemanteau theorem 3.2(v) and corollary 5.8, wyl(ws >
Zf-vzg’l X ((Ghn,i)2t)) converges weakly to wyl(wy > Zf\fl X;) where (X;) are iid with law A%/(Q),
independent of (wg, Ny) with law Q ® P. And similarly, wsl(ws > Z?ﬁ’lX((Gm)gt_l)) con-
verges weakly to wgl(ws > Zf\fl X!) where (X]) iid with law A%**71(Q). Finally, by uniform
integrability,

Ew‘z’lprfV:‘”l X, < liH;Linf Ewgly,es: < limnsup Ewgly,es: < ]Ew¢1w¢>zﬁv:¢1 X0
By (5.4) and (5.5), we get
limsup |y — Ewyly,es:| < e.
n

The theorem follows. O
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