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Abstract

We obtain universality results on the structure of random graphs from two different angles.
Naturally, there is a trade-off between the generality of the assumptions on a model and the
specificity of the results one may obtain. The strength of the first work is its generality: we
obtain non-asymptotic universal tail bounds on the height of random trees that do not require
any assumptions on e.g. the tail behaviour of the degrees. In the second work, we need stronger
assumptions, but our description of the structure is more specific: we do not study a real-valued
statistic of the random graph model, but show convergence in distribution under rescaling of
the graph itself, which entails the convergence of a whole panoply of such statistics.

Firstly, we obtain new non-asymptotic universal tail bounds for the height of uniformly
random trees with a given degree sequence. We also obtain universal tail bounds for the height of
simply generated trees and conditioned Bienaymé trees (the family trees of branching processes)
that settle several conjectures from the literature [68, 2, 4, 8]. Moreover, we define a partial
ordering on degree sequences and show that it induces a stochastic ordering on the heights of
uniformly random trees with given degree sequences. The latter result implies that sub-binary
random trees are stochastically the tallest trees with a given number of vertices and leaves.

Secondly, we consider the strongly connected components (SCCs) of a uniform directed graph
on n vertices with i.i.d. in- and out-degree pairs distributed as (D~, D), with E[DT] = E[D~] =
1. We condition on equal total in- and out-degree. A phase transition for the emergence of a
giant SCC is known to occur at the critical point where E[D~ D] = u. We study the model
at this critical point and show that, under some additional finite moment conditions, the SCCs

1/3 converge in distribution

ranked by decreasing number of edges with distances rescaled by n™
to a sequence of finite strongly connected directed multigraphs with edge lengths, and that
these are either 3-regular or loops almost surely. This is the first universality result for the

scaling limit of a critical directed graph model and the first quantitative result on the directed

configuration model at criticality.
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Chapter 1

Introduction

In this chapter, we introduce the models and techniques that play a central réle in this thesis.
First, we introduce the relevant graph theoretic objects and introduce the encoding of trees by
sequences and excursions that are key to the results in Chapters 2 and 3 respectively. Thereafter,
we discuss several models for random trees and the configuration model, in both the undirected
and directed set-ups. Then, we introduce the results that are presented in Chapters 2 and 3.
We conclude with a review of earlier work on the height of random trees and the configuration

model.

1.1 Random trees, random graphs and random directed graphs

1.1.1 About graphs and trees
1.1.1.1 Graphs and directed graphs

We start by introducing multigraphs, graphs, directed multigraphs and directed graphs. A
multigraph is a tuple M = (V, E) where V is a set of vertices and E is a multiset of multisets of
size 2 of vertices. A graph G = (V, F) is a multigraph that contains neither loops nor multiple
edges, so now F is a set of sets of size 2 of vertices in V. A directed multigraph is a tuple
M = (V, E,r) where V is a set of vertices, E is a set of edges, and r : E — V x V is a function
mapping each edge to its tail and head; associated with r are two functions r; : £ — V and
ro 1 E'— V such that r(e) = (r1(e),m2(e)) for all e € E. r(e) is the tail of the edge e and ra(e)
is the head of the edge e. A directed graph G = (V, E,r) is a directed multigraph with neither
loops nor multiple edges so now r is injective and all edges e € E satisfy ri(e) # ra(e).

For v a vertex in a (multi-)graph, its degree d(v) equals ) oy #{e € E : e = {v,w}}.

1



2 CHAPTER 1. INTRODUCTION

For v a vertex in a directed (multi-)graph, its out-degree d* (v) equals > . p I (e)—p) and its
in-degree d™ (v) equals > cp Lip,(e)=v)-

In a (multi-)graph, the components are the maximal connected submultigraphs. In a directed
(multi-)graph (V, E,r), we say a vertex v leads to a vertex w, written v — w, if there exists a
directed path from v to w, i.e. a k € Nand ey,...,e; € E such that ri(e;) = v, r2(er) = w and
ro(e;) = r1(eir1) for each 1 < i < k. We say v is strongly connected to w, written v <> w, if v
leads to w and w leads to v. By convention, v leads to itself. A graph is strongly connected if
all pairs of vertices in the graph are strongly connected. The relation v <+ w is an equivalence
relation; the digraphs induced by the equivalence classes of <> are referred to as the strongly

connected components (SCCs).

1.1.1.2 Trees and their encodings

A rooted, labeled tree t = (V, E, p) is an acyclic graph (V, F) with a distinguished vertex p € V
that we call the root. The size of t is [t| := |V|. For v € V, the height |v| of v is the number of
edges on the unique path from v to p and the height of t equals ht(t) = max,cy |v|. For v # p,
the parent of v, denoted by p(v), is the first vertex distinct from v on the unique path from v to
p. For each v € V', we let the children of v be C(v) = {w € V : p(w) = v} and we let its degree
equal d¢(v) = |C(v)]. (This is often called the out-degree of vertex v.) We say that a vertex v
is a leaf if di(v) = 0 and we say it is a branchpoint if d¢(v) > 2. For S a connected subset of
V', let the path from S to x in t be the unique path in t which starts at a vertex of S, does not

visit any other vertex of S, and ends at z.

We now discuss how to encode rooted, labeled trees with integer labels by sequences. Let
7T (n) denote the set of rooted, labeled trees for which V' = [n]. There are several bijections

between 7 (n) and [n]"~!. In particular, this implies Cayley’s formula, which states that

()] = o,

In Chapter 2 we will make particular use of the following bijection that was introduced by
Addario-Berry, the author, Maazoun and Martin in [11] and by Blanc-Renaudie in independent
work [25].
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Fig. 1.1: A tree t and the corresponding sequence v(t).

Bijection

For a tree t on [n] with root p:
o Let /1 < /fly <--- < ¥ be the leaves of t.
e Let Sp = {p}.

e Recursively, for ¢ = 1,...,k, let P; be the path in t from S;_1 to ¢;, and let

S; = S;—1 U P;. Let P be P; omitting its final point.

e Let v(t) be the concatenation of Py, Py, ..., Pf.

It is not hard to see that v(t) € [n]"~1; a rigorous proof can be found in [11].

We now describe the inverse of the bijection. For a sequence v = (vi,va,...,vp), we say

that j € {2,...,m} is the location of a repeat of v if v; = v; for some i < j.

Inverse of the bijection

Given a sequence v = (v1,v2,...,Up_1) € [n]n_13

e Let j(0) =1, 1let j(1) < j(2) <--- < j(k—1) be the locations of the repeats of the

sequence v, and let j(k) = n.
o Let {1 < ly < --- <! be the elements of [n] not occurring in v.
e Fori=1,...,k, let P; be the path (vj;_1),-..,vj()—1, %) With j(i) —j(i —1) edges.

e Let t(v) be the graph with vertex set [n], with root v; and with edge set given by

the union of the edges of the paths Pi, P, ..., Pk.

It is easy to convince oneself that this is indeed the inverse of the bijection; a formal proof

can be found in [11].
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We now introduce the Ulam—Harris notation for the space of ordered, rooted trees.

Definition 1.1.1. Let U := {0} UU;> N*. For u = (us,...,u) € U\{0}, let the parent of u
be p(u) := (ui,...,up—1). A plane tree (also called an ordered, rooted tree) t is a subset of U
such that ) € t and for any u = (u1,...,ux) € t we have p(u) € t and (uq,...,ux_1,7) € t for

each 1 <1 < uy.

In a plane tree t, if we add an edge between each u € t\{0)} and its parent and we forget
about the partial ordering that the vertex labels induce on the vertices, we obtain a tree. If
we let () be the root of the tree, we obtain a rooted, labeled tree t. The parent of any vertex
in t is preserved under this projection. For any u € t we let its height |ul|, children C(u) and
degree dy(u) equal the height, children and degree of u in t respectively. There is also a natural
map from rooted, labeled trees with vertices in N (or, in fact, any ordered set) to the space of
ordered, rooted trees. Indeed, for any vertex v, we can order the elements of C'(v) by increasing
label, which naturally gives rise to an ordered, labeled tree. If the vertex set of a rooted, labeled
tree is unordered, we can, for any vertex v, arbitrarily order the elements of C'(v) to obtain an
ordered, labeled tree.

The depth-first order on the vertices of an ordered, rooted tree is given by the lexicographic
order. Let t be an ordered, rooted tree of size n and let (vy, . .., v,—1) be its vertices in depth-first

order. Then, the height process (ht(i),0 <i <mn — 1) is defined by
he (@) = Jvi.

The height process characterizes the tree t.
Another process that characterizes t is its Lukasiewicz path (y;(i),0 < i < n) that is defined
by
i
yi(i) =D (di(vj1) = 1).

J=1

The Lukasiewicz path satisfies
1. y(0) =0 and y(n) = —1;
2. y(i) > 0 for each i < n;

3. ye(i) —ye(i —1) > —1 foreach 1 <i < n.
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Then, the following proposition from Le Gall’s survey paper relates the height process to

the Lukasiewicz path.

Proposition 1.1.2 (Proposition 1.2 [76]). For any ordered, rooted tree t, for anyi € {1,...,|t|},

it holds that
ha(i) = # {j (0,1, i—1}y(j) = inf Aym}. (11)

J<I<i

Similarly, we can encode a forest of ordered, rooted trees by concatenating the height pro-
cesses of the trees in the forest. To obtain the Lukasiewicz path of the forest, we define its
sequence of differences to be the concatenation of the sequences of differences of the Lukasiewicz

paths of the trees.

1.1.2 Uniform trees with a given degree sequence, Bienaymé trees and sim-

ply generated trees

We now introduce the random trees for which we will study the tail-behaviour of their height in
Chapter 2. For S a finite set, we write S €, S to denote that S is a uniformly random element
of S.

A degree sequence is a sequence of non-negative integers d = (dy,...,d,) with Zie[n] d; =
n — 1. For p > 0 and a degree sequence d = (di,...,dy) write |d], = (D°7, df)l/p and let
(0a)? = L1377 | di(d; — 1) be its variance. We write Tq for the subset of 7 (n) consisting of
all trees t for which for each ¢ € [n] it holds that d¢(i) = d;. For t € T(n), we say that
(d¢(1),...,d¢(n)) is the degree sequence of t. We write Tq for a uniformly random element of
T4

We also introduce Bienaymé trees, which constitute the most elementary and well-studied
random graph model and the oldest stochastic model for studying population growth. Let
u = (uk,k > 0) be a probability distribution on N. Then, a Bienaymé tree with offspring
distribution p, denoted T, is the random ordered rooted tree that is the family tree of a
branching process with offspring distribution p.! Formally, it is defined as follows. Sample
independent random variables d(u) distributed as p, for every u € Y. Then let T, be the
unique ordered, rooted tree in which for each vertex u the degree of u in T, is equal to d(u).

(An example appears in Figure 1.2.) To avoid degenerate cases, we will from now on only

consider p with pg + p1 < 1.

!Bienaymé trees are often referred to as Galton-Watson trees, but we adopt the change in terminology
suggested in [10].
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Fig. 1.2: In the tree t, there are 5 vertices with no children, two vertices with two children and
one vertex with 3 children, so for y = (ug, k > 0) a probability distribution on N, we have that

P(T, =t) = pugusps.

Note that the Lukasiewicz path of a Bienaymé tree is a random walk with steps distributed
as X — 1, with X a random variable with law u, stopped when it first hits —1, and this hitting
time is the size of the tree. This last observation implies the following phase transition in the

size of a Bienaymé tree, which is a standard result (see for example [19, Chapter 1.5]). For

p >0, write [ul, = (520 k) /.

Proposition 1.1.3. Consider a probability distribution p on N. If |u|1 <1 then P(|T,| < 00) =
1. Otherwise, the probability generating function of u has a unique fized point p € [0,1) and
P(|T,| < 00) = p. Finally, E[|T,|] is finite if and only if |u[r < 1.

We call P(|T,,| < oo) the extinction probability of a p-Bienaymé tree. Proposition 1.1.3

motivates the following definition.

Definition 1.1.4. We say a Bienaymé tree is subcritical, critical or supercritical when |u|; s,

respectively, less than 1, equal to 1, or greater than 1.

For n € N such that P(|T,| = n) > 0, we write T, ,, to denote a Bienaymé tree with offspring
distribution p conditioned to have size n.

There is a duality relation between subcritical and supercritical Bienaymé trees; to be pre-
cise, it holds that any supercritical Bienaymé tree conditioned to be finite is a subcritical
Bienaymé tree, which is the content of the following proposition. This is a standard result, see

for example [19, Theorem 1.12.3].

Proposition 1.1.5. Let u be a probability distribution on N with |u|; > 1 and up > 0, and let
€ (0,1) be the estinction probability of a u-Bienaymé tree. Let u* = (p* ‘g, k > 0). Then,

*

w* is a probability distribution with |pu*|1 < 1 and for any finite plane tree t it holds that

P (T, =t||Tyf <o0) =P (Ty- =1t)
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and in particular, for any n such that P(|T,| =n) > 0 it holds that

d
T/Jﬂn = TH'* ST

We also introduce simply generated trees, which are a generalization of conditioned Bien-
aymé trees for which the branching behaviour is not determined by an offspring distribution

but by an offspring weight sequence that is not necessarily normalizable.

Fix non-negative real weights w = (wg, k > 0) with wy > 0. Given a plane tree t, we define

the weight of t to be

w(t) = H W (v)-

vev(t)

Next, for positive integers n, let

Zp = Zn(w) = > w(t).

{plane trees t:|t|=n}

If Z, > 0, then we define a random tree Ty ,, by setting

w(t
P(Tw,=t)= Z(n)
for plane trees t with |v(t)| = n. The random tree Ty, is called a simply generated tree of

size n with weight sequence w. Note that if Zkzo wg = 1, then w is an offspring distribution,
and Ty, ,, is indeed distributed as a Bienaymé tree with offspring distribution w, conditioned to
have size n, so this notation agrees with (but generalizes) that above. From this we also see
that conditioned Bienaymé trees are a subclass of simply generated trees; we will use this in

Chapter 2. To avoid degenerate cases, we will from now on only consider w = (wy, k > 0) with
E:k>170k > 0.

A useful property of simply generated trees is that, given a weight sequence w and an
a,b >0, for w,p := (abkwk, k > 0), we have that w is equivalent to w,p, namely, it holds that

for any n, Ty 4 Twapm Indeed, given a plane tree t with size n,

Wab(t) = H abdt(”)wdt(y) =q"p" ! H W, (v) X w(t).
vev(t) veE(t)

In particular, for ®(z) = ®y(2) = > o0 wk2" the generating function of the weight sequence
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w, and for p = py = sup(s > 0: ®(s) < 00) its radius of convergence, we see that for any a > 0
and s < p it holds that w, s is summable and that w®) = W (s)-1,s 1S @ probability distribution.
Therefore, for any n such that Z,, > 0 and any s < p, it holds that T, has the same law as a

w(*)-Bienaymé tree conditioned to have size n. For s > 0 such that ®(s) < oo, we let

s®'(s) >0 kwy,s*

2e) = Puls) = P(s) D k0 WSk

so that W(s) = |[w®)|;. If ®(p) = oo then also define

WMZWMM=QMW$€MWL
stp

by Lemma 3.1(i) in [68], ¥ is strictly increasing on [0, p) so this limit exists.

Then, note that in any tree of size n, the average number of offspring of a vertex equals
(n —1)/n = 1 for large n, so it is natural to expect that if there is an s’ such that ®(s') = 1,
the empirical offspring distribution in Ty, will approximate w() as n tends to infinity. This
is indeed true by the next theorem. Furthermore, it turns out that if ®(p) < 1, so that all
probability distributions in the family {w(®) : ®(s) < co} are subcritical, the empirical offspring
distribution will approximate w(®); in this case, the missing contribution to the mean offspring
size will come from a negligible proportion of vertices with degree tending to oc.

Let v = vy, = Uy (p) and define

p if vy <1
T =Ty = (1.2)

UH1)  ifuy > 1.
and let i = w(™). Let Ni(w,n) be distributed as the number of vertices with degree k in Ty .

Theorem 1.1.6 ([68], Theorem 11.4; [10], Theorem 5.2). It holds that i = (fig,k > 0) is a
probability distribution with mean m = 1 A v and variance 6 = 7V'(7). Moreover, for every

€ > 0 there exists c(€) > 0 such that for all n sufficiently large, for every integer k > 0,

Ni(w,n .
P(‘k() — fug
n

> e> <e

The following proposition, that appears as Proposition 2.1.9 in Chapter 2, states that if we

assign arbitrary labels to the vertices of a simply generated tree and forget about the plane
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structure, we obtain a mixture of uniform trees with a prescribed degree sequence. In other
words, a simply generated tree projected onto the space of labelled rooted trees is an average
over uniform trees with a given degree sequence, and we understand the asymptotics of its
degree distribution by Theorem 1.1.6. Therefore, we can transfer results on uniform trees with
a given degree sequence to simply generated trees and conditioned Bienaymé trees, a fact that

we will exploit in Chapter 2.

Proposition 1.1.7. Fiz non-negative weights (w;,i > 0). Let T be a random plane tree of size

n with distribution given by

IP)(T = t) X H W, (v) s

vev(t)
for plane trees t of size n. Conditionally given T, let T be the random tree in T(n) obtained
as follows: label the vertices of T by a uniformly random permutation of [n], then forget about
the plane structure. For i € [n] let D; be the degree of vertex i in T of vertex i. Then for any
degree sequence d = (dy,...,dy,), conditionally given that (D1,...,Dy,) = (di,...,d,), we have
T ey Ta.

1.1.3 The configuration model

The configuration model is a method to construct a multigraph with a given degree sequence
that was introduced by Bollobds in [27]. We like to remind the reader that, in the setting of

(multi-)graphs, the degree of vertex v is the number of edges containing the vertex v.

Consider n vertices labelled by [n] and a sequence d = (d;);c[n) € N such that
Zie[n] d; is even. We will sample a multigraph such that the degree of vertex i is
equal to d; for every i € [n]. The configuration model on n vertices having degree
sequence d is constructed as follows. Equip vertex j with d; half-edges. Sample a
uniformly random pairing of all half-edges and let each pair of half-edges create an

edge. Call the resulting multigraph CM(d).

Observe that CM(d) may contain self-loops or multiple edges. It can be shown that for any

multigraph G with degree sequence d,

o 1 I, di!
P(CM(d) = G) = (I, — 1)1 251(G) HeeE(G) mult(e)!’
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where l,, = > | d;, sl(G) is the number of self-loops in G and mult(e) is the multiplicity of the
edge e € E(G). Hence, if there exists a simple graph with degree sequence d, conditionally on
the event that CM(d) is simple, we have that CM(d) is a uniformly random simple graph with
degree sequence d.

Now, consider a progression of sequences of non-negative integers (dip, ..., dnn)n>1 such
that > ;_, dgn is even for each n, maxg<y di, = o(y/n) and such that there exist positive
numbers ai,as for which %22:1 din — a1 and %22:1 di,n — ag. Then, by [101, Theorem
7.12], the probability that CM(dy p,,...,dp) is simple is asymptotically equal to e~ with

az—ay

a = S, and in particular, it is bounded away from 0. For a detailed discussion on the

configuration model and many standard results, see [101, Chapter 7].
There is an obvious directed version of the configuration model that is used to construct
a directed multigraph with a given degree sequence. The directed configuration model was

introduced by Cooper and Frieze [38].

Consider n vertices labelled by [n] and a sequence d = (d; , d; );en) € (N x N)™ such
that Zie[n] d; = Zie[n] d. We will sample a directed multigraph such that for
every i € [n] the in-degree of vertex ¢ is equal to d; and the out-degree of vertex i is
equal to d;r. The directed configuration model on n vertices having degree sequence
d is constructed as follows. For each i € [n| equip vertex ¢ with d; in-half-edges
and df out-half-edges. Sample a uniformly random matching of the in-half-edges
with the out-half-edges and let any pair of an out-half-edge of a vertex v and an

in-half-edge of a vertex w create a directed edge e with r1(e) = v and ra(e) = w.

Call the resulting multigraph CM(d).

Cooper and Frieze [38, Sec. 2.1] proved that, just like in the undirected setting, if we con-
dition on the resulting multigraph being simple, we obtain a uniformly chosen random digraph
with the prescribed degree sequence. Moreover, in the proof of Proposition 3.4.16, we show the
counterpart of [101, Theorem 7.12] in the directed setting. To be precise, let (din,...,dnn)n>1
be a progression of sequences with dj,, = (d,;n, d;n) € N x N for each k,n. Assume that for
each n it holds that, firstly, > }_, A = py d,tn, secondly, maxy<, d;_,, V d:,n = o(y/n), and,
finally, for all non-negative integers 7, j such that 1 < ¢4 5 < 2 there exist positive a;; such
that

1 & ‘ .
= () (dyy ) = ai.

n
k=1
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(Observe that the condition that > p_; d;, = Y.p_; d{, implies that a1 = ag;1.) Then, we

show that the probability that Ci\'/[(dlm, ...,dp ) is simple is asymptotically equal to

exp (al’l _ (CL270 7 a’lyo)(ao,Q - aO,l))

2
aio a0

and in particular, it is bounded away from 0.

1.2 Limits of (directed) graphs

In the past few decades, there has been much interest in showing convergence of random trees
and graphs themselves instead of their local structure or real-valued statistics such as their
width or diameter. To do so, we view graphs as metric spaces and show convergence in an
appropriate topology. We obtain such results for the directed configuration model in Chapter
3 and for the undirected configuration model in two of the works described in Chapter 4. We

will first introduce the description of trees and graphs as measured metric spaces.

1.2.1 Trees and graphs as measured metric spaces

Let T be an ordered rooted finite tree, say |T'| = n. Let v, ..., v,—1 denote the vertices of the
tree visited in depth-first order, so that vy is the root of the tree. We can view T' as a metric
space by forgetting the ordering and regarding all edges as line segments of length 1 that connect
the vertices at their endpoints. The distance dp between points a; and ao on line segments [y
and [y respectively is then defined to be the length of the unique non-self-intersecting path
between a; and ag that traverses the line segments of the tree. Let B(T") be the Borel o-algebra
on T and define a measure p on B(T) by assigning all vertices mass 1/n. Denote the triplet
(T,dr, 1) by T.

We can also view a finite connected (multi-)graph G with |G| = n as a metric space by
regarding all edges as line segments of length 1 that connect the vertices at their endpoints..
The distance dg between points a1 and ag on line segments /1 and ls respectively is then defined
as the length of the shortest path between a; and as that traverses the line segments of the
graph. Let B(G) denote the Borel o-algebra on GG, and define a measure p on B(G) by assigning

all vertices mass 1/n. Denote the triplet (G, dg, 1) by G.
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1.2.1.1 R-trees and graphs

We will now introduce the notion of an R-tree, which is a generalization of finite trees considered
as measured metric spaces.
A compact metric space (7,d) is an R-tree (also referred to as a real tree) if the following

two properties hold.
e (7,d) is acyclic; i.e. there is no continuous injective function f:S; — T.

e (7,d) is geodesic; i.e. for all z,y € T there is a geodesic between x and y. A geodesic is
defined as an isometric embedding f : [0, d(z,y)] — T such that f(0) = x and f(d(z,y)) =
y. Note that this implies that 7 is connected. Define [z,y] = f(]0, d(x,y)]).

An element x € T is called a vertexr. The degree degy(z) of x is the number of connected
components of T\{z}. A leaf is a vertex of degree 1, and a branchpoint is a point with degree
strictly greater than 2. Let £(7) denote the set of leaves of 7. A rooted R-tree is an R-tree
(T,d) with a distinguished vertex p called the root. The height of a vertex v is d(p,v). We can
also endow an R-tree with a genealogical order: say x <y if x € [p,y].

We can then endow (7, d) with a Borel probability measure p. If p satisfies the following

properties, we call the triplet (7 ,d, 1) a continuum tree.

1. p is non-atomic (i.e. there are no vertices v with u({v}) > 0);

3. For a vertex v € T of degree k > 2, let Ty, ..., Tx be the connected components of T\{v}.

Then, u(7;) > 0 for all i.

Note that conditions 1 and 2 together imply that continuum trees have uncountably many leaves
and, in particular, that finite trees with the metric structure defined in the last subsection cannot
be equipped with a measure to be viewed as continuum trees.

The conditions on p were introduced by Aldous [14] to ensure that, for the k-dimensional
distribution of a tree T defined as the law of the random subtree spanned by k uniform samples
from p, the finite-dimensional distributions of a continuum tree T characterize T.

A continuous excursion is a continuous function h : [0, 0] — R such that h(0) = h(o) = 0.

These can be used to encode R-trees, and can be viewed as the continuous equivalent of the
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height process of a tree. Define a pseudo-metric on [0, o] via

dp(z,y) = h(x) + h(y) —2 inf  h(x).

cAy<z<zVy

To turn this into a metric, define an equivalence relation x ~ y iff dj(x,y) = 0. Define T}, to be
the quotient [0,0]/ ~. Note that dj corresponds to the metric on finite trees as metric spaces
(i.e. the distance between x and y on the tree is given by the length of [z, p] plus the length of
[y, p], minus twice the length of the path from p to the point z where [z, p] and [y, p] meet).
This turns local minima of the function into branchpoints. Then, Duquesne and Le Gall showed
in [51] that for any continuous excursion h, (7, dp) is an R-tree.

There is also a natural probability measure on (7, dy), denoted by py, induced by scaling
the pushforward of the Lebesgue measure on [0, o] by 1/0.

Just as in the discrete case, we would like to derive a continuous excursion that serves as the
height process of the tree from a continuous time analogue of a Lukasiewicz path. Ideally, for a
positive excursion z : [0,0] — R, we would want to define its height process by the continuous
time analogue of (1.1), namely by

1 rt

h(t) = lim — 1{:1:(3)<inf{z(r)+e:s§r§t}}ds' (13)
el0 € 0

However, it is not clear what the conditions on z : [0, 0] — R4 are in order for this limit to exist
and for h to be a continuous excursion, so that x encodes a R-tree. Because we are interested
in R-trees that are the metric space limits of a sequence of finite trees, it is natural to at least
require that x(0) = z(0) = 0 and that = has no negative jumps, corresponding to the property
that discrete Lukasiewicz paths are downwards skip-free. We will further discuss the results in
[77] and [50] on the existence of the height process corresponding to random Lukasiewicz paths
in Subsection 1.2.2. If the limit in (1.3) exists for all ¢ and h is a continuous excursion, we call
x and h, respectively, the Lukasiewicz path and height process of 7j.

We can encode a forest of R-trees by concatenating the Lukasiewicz paths and height pro-
cesses of the trees in the forest.

An R-graph is a compact geodesic metric space (G, d) that is locally an R-tree. To be precise,
(G,d) is an R-graph if for every x € G, there exists € > 0 such that (Be(),d|p,(y)) is an R-tree.
For = € G, its degree dg(x) is defined to be the degree of x in B((z) for any e small enough

that Be(x) is an R-tree. This is well-defined, since the degree of a vertex v in an R-tree can be
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observed on any open set containing v.

1.2.1.2 A topology on measured metric spaces

Given a metric space (X, d), write [X, d] for the isometry class of (X, d). Write M for the space
of isometry classes of compact metric spaces. We will define the Gromov—Hausdorff distance on

this space.

Let X = (X,d) and X’ = (X', d’) be metric spaces. A correspondence C between X and X'
is a measurable subset of X x X’ such that for every x € X there exists an 2’ € X’ such that

(x,2") € C and vice versa. Write C(X, X’) for the set of correspondences between X and X'.

For C a subset of X x X/, the distortion dis(C) is defined by
dis(C) = sup{|d(z,y) — d(z',y)| : (z,2') € C,(y,y') € C}.
Then, the Gromov—Hausdorff distance dgu (X, X’) between [X, d] and [X’,d'] is defined as

den (X, X) = %inf{dis(C) L C e C(X, X))

A compact measured metric space is a triple X = (X, d, u) where X = (X, d) is a compact
metric space and  is a finite Borel-measure on X. Given measured metric spaces X = (X, d, )
and X' = (X', d’, 1/), and a measurable function ¢ : X — X', write 1,u for the pushforward of
the measure p to X' := (X', d’). Call X and X' isometry-equivalent if there exists an isometry
1 : X = X' such that ¢, = p/. Denote the isometry-equivalence class of (X, d, u) by [X,d, ],
and define M for the set of measured isometry-equivalence classes of compact measured metric

spaces. We will now define a metric on M.

If X = (X,d) and X' = (X’,d') are two metric spaces, let M(X,X’) be the set of finite
nonnegative Borel measures on X x X’. For v a finite signed measure on X x X’ and v = v+ — v~
its Hahn—Jordan decomposition, its total variation is given by ||v|| := v (X x X')+v~ (X x X').
Let p and p’ denote the canonical projections from X x X’ onto X and X’ respectively. Then,

the discrepancy D(7; p, ') of m € M(X,X') with respect to u and p' is defined as

D(m; p, i) = || — pare|| + || — Pl
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Then, the Gromov-Hausdorff-Prokhorov distance dgugp between X and X’ is defined as
1
dGHP(X, X/) = inf {2 diS(C) V D(TI‘; W, ,LL/) vV W(CC)} ,

with the infimum taken over correspondences C' € C'(X, X’) and measures 7 € M (X, X’). Then,
dgnp is a metric and (M, dgpp) is a Polish space by Theorem 2.5 of [1]. (The presentation of
the metric as considered in [1] is different, but it induces the same topology, as discussed in [9].)

Note that we have the following upper bound for the GHP-distance between R-trees encoded
by continuous excursions. For g and h continuous excursions with excursion length o, and oy,

respectively, we have that

dGHP((%a dga /Lg)’ (77“w dh7 }uh))

1 (1.4)
< 2max{ sup |g(x) —h(z)], sup g(z)+ sup  h(z),z|log— ah|} .

0<z<og4Aoy, ogNh\op<z<og ogN\op<x<oyp, 2

Namely, this is an upper bound for the value of £ dis(C) V D(; us, ptg) V 7(C€) for the combi-
nation of the following correspondence C’ and measure 7/, where without loss of generality we
assume that o5, > o4. Let pj denote the projection of [0,0,] onto Tj, and define p, similarly.

Let p, be the root of 7,. Then set

C" = {(v,w) € Ta x Ty s.t. py, (v) Npg (W) # B} U{(v, pg) = 1, ' (v) € (09, 0m]},

and for A being the pushforward of the Lebesgue measure on [0, 04] under mapping [0, o,4] —
[0,0p] X [0,04] : © — (x,x), let ™ be the pushforward of A under pj, ¥ Pg-

Then, (1.4) suggests that if we have suitable convergence of the height processes encoding a
sequence of trees, we get convergence of the sequence of trees in the topology induced by dgpp.
We will use this in Chapter 3 and in two of the works described in Chapter 4. Convergence of
the Lukasiewicz paths does not imply convergence of the trees in the dgpp distance; informally,

the embedding of the tree in the Lukasiewicz path distorts distances.

1.2.2 Examples of scaling limits of random trees and graphs

One of the pioneering universality results in the field of random graphs is by Aldous, who con-
structed the Brownian Continuum Random Tree (CRT) [13, 14]. This is the random tree Tae,

for e a Brownian excursion. It almost surely has Hausdorff dimension 2 and all its branch-
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points have degree 3. Apart from via its height process e, the CRT can also be defined via
a stick-breaking construction, as shown in [13]. In [14], Aldous showed that for u a proba-
bility distribution on N with |ula < oo, it holds that n~'/2T,,,, converges in distribution in
the Gromov—Hausdorff topology to a constant multiple of the Brownian CRT (over all n such
that P(|T,| = n) > 0) by showing that its rescaled height process converges in distribution to a
Brownian excursion. Then, in [80], Marckert and Mokkadem show that the rescaled Lukasiewicz
path and height process in fact converge to the same Brownian excursion under the additional
assumption that > 2 pre® is finite for some a > 0. Since then, the Brownian CRT has been
shown to be the metric space scaling limit of a wide variety of random graph models, such as
random uniform unordered trees [65], the uniform spanning tree of the high-dimensional torus

[18], random dissections [40], random graphs from subcritical classes [89] and others.

In [77], Le Gall and Le Jan consider a wide class of spectrally positive Lévy processes L
that do not drift to +o0, for which they construct a continuous version of the height process
that encodes a sequence of random continuum trees with L as their Lukasiewicz path. In [50],
Duquesne and Le Gall show that for such a Lévy process L, the height process of a forest of
i.i.d. Bienaymé trees, for which the Lukasiewicz path is in the domain of attraction of L and the
extinction times of the trees satisfy an additional regularity condition, converges under rescaling

to the height processes as constructed in [77].

In [49], Duquesne proves a conditioned version of the result in [50], which is a generalization
of Aldous’ result [14]. To be precise, he shows that if the rescaled Lukasiewicz path of an
unconditioned forest of u-Bienaymé trees converges to an a-stable process with a € (1,2], it
holds that n—1+1/ T, »n converges in distribution in the Gromov-Hausdorff-Prokhorov topology
to a random continuum tree that has a constant multiple of a normalized excursion of the a-
stable process as its Lukasiewicz path. Again, this convergence is shown by showing convergence
of the height process under rescaling. Such trees are called a-stable trees. (Note that the 2-stable
tree is just the Brownian CRT up to an unimportant constant factor.) An a-stable tree with
a € (1,2) is structurally very different from the Brownian CRT: almost surely all branchpoints
have infinite degree and the tree has Hausdorff dimension a/(ov—1) [64]. Just like the Brownian
CRT, it can be constructed via a stick-breaking procedure [58].

The convergence results on rescaled Bienaymé trees in [14, 77, 49, 50] do not use the for-
malism of R-trees. The restatement of there results in the framework of R-trees is due to Le

Gall in [56] and has since then become standard.
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There are also several works that show convergence of random graph models to random
non-acyclic R-graphs, the first being [3] by Addario-Berry, Broutin and Goldschmidt. They
study the Erdés—Rényi random graph, G(n,p), which is the random graph model with vertex
set [n] in which each edge is present with probability p. They consider the parameter regime
pP=ppr=1/ n+An~43 for A € R in which the sequence of the ordered component sizes, rescaled
by n~2/3, has a non-degenerate limit, as shown in [15]. This regime is called the critical window,
and the case A = 0 is called criticality. The authors of [9] show that in the critical window, the
large components converge under rescaling in the Gromov—Hausdorff topology to a sequence of
random R-graphs that they call the Brownian graph. Each component of the Brownian graph
consist of an R-tree that is absolutely continuous to a randomly rescaled Brownian CRT with
a finite number of random identifications to create the cyclic structure. The components are
independent conditionally on their total mass; almost surely all branchpoints have degree 3 and
the R-graph has Hausdorff dimension 2. In [22], Bhamidi, Sen and Wang show that the limit
under rescaling of the components of the critical inhomogeneous random graph under suitable
conditions have the same law as rescaled components of the Brownian graph, showing that the

Brownian graph is also a universal scaling limit.

We will review the results on metric space scaling limits of the configuration model in various

set-ups in Section 1.4.

1.2.3 Metric directed multigraphs

There is no natural way to view a directed strongly connected (multi-)graph G with |C_j| =n
as a metric space, because for two vertices v and w, the distance from v to w might differ from
the distance from w to v. Therefore, we need to consider them as metric directed multigraphs,
which is a class that was introduced by Goldschmidt and Stephenson in [59]. A metric directed
multigraph (MDM) is a tuple M = (V, E,r,l) where (V,E,r) is a directed multigraph and
l: E —[0,00). An isomorphism between two MDMs M = (V, E,r,l) and M’ = (V' E',»",l")
is a pair of functions (iy,ig) where iy : V' — V' and ip : E — E’ are bijections satisfying the
relation

r'(ip(e)) = (iv(ri(e)), iv(ra(e)))

for all e € E. We say two MDMSs are isomorphic if there exists an isomorphism between them.

In other words, isomorphic MDMs have the same graph structures for their underlying directed
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multigraphs up to a relabelling of the edges and vertices. Write Iso(M, M') for the set of all
isomorphisms between M and M’. Let £ be the MDM that consists of a single vertex with a
self-loop of length 0.

We see that G can be viewed as an MDM by assigning length 1 to each edge, but it is more
natural to view any maximal path of which all internal vertices have in- and out-degree 1 as
one long edge.

We will now make this idea formal. Consider an MDM M and a vertex w € M with in-
degree 1 and out-degree 1 which is not a self-loop. Let u and v be the unique in-neighbour and
out-neighbour of w respectively. The MDM obtained by smoothing w is obtained by deleting
the edges e; and e such that r(e1) = (u,w) and r(e2) = (w,v), then adding an edge e such

that r(e) = (u,v) and assigning it length I(e) = l(e1) + {(e2). This is illustrated in Figure 1.3.

:..\._\_.\_ l(61 ) ! (62 ) - \\\\\ 7/-\ l ( e1 ) +1 ( 62) ‘//—'/
- OnnaOrna O A

(a) The graph before smoothing w (b) The graph after smoothing w

Fig. 1.3: Smoothing a vertex w

Then the kernel of a digraph G is obtained by the following procedure:
1. Assign length 1 to each edge.

2. Iteratively smooth vertices with in-degree 1 and out-degree 1 that are not self-loops until
there are none remaining or we have obtained a MDM consisting of one vertex with a

single self-loop.
3. Replace all singletons by £.

An example is shown in Figure 1.4.

1.2.3.1 A topology on metric directed multigraphs

We now define a distance dz between two MDMs M and M’ that was introduced in [59]. Any
isomorphism between M and M’ gives a correspondence between the edges of M and the edges
of M’. We can then take an /., distance between the lengths of the edges and finally take

the isomorphism which minimizes this distance. If M and M’ are not isomorphic, we set the
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(a) G (b) Kernel of G

Fig. 1.4: An example of a digraph G and its kernel. The numbers indicate the edge lengths.

distance to be infinite. Formally,

inf(;, ip)etso(m, vy SUPecpll(e) —U'(ip(e))| if M and M’ are isomorphic,

da(M, M) =

00 otherwise.

1.2.4 An example of a scaling limit of random strongly connected directed

graph

There are only two random directed graph models for which the strongly connected components
have been shown to converge in distribution under rescaling as MDMs: the directed Erdos—
Rényi model and the directed configuration model as considered by us in Chapter 3. The
directed Erdés—Rényi model on n vertices with parameter p, denoted by C_j(n,p), is a random
digraph with vertex set [n] in which each of the n(n —1) possible directed edges is included with
probability p independently. The cases p = pp x = 1/n+ An~4/3 for X € R are referred to as the
critical window, and the case p = 1/n is called criticality. In [59], the authors show that in this
regime, the strongly connected components converge under rescaling to a random sequence of
MDMs that are all 3-regular or loops. Notably, the total length in the limit object is finite. As
we will discuss in Section 1.3, the limit object for A = 0 is part of the family of limit objects of
the strongly connected components of the configuration model under rescaling that we obtain

in Chapter 3.
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1.3 Results in this thesis

1.3.1 The height of random trees

In this section, we introduce the theorems that we prove in Chapter 2.

We show that, for any degree sequence d of length n, a uniform tree with degree sequence d
will have height O(nl/ 2) with sub-Gaussian tails, with parameters not depending on the degree
sequence other than through the number of vertices with degree 1. This is the content of the

following theorem, that appears as Theorem 2.1.7 in Chapter 2.

Theorem 1.3.1. Fiz any degree sequence d = (dy,...,dy), let T €, Tq, and write 6 = (n —
ny(d))/n. Then for all x > 0,

P (ht(T) > mn1/2> < 5exp(—ox?/213).

The dependence on ni(d) is to be expected because vertices with degree 1 make the tree
tall. Indeed, given a uniform tree with degree sequence d, say T, adding a vertex with degree 1
to d corresponds (under a suitable coupling) to splitting a uniform edge of T into two edges (or
including an additional edge below the root). So, including vertices of degree 1 into a degree
sequence makes the paths between branchpoints in a uniform tree with the degree sequence
longer and thus makes the tree taller.

Our second theorem on trees with a given degree sequence, which appears as Theorem 2.1.8
in Chapter 2, implies that if the variance of a degree sequence d is large, the height of a uniform

tree with degree sequence d is in fact smaller than implied by Theorem 2.1.7.

Theorem 1.3.2. Fiz any degree sequence d = (di,...,d,), let T €, Tq, and define (0')? =

nfr?l(d) 0(21. Then for all x > 213,

/
P <ht(T) > xn1/210g(0+1)> < dexp (—zlog(c’ +1)/2').
0d

The bounds in this theorem are not always tight. For example, if the degrees in a de-
gree sequence d,, are i.i.d. samples from a heavy-tailed distribution with polynomial tails, say
p([k,00)) ~ k= for large k, conditioned to be a degree sequence, the variance is ©(n?/*~1)
in probability, so the theorem shows that a uniform tree with degree sequence d,, has height

O(n'~'/*log(n)). However, the annealed tree is just a conditioned y-Bienaymé tree projected
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onto the space of rooted, labeled trees, which has height @(nl_l/ @) in probability, so the asymp-
totic upper bound is off by a factor of log(n).

On the other hand, consider a degree sequence of length n of the form (n'/,2,...,2,0,...,0).
Then the variance is again ©(n?/®1), but it is easy to show that the height of the tree is
Q(n'~Ylog(n)) in probability, implying that the order of the height in the theorem is correct.
So although the order in Theorem 1.3.2 is not tight in all cases, it is the smallest order that one
can hope for in a universal bound that works for all degree sequences.

We also prove some results for simply generated trees and Bienaymé trees. By Proposition
1.1.7, which states that simply generated trees projected onto the space of rooted, labeled trees
are an average over uniform trees with a given degree sequence, and by Theorem 1.1.6, which
identifies the asymptotic degree distribution of a simply generated tree, we see that these results
are consequences of our theorems above.

The following theorem resolves Conjecture 21.5 and Problem 21.7 from [68]. We refer the

reader to the statement of Theorem 1.1.6 for the definition of &.

Theorem 1.3.3. Let w = (wg, k > 0) be a weight sequence with wy > 0 and with wg > 0 for
some k > 2. If either 6% = 0o or v < 1 then n_l/zht(TW,n) — 0, where the convergence is in

both probability and expectation, as n — oo along integers n such that Z,(w) > 0.

By Theorem 1.3.2, to prove Theorem 1.3.3, it is sufficient to show that the empirical variance
of the degree sequence of T\, ,, goes to infinity in probability as n — oo and that the number of
vertices with degree 1 does not get too big.

We also prove the following, more quantitative theorem. The definition of 7 can be found

before the statement of Theorem 1.1.6.

Theorem 1.3.4. Fiz e € [0,1). Then, there exist constants c; = c1(€) and ca = ca(€) such that
the following holds. Let w = (wg, k > 0) be a weight sequence with wy > 0 and wy > 0 for some

k> 2 and % <1—e. Foranyt>1 and any n large enough with Z,(w) > 0,

P (ht(TW,n) > tn1/2> < ¢y exp(—cat?).

This theorem is an averaged version of Theorem 1.3.1 because, by Theorem 1.1.6, the pro-

portion of vertices with degree 1 in Ty, , tends to g(lTT) in probability.

These theorems have the following consequences for Bienaymé trees.



22 CHAPTER 1. INTRODUCTION

Theorem 1.3.5. Fiz a probability distribution p supported on N with |u|; < 1 and |u|as = oo.
Then, n~Y/?ht(T,,) — 0 as n — oo along values n such that P(|T,| = n) > 0, both in

probability and in expectation.
Theorem 1.3.5 answers an open question from [8].

Theorem 1.3.6. Fizx a probability distribution u = (ug,k > 0) supported on N with |u|; < 1
and with Y ;o ey, = oo for allt > 0. Then, n="/?ht(T,,) — 0 as n — oo over all n such

that P(|T,| = n) > 0, both in probability and in expectation.

It might seem restrictive that we only consider critical and subcritical offspring distributions
in Theorems 1.3.5 and 1.3.6, but by Proposition 1.1.5, a supercritical Bienaymé tree conditioned
to have size n has the same law as a particular subcritical Bienaymé tree conditioned to have

size n.

Theorem 1.3.7. Fiz e € [0,1). Then, there exist constants ¢ = c(€) and C = C(€) such that
the following holds. For any probability distribution p = (ug,k > 0) on N with pg+p1 <1 —e€

and po/(po + p1) > €, for all n sufficiently large and for which P(|T,| =n) > 0, for all z > 0,
P (ht(TWL) > a:nl/Q) < Cexp(—cz?).

We need the conditions pg + p1 < 1 — € and po/ (1o + p1) > € for the following reasons. If
o + w1 is large, then branchpoints appear with low probability, so the tree is likely to have
long paths between branchpoints and is therefore likely to be tall. To see why T, , is tall if
o/ (po + p1) is small, note that every additional branchpoint creates at least 1 additional leaf.
If leaves are unlikely compared to vertices of degree 1, then branchpoints are unlikely compared
to vertices of degree 1, so again, the tree is likely to have many degree 1 vertices and is therefore
tall. This reasoning is made formal in Chapter 2.

We want to point out that any non-trivial universal tail bound for the height of Bienaymé
trees (and therefore for simply generated trees) must be asymptotic and one cannot hope to
obtain a non-asymptotic tail bound analogous to Theorems 1.3.1 and 1.3.2. Indeed, for any m
and any probability distribution u = (ug, k > 0) such that p; > 0 if and only if k£ € {0,1, m},
we see that T, ,, cannot contain vertices of degree m and will therefore be a path of length
m with height m — 1, so the asymptotic height of O(nl/ 2) in probability can definitely not be

observed for n < m. Since m was arbitrary, we see that a universal tail-bound for the height of
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Bienaymé trees must be asymptotic.

Finally, in Chapter 2, we define a partial ordering < on degree sequences and show that
d < d’ implies that the height of T4 is stochastically dominated by the height of Tg.. This
in particular implies that binary trees are the tallest trees with a given number of leaves and

vertices. We refer the reader to Chapter 2 for the statement of these results.

1.3.2 The metric space scaling limit of the strongly connected components

of the directed configuration model

In Chapter 3 we consider the directed configuration model in which the degree sequence consists
of n i.i.d. random variables conditioned on the total in-degree being equal to the total out-degree.
Let v be a distribution on N x N, and let D¢,...,D,, be a sequence of i.i.d. random variables

with distribution v. We condition on the event

{Xii Dy =YL D},

observing that this is an asymptotically singular event as n — co. Let én(u) be a digraph chosen
uniformly at random from all digraphs with degree sequence D1,...,D,. We are interested in
the limit under rescaling of the SCCs of Gy, (1) as n — co.

Suppose (D~, D) has law v. We will require the following assumptions to hold:
1. E[(D7)Y(D%)7] < oo for integers 1 < i+ j < 3, (4,5) = (1,3) and (4,5) = (3,1).
2. E[D7] =E[D"].

3. D™ — D7 is strongly aperiodic. This means that for all p > 1, there does not exist k € Z
such that

P(D™ - Dt €k+pZ)=1.

4. E[D~D*] = E[D%].

The first condition is required to ensure that the steps of a random process, akin to the
Lukasiewicz path of a forest, have finite variance, so that the random process will convergence
under rescaling to a random continuous process that is locally absolutely continuous to Brownian
motion. It also ensures similar regularity of other random variables that we use to encode the

directed graph.
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The second and third conditions make sure the event {>_1; D; = > D} is well-
behaved. The second condition ensures that it is not a large deviation event. Using a result
from Spitzer [96, Page 42, P1], the third condition ensures that the event has positive proba-
bility for all sufficiently large n > 1. This condition can be relaxed to assuming that D~ — DT
is non-constant by taking limits for n € pN rather than n € N where p is the periodicity of

D~ — D™. However, for simplicity of presentation, we keep it as an assumption.

The fourth assumption is the criticality condition. To understand how this arises, consider
the directed configuration model and let (V,,, W,,) be a uniformly chosen edge. For now, ignore
the conditioning on the total in- and out-degrees being equal. We consider the distribution of
the in- and out-degree of W,,. Because the degree sequence is an i.i.d. sequence, W,, is equally

likely to be any vertex i. Thus for any k = (k~, k™),

P(d~(W,) =k~ ,d"(W,) = kT) = nP(W,, = 1,D; = k)

= nE[P(W,, = 1| D; =k, Dy,...,D,)P(D; =k)

Conditionally on the degree sequence, we have that W,, = ¢ with probability proportional to

D, since we used an uniform pairing of the in- and out-half-edges. Therefore

-
P(W,=1|D;=kDy,... D))= — -
( D ? ) k= 4> o D;
Thus

-
(k= + X, D))

P(d‘(Wn):k_,d+(Wn):k+):E[ ]P[D‘:k‘,D*:kﬂ.

Using the law of large numbers, the above will converge to

=
——P[D” =k ,D" =k"].
B 10 =407 =]
Let (Z=,Z%) be such that P(Z~ = k=, Z% = kT) is given by the above expression. We say
(Z=,Z7%) has the law of the degree distribution size-biased by in-degree. For large n, any other
fixed out-edge of W), is then also distributed approximately like a uniformly chosen edge (here we

are ignoring the fact that we have already sampled an edge) since we chose the in- and out-edge

pairing uniformly at random. Therefore the out-degree of the head will have approximately the
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same distribution as ZT. Thus if we were to look at the graph of all vertices leading from W,,, it
would look approximately like a Bienaymé tree with offspring distributed as Z*. By Proposition
1.1.3 these trees exhibit critical behaviour in whether or not the tree is finite at E[ZT] = 1.
This is equivalent to assuming E[D~ D] = E[D~]. This argument can be formalised as a local
limit theorem for the graph.

We define the following parameters that will determine the behaviour of the SCCs in the

limit.
1. p:=E[D"]|=E[D"] =E[D D]

2. v_=E[z"]—1=2L )]
o .

3. 02 :=Var(Z7) = “E[(Di)S]_QE[(Di)Z]Q
B

4. 03_ = Var(Z1) = w

5. 04 :=Cov(Z~,Z%) = JE[(D‘)2D+LFE[(D—)2]

We will now state the main result from Chapter 3. For M an MDM and ¢ € (0,00), let ¢cM
be equal to M with all lengths multiplied by ¢. Let C;(n) for i > 1 be the kernels of the SCCs
of én(u), listed in decreasing order of number of edges, breaking ties arbitrarily. Complete the

list with an infinite repeat of £. Then, we prove the following theorem.

Theorem 1.3.8. There exists a sequence C = (C;,i € N) of random strongly connected MDMs
such that

(n*1/3c,~(n),z' € N) W (¢ eN)

as n — oo, with respect to the product dg—topology. The law of C = (C;,i € N) depends only on
the parameters pu, oy, and (0—4 + v_)/u. Further, for each i > 1, C; is either 3-reqular or a

loop.

Notably, the limit under rescaling of the directed Erd6s—Rényi model at criticality obtained
in [59] is part of the family of limit objects that we obtain, which is the content of the following

corollary.

Corollary 1.3.9. Consider G, (v), with v such that

p=0y=0_4y+v_=1
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Let (CY(n),i > 1) be the kernels of the SCCs of Gn(v). Furthermore, let (CEE(n),i > 1) be the
kernels of the SCCs of G(n,1/n). Then, (n_l/?’C'i”(n),i eN) and (n_l/?’Cl-ER(n),i € N) have

the same limit in distribution in the pmduct—dg-topology as n — oo.

Note that the condition in Corollary 1.3.9 is satisfied by v(k~, k) = v1 (k™ )va(k™), with 14
and vy the law of a Poisson(1) random variable.
Moreover, Theorem 1.3.8 has the following trivial corollaries, which were previously un-

known.

Corollary 1.3.10. Let E! and V! be the number of edges and vertices in C;(n) respectively,
both appended with infinite repeats of 0. Then there exists a random sequence (E;,1 € N) € RS,
such that

(n_l/gEf,n_l/?’V;”,i e N) Y (B Eii e N)
as n — oo in the product topology on (R?)%°.

In particular, note that, in the above corollary, the number of vertices and number of edges

have exactly the same scaling limit.

Corollary 1.3.11. For v,w € Gp(v) such that v — w, let d(v,w) denote the length of the

shortest directed path from v to w, and let

Diam (én(u)> = max {d(v,w) : v = w}

v,weV
be the diameter of G,,(v). Then, Diam (C_jn(y)) = Q(n'/3) in probability.

All these results will be proved in Chapter 3.

1.4 Brief literature review

1.4.1 The height of random trees

We start by reviewing previous work on the height of random trees. We will closely follow the
presentation in Chapter 2.

The study of the heights of trees spans decades, beginning with work of Harary and Prins
[66], Riordan [91] and Rényi and Szekeres [90]. The work [66] developed generating functions for

the number of rooted, labeled trees with given height (which they called root diameter); their
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work was extended to more general models of trees, including partially labeled trees, in [91].
Rényi and Szekeres [90] analyzed the generating functions developed in [66, 91] to prove that for
a uniformly random rooted labeled tree T,, €, T (n), the height satisfies n~'/2ht(T,,) 4 H for
a random variable H with EH = (27)'/2. Most other early work also focussed on heights and
diameters of specific random tree models, such as random labeled trees [99] or random plane

trees [42], and on distances between typical pairs of points in such models [83, 82].

A number of works then investigated the height (and width) of somewhat more general
families of trees, such as the so-called “simple” trees [54, 35]. (Simple trees may be thought
of as random coloured plane trees, where nodes with ¢ children may receive any colour from
{1,...,k(c)}; the values {k(c),c > 0} must all be bounded by some fixed constant M.) In all
these models, for a random tree T, of size n, the height ht(T,,) is of order y/n in probability,
for n large. Of particular note in the context of the current work are the papers of Flajolet
et al [55], which stated the first explicit non-asymptotic tail bounds on the heights of uniform
random binary trees; and of Luczak [79], which established uniform sub-Gaussian tail bounds
for the rescaled height of random labeled trees. Luczak showed in particular that there exists
an absolute constant C' > 0 such that for T,, €, T (n), for all k > /n,

n! k3

P((Tn) = 1) < O s

A sub-Gaussian tail bound follows on observing that n!/(n*(n — k)!) = Hfz_ol (1 —1i/n) <
exp(—k(k —1)/(2n)).

Kolchin [71, Theorem 2.4.3] proved a far-reaching generalization of the above distributional
results, showing that n~1/ 2h‘c(T%n) converges in distribution, to a random variable with sub-
Gaussian tails, whenever Y.o ip; = 1 and Y7,5 4% € (0,00). All the models described in
the previous paragraphs are handled by Kolchin’s results. This bound plays an essential role
in Aldous’s proof that critical branching processes conditioned to have n vertices converge to

the Brownian CRT, whenever the offspring distribution has finite variance, as discussed in

Subsection 1.2.2.

In contrast to our work, almost all recent research on non-asymptotic bounds for heights
of random trees has been focussed on showing that, for sequences of trees which converge in
distribution (after rescaling) to limiting continuum random trees, tail bounds of the same form

as the ones that hold for the height of the limit object can already be observed in the finite
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setting. In the “finite variance” case, where the limiting object is the Brownian CRT, this is
accomplished in [8, 2]. Building on [8], such tail bounds have also been proved for random
graph ensembles which are not trees, but which have the Brownian CRT as their scaling limit;
see [89, 98]. In the case of heavy-tailed degree distributions, for which the associated random
trees converge in distribution to the a-stable trees that we discussed in Subsection 1.2.2, non-
asymptotic tail bounds for the height (which match those of the limiting objects) have been
obtained by Kortchemski [72].

One of the main points of Chapter 2 is to show that the assumption of convergence under
rescaling, a feature of all the above works, is not necessary in order to obtain strong, non-
asymptotic bounds on the height. Indeed, in the setting of conditioned branching processes T, ,,
our main results precisely describe what information is required in order to obtain sub-Gaussian
tail bounds for n~/2ht(T,, ), and also under precisely what conditions n~*/2ht(T,,,) — 0 in
probability; in both cases, convergence is not a necessary ingredient. In the setting of simply
generated trees and random trees with fixed degree sequences, our results likewise do not depend

on any assumptions about asymptotic behaviour.

1.4.2 The configuration model

We now review some previous work on the configuration model, with a focus on the phase
transition for the component sizes and scaling limits. We will closely follow the presentation in
Chapter 3. As previously mentioned, the configuration model was introduced by Bollobés [27]
to sample a uniformly random undirected graph with a given degree sequence. (For a discussion
of the configuration model and proofs of standard results, we refer the reader to [101, Chapter
7].)

Most results on the configuration model are proved for models with a deterministic degree
sequence. The phase transition for the undirected setting was shown in [85, 86]. The convergence
in distribution of the component sizes at criticality and in the critical window were obtained
by Riordan [92] under the assumption that the degrees are bounded. Dhara, van der Hofstad,
van Leeuwaarden and Sen showed convergence of the size and number of surplus edges in the
critical window with a finite third moment [44] and in the heavy-tailed regime [45]. Bhamidi,
Dhara, van der Hofstad and Sen obtained metric space convergence in the critical window in
[24], a result that the authors later improved to a stronger topology in [23].

Configuration models with a random degree sequence are considered in [70], [37], [46], and
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[47]. Joseph [70] showed convergence of the component sizes and surpluses of the large compo-
nents under rescaling at criticality, both for degree distributions with finite third moments and
for the heavy-tailed regime. Conchon-Kerjan and Goldschmidt [37] show Gromov—Hausdorff—
Prokhorov convergence of the rescaled components ordered by decreasing size at criticality in
these two regimes. The results in [37] in the heavy-tailed regime are extended to the critical
window related to bond percolation by the author in [46] and to the critical window related
to inhomogeneous site percolation by the author in forthcoming work [47] that is discussed in

Chapter 4.

The directed configuration model was first considered by Cooper and Frieze [38]. They prove
the existence of a phase transition in the size of the largest strongly-connected component for
the directed configuration model with a deterministic degree sequence di,...,d,. They define

the parameter
_l’_ —
X dfd,
P
> i1 d;

which is the counterpart of E[Z~] for deterministic degree sequences. They then show that,
under additional assumptions, the existence of a giant SCC depends on whether d is strictly
greater than or less than 1. Our work in this paper shows our corresponding condition, E[Z~] =
1, is also the correct criticality condition to take for i.i.d. random degree sequences. They show
that for d < 1, with high probability, all SCCs contain O(Alog(n)) vertices, for A the maximal
degree. On the other hand, for d > 1, there is a unique SCC that contains a positive proportion
of the vertices and edges. Their conditions are restrictive, and include finite second moments
for both the in- and out-degree of a uniformly chosen vertex, and a bound of size n!/12 /log(n)
on the largest degree. Their proofs are based on an algorithm to explore the directed graph.
The condition on the largest degree was later relaxed to O(n'/*) by Graf [60]. These results are
in contrast with the critical case; see Corollary 1.3.10, which says that in our set-up the number

of vertices and edges in the largest strongly connected components are @(nl/ 3) in probability.

Recently, Cai and Perarnau have obtained a number of results on the directed configuration
model with deterministic degrees. In [30], they show, under first and second moment conditions
of the degree of a uniformly picked vertex, for d # 1 (i.e. not at criticality), that the diameter
of the model on n vertices, rescaled by log(n) converges to a constant that they identify. This
is in contrast with Corollary 3.1.4, which says that in our set-up the diameter is Q(n'/3) in

probability at criticality. Then, in [31], they show a law of large numbers for the number of
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vertices and edges in the largest SCC, under slightly stronger moment conditions, and again
away from the critical point. In [32], they study the behaviour of a random walk on a directed
configuration model.

The directed configuration model with random in- and out-degrees is also considered by Chen
and Olvera-Cravioto [36] although, importantly, they do not allow for the in- and out-degree of a
vertex to be dependent. The authors consider a model in which the in- and out-degrees are two
independent sequences of i.i.d. random variables drawn from different probability distributions.
They propose an algorithm to sample degree sequences that correspond to a simple graph and

show the limiting distribution of the degrees generated by this algorithm.



Chapter 2

Random trees have height O(,/n)

This chapter is joint work with Louigi Addario-Berry and previously appeared as a preprint [6].

We obtain new non-asymptotic tail bounds for the height of uniformly random trees with a
given degree sequence, simply generated trees and conditioned Bienaymé trees (the family trees
of branching processes), in the process settling two conjectures of Janson [68] and answering
several other questions from the literature. Moreover, we define a partial ordering on degree
sequences and show that it induces a stochastic ordering on the heights of uniformly random
trees with given degree sequences. The latter result can also be used to show that sub-binary
random trees are stochastically the tallest trees with a given number of vertices and leaves
(and thus that random binary trees are the stochastically tallest random homeomorphically
irreducible trees [66] with a given number of vertices).

Our proofs are based in part on a bijection introduced by Addario-Berry, Donderwinkel,
Maazoun and Martin [11], which can be recast to provide a line-breaking construction of random

trees with given vertex degrees.

2.1 Introduction

This paper proves optimal asymptotic and non-asymptotic tail bounds on the heights of ran-
dom trees from several natural and well-studied classes, in the process proving conjectures and
answering questions from [68, 8, 4]. We elaborate on connections with previous literature in
Section 2.1.2, after the presentation of our results. In Section 2.5, we discuss directions for
future research opened by the current work.

We begin by stating our results for the Bienaymé trees, which constitute the most elementary

31
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and well-studied random graph model and the oldest stochastic model for studying population
growth. For u = (ug, k > 0) a probability distribution on N = Z N[0, c0), a Bienaymé tree with
offspring distribution p, denoted T, is the family tree of a branching process with offspring
distribution p.! (An example appears in Figure 2.1.) We write |T,| for the size (number of
vertices) of T,,. For n € N such that P(|T,| =n) > 0, we write T}, ,, to denote a Bienaymé tree
with offspring distribution p conditioned to have size n. Bienaymé trees are random plane trees:
rooted, unlabeled trees in which the set of children of each node is endowed with a (left-to-right)

total order.

Fig. 2.1: In the tree t, there are 5 vertices with no children, two vertices with two children and
one vertex with 3 children, so for y = (ug, k > 0) a probability distribution on N, we have that

P(T, =t) = pujpsus.

For p > 0, write [p], = (30 k2pu) /7.

Theorem 2.1.1. Fix a probability distribution p supported on N with |u|; < 1 and |u|2 = oo.
Then, n~Y?ht(T,,) — 0 as n — oo along values n such that P(|T,| = n) > 0, both in

probability and in expectation.
Theorem 2.1.1 answers an open question from [8].

Theorem 2.1.2. Fiz a probability distribution u = (ux,k > 0) supported on N with |ul; < 1
and with Y ;o e*uy = oo for allt > 0. Then, n='/?ht(T,.,) — 0 as n — oo over all n such

that P(|T,| = n) > 0, both in probability and in expectation.

Theorem 2.1.2 solves a slight variant of Problem 21.7 from [68]. (That problem is stated for
simply generated trees, which are a slight generalization of Bienaymé trees. We in fact solve
the problem from [68] in full; see Theorem 2.3.1, below.)

A collection (X;);e; of random variables is sub-Gaussian if there exist constants ¢,C' > 0
such that P(X; > x) < Cexp(—cz?) for all i € I and all z > 0. Our third theorem states that
for any offspring distribution p = (ug, k > 0), the family of random variables (n~/2ht(T},,))

has sub-Gaussian tails, with constants ¢, C' that only depend on pp and p;.

!Bienaymé trees are often referred to as Galton-Watson trees, but we adopt the change in terminology
suggested in [10].
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Theorem 2.1.3. Fiz e € [0,1). Then, there exist constants ¢ = c(e€) and C = C(e) such that
the following holds. For any probability distribution p = (ug, k > 0) on N with pg+p1 <1 —e€

and po/(po + p1) > €, for all n sufficiently large and for which P(|T,| =n) > 0, for all z > 0,
P (ht(TWL) > :cnl/Q) < Cexp(—cz?).

This theorem has the following immediate corollary.

Corollary 2.1.4. For any probability distribution p = (ug,k > 0) on N with po + 1 < 1,
Eht(T,,)] = O(n'/?), and, more generally, for any fived r < oo, E[ht(T,,)"] = O(n'/?) as

n — oo over all n such that P(|T,| =n) > 0. O

Theorem 2.1.3 and Corollary 2.1.4 strengthen Theorem 1.2 and Corollary 1.3 in [8], as they
are not restricted to critical offspring distributions with finite variance and the bounds only

depend on p via o and p;. This resolves conjectures stated in [4] and [8].

Remark 2.1.5. The requirement in Theorem 2.1.3 that n is sufficiently large (where “suffi-
ciently large” depends on 1) is necessary. To see this, note that if p has support {0,1, N} then
for any n < N + 1, with probability one T, , is a path (so has height n —1). The requirement
in Theorem 2.1.8 that 1 — pg — p1 and po/(uo + p1) be bounded from below is also necessary.

To see this, it suffices to consider probability distributions p of the form

po=ql-=p)  m=0-q¢(1-p) p2=p.

For any x > 1, it is possible to make liminf, o P(ht(T,,) > anl/?) arbitrarily close to one
by either taking p fized and q sufficiently small or q fized and p sufficiently small; this fact is

proved as Claim 2.5.5, below.

For random variables X,Y, we write X <4 Y to mean that Y stochastically dominates
X, which is to say that P(X < t¢) > P(Y < t) for all t € R. We also write X <4 Y, and
say that Y strictly stochastically dominates X, if X <y Y and X and Y are not identically
distributed. Our final result for Bienaymé trees states that, among all conditioned Bienaymé
trees which almost surely have no vertices with exactly 1 child, the binary Bienaymé trees have

the stochastically largest heights.

Theorem 2.1.6. Fiz any probability distribution p = (ug,k > 0) on N with py € (0,1) and

w1 = 0, and let v be the probability distribution on N with v(0) = v(2) = 1/2. Then for all
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n > 1 such that P(|T,| =n) >0,

ht(Tpn) 2t ht(Ty,) if n is odd

ht(Tyn) 2t ht(Tyng1) if 0 is even.

The probability measure v in the preceding theorem could be replaced by any nondegenerate
probability measure v/ with v/(0) + v/(2) = 1, as for any such measure and any m € N, the
tree T,/ 241 is uniformly distributed over rooted binary plane trees with m internal nodes and
m + 1 leaves. The parity requirement is due to the fact that binary trees always have an odd
number of vertices. Also, the requirement that u; = 0 is necessary, since if u; > 0, then with
positive probability T, om (resp. Tyo2m+1) is a path of length 2m — 1 (resp. 2m), whereas
Ty 2m+1 has height at most m + 1.

The preceding theorem has the following consequence for tail bounds on the height of con-
ditioned Bienaymé trees. Fix any constants ¢ and C' such that the inequality in Theorem 2.1.3
holds for uniform binary trees T, ,. Then, the same inequality also holds for T, , for any
probability distributions g with p(1) = 0. In particular, by the remark above, we see that if we

restrict the theorem to such probability distributions, the constants need not depend on e.

2.1.1 Trees with fixed degree sequences

The above results for Bienaymé trees are consequences of more refined results, presented in this
subsection, on the heights of random trees with fixed degree sequences.

For a rooted tree t and a vertex v of t, the degree di(v) of v is the number of children of v
in t. A leaf of t is a vertex of t with degree zero.

A degree sequence is a sequence of non-negative integers d = (dy,...,d,) with Zie[n] d; =
n — 1. We write Tg for the set of finite rooted labeled trees t with vertex set labeled by [n] and
such that for each i € [n], the vertex with label 7 has degree d;. Also write 7 (n) for the set of
all finite rooted labeled trees with vertex set labeled by [n]. For t € T(n), we write d;(¢) for the
degree of the vertex with label i and say that (di(1),...,d:(n)) is the degree sequence of t.

For p > 0 and a degree sequence d = (dy, ..., d,) write |d|, = (3_1 df)l/p and let (04)? =
LS di(d; — 1). Also, for i > 0 write n;(d) = [{j € [n] : d; = i}| for the number of entries of
d which equal 1.

Given a finite set S, we write X €, S to mean that X is a uniformly random element of S.
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Theorem 2.1.7. Fiz any degree sequence d = (di,...,dy), let T €, Tq, and write § = (n —
n1(d))/n. Then for all z > 0,

P (ht(T) > :Jcnl/2> < Sexp(—dx?/213).

Theorem 2.1.8. Fiz any degree sequence d = (di,...,dy,), let T €, Tq, and define (0')? =

n—sl(d) 03. Then for all x > 213,

/
P <ht(T) > :L‘nl/QIOg(U—i_l)> <dexp (—zlog(c’ +1)/2M).

0d

The following proposition is the tool which allows us to transfer results from the setting
of random trees with given degree sequences to that of Bienaymé trees (and that of simply

generated trees, which are introduced in Section 2.4, below).

Proposition 2.1.9. Fiz non-negative weights (w;,i > 0). Let T be a random plane tree of size

n with distribution given by

IP)(T = t) X H W (v)s (21)
veEv(t)

for plane trees t of size n. Conditionally given T, let T be the random tree in T(n) obtained
as follows: label the vertices of T by a uniformly random permutation of [n], then forget about
the plane structure. For i € [n| let D; be the degree of vertex i in T of vertex i. Then for any
degree sequence d = (dy,...,dy,), conditionally given that (D1,...,Dy,) = (di,...,d,), we have

T ey Ta.

We provide the proof of Proposition 2.1.9 right away since it is short, but it is not necessary

to read the proof in order to understand what follows.

Proof of Proposition 2.1.9. In this proof, by an ordered labeled tree we mean a finite tree t whose
vertices are labeled by the integers [n] (for some n) and such that the children of each node are
endowed with a left-to-right order. From an ordered labeled tree, we may obtain a plane tree
by ignoring the vertex labels, and we may obtain a labeled tree lying in 7 (n) by ignoring the
orderings.

Let T be the random ordered labeled tree obtained from T by labeling the vertices of T by

a uniformly random permutation of [n].
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Now fix any labeled tree t with vertices labeled by [n]. For j > 0 write n; = {i € [n] :
di(i) = j}. Then
P(T=t) =) P(T=t),
t

where the sum is over ordered labeled trees t with vertices labeled by [n] whose underlying

(unordered) labeled tree is T. This sum has

[T =TJunm™

vet j=0

summands, corresponding to the number of ways to choose an ordering of the children of each
vertex of t. Moreover, for any tree t included in the sum, writing t for the (unlabeled) plane

tree underlying t, we have

PT=t) = ~P(T=t) [] wa = [[w-

n!
vev(t) 7=>0

This value is the same for all summands, so it follows that

The right-hand side depends on t only through the number of vertices of each degree. In

particular, for any degree sequence d, it is constant over trees in Tq. The result follows. O

Using this proposition, we can transfer results from the setting of random trees with given
degree sequences to that of random plane trees, provided that we can obtain sufficiently precise
control of the degree statistics of the random plane trees. (By “degree statistics” we mean the
number of nodes of given degrees.) Once such control is established, Theorems 2.1.1, 2.1.2,
and 2.1.3 follow straightforwardly from Theorems 2.1.7 and 2.1.8. Similarly, the stochastic
inequality of Theorem 2.1.6 follows from a finer stochastic ordering on the heights of random
trees with given degree sequences. We in fact obtain stochastic domination results for the
heights of trees under two different partial orders on degree sequences We define these partial

orders by specifying their corresponding covering relations?.

Theorem 2.1.10. Let <1 be the partial order on degree sequences of length n defined by the

following covering relation: d = (di,...,d,) covers d' = (d,...,d)) if there exist distinct

For a partially ordered set (P, <), y € P covers x € P if x < y and for all z € P, if z < z < y then z € {z,y}.
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i,7 € [n] and a permutation v : [n] — [n] such that
1. dl > dj;
! — . .
2. dy =di+1;

3.d

V(]) — dj - 1; and

4. d;/(k) =dy, for any k € [n]\{i,7}.
Then with Tq €, Tq and Ty €4 Ty,
d’ <1 d = ht(Tq) =g ht(Tyq).
Moreover, the stochastic domination of ht(Tq) over ht(Tg) is strict if ' <1 d and d contains

at least 8 non-leaf vertices.

In words, to obtain d’ from d in the definition of <1, for a < b, we replace one vertex with
a children and one vertex with b children by a vertex with a — 1 children and one with b + 1
children and potentially relabel the vertices; informally, the degrees in d’ are more skewed than
the degrees in d. Then, d’ <; d and ht(Tg) =g ht(Tq). So, informally, Theorem 2.1.10 states
that more skewed degrees yield shorter trees. This theorem has the following corollary, which

resolves a conjecture from [11].

Corollary 2.1.11. Let <5 be the partial order on degree sequences of length n defined by the
following covering relation: d = (di,...,d,) covers d' = (di,...,d}) if there is a permutation

v:[n] = [n] and an i,j € [n] such that
1. di,dj Z 1,’
U — . L.
2. d = di+dj;

U
7 )

=0; and
4. dygy = di; for any k € [n]\{i, j}.
Then with Tq €, Tq and Ty €, Ty,

d’ <od = ht(Td/) st ht(Td).
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Corollary 2.1.11 follows immediately from Theorem 2.1.10 by observing that if d’ <5 d then
d’ <1 d. Arthur Blanc-Renaudie told us a proof of the stochastic domination presented in
Corollary 2.1.11 (which he does not intend to write up), using a bijection presented in [25]. Our

proof of Theorem 2.1.10 proceeds differently, but was inspired by Blanc-Renaudie’s approach.

Before concluding the introduction, we state and prove two further corollaries of Theo-
rem 2.1.10, and use the second of them to prove Theorem 2.1.6. The first states that height of
any random tree with a fixed degree sequence is stochastically dominated by that of a random
sub-binary tree with the same number of leaves and degree-one vertices. (We say d is sub-
binary if n;(d) = 0 for all 4 > 3, and in this case also say that Ty is sub-binary.) The second
essentially says that among all random trees with a given size and given number of vertices of
degree 1, the sub-binary trees have the stochastically largest heights (with a very minor caveat

that essentially addresses a potential parity issue).

Corollary 2.1.12. Let b be a sub-binary degree sequence, let d be a degree sequence with

no(d) = no(b) and ni(d) = ni(b), and let Tq €, Ta and Ty, €, To. Then ht(Tq) < ht(Ty).

Proof. Note that necessarily na(b) = ng(b) — 1, so b has length 2ny(b) + ni(b) — 1 Write
d=(di,...,dp). If n =2ng(b) +ny(b) — 1 then d is a permutation of b and there is nothing
to prove. So suppose that n < 2ng(b) 4+ ni(b) — 1; in this case necessarily d contains at least
one entry which is three or greater. We construct a degree sequence d' = (d,...,d;, ) with
no(d) = no(d’) and ny(d) = nq(d’) and ht(Ty) < ht(Ty ). This proves the corollary (by induction
on 2ng(b) +ni(b) —1 —n), as we can then transform d into a degree sequence of length sub-
binary degree sequence 2ng(b) +mn1(b) — 1 without changing the number of zeros or of ones, and

while stochastically increasing the height of the associated random tree.

To construct d’, first let d* = (df,...,d; ;) = (di,...,dn,1). The trees Tq and Tg+ €, Tg+
may be coupled as follows. If n + 1 is not the root of Ty+ then form T4 from T4+ by replacing
the two-edge path containing n 4+ 1 in Ty+ by a single edge connecting its endpoints. If n + 1
is the root, then instead form T}, by deleting n + 1 and rerooting at its unique child. (The
reverse operation is to add n + 1 as the parent of a uniformly random vertex of Tq.) Under this

coupling, the height of T4+ is at least that of Ty, so it follows that

ht(Tq) =<st ht(Tg+) .
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Now choose k € [n] such that di = dj, > 3 and define d’ = (d},...,d, ) by

df if i & {k,n+1}

di=Sdf -1 ifi=k

2 ifi=n+1.

\

Then ng(d) = no(d’) and ny(d) = ni(d’). Moreover, ht(Ty+) < ht(Tg) by Theorem 2.1.10, and
so ht(Ty4) = ht(Ty/) as required. O

Corollary 2.1.13. Let d = (dy,...,d,) be any degree sequence and let Tq €, Tq. Let

n if ni(d) > 1 or if n is odd

n+1 ifni(d) =0 and n is even.

Then there is a sub-binary degree sequence b = (by,...,b,+) with ni(b) < ny(d), such that with
Ty, €y T, then ht(Td) =st ht(Tb).

Proof. Suppose that d has at least one entry d > 4. Choose j € [n] with d; = 0. Then the

degree sequence d' = (d},...,d,,) given by

d; —2 ifi=k

d/ _ op - .

i = N2 ifi =
d; otherwise

has the same length as d and satisfies n1(d’) = nq(d). Moreover, by Theorem 2.1.10, ht(Tq) =t
ht(Tq/). We have reduced the number of vertices of degree 4 while stochastically increasing
the height, and without changing the number of vertices of degree 1. It follows that to prove
the corollary we may restrict our attention to degree sequences corresponding to trees with

maximum degree three.

Next suppose that d has n3(d) > 2 and choose distinct k,¢ € [n] with dp = d; = 3 and
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Jj € [n] with dj = 0. Then the sequence d' = (di, ..., d],) given by

;

di—1 ifie{k 0}

di =12 if = j

d; otherwise

has the same length as d and satisfies nq(d’) = ny(d) and has two fewer vertices of degree three,
and two applications of Theorem 2.1.10 give that ht(Tq) =g ht(Tg/). This shows that we may
restrict our attention to degree sequences corresponding to trees of maximum degree three and

with at most one vertex of degree three.

Among such degree sequences, if n3(d) = 0 there is nothing to prove — the tree Ty is already
sub-binary. If n3(d) = 1 and ni(d) > 1 then let k be such that dj = 3 and choose j € [n] with
dj = 1. Then the sequence d' = (dj, ..., d},) given by

2 ifie{jk}
d, =
d; otherwise
is sub-binary and has n1(d") < ni(d), and ht(Tq) < ht(Tq).
Finally, if n3(d) = 1 and ny(d) = 0 then necessarily n is even. In this case, choose k € [n]

such that dj, = 3, and define d' = (dy,...,d;,, ) by

;

d; if i ¢ {k,n+1}

di =S dy—1 ifi=k

2 ife=n+1.

Then d’ is sub-binary. Moreover, the same argument as that in the final paragraph of the proof
of Corollary 2.1.12 shows that with Ty €, Tg, then ht(Tq) < ht(Tq). This completes the

proof. O

Proof of Theorem 2.1.6. For any n € N with P(|T,| =n) > 0 and any plane tree t of size n,

1
P(T,,=t)= BT, =) Hﬂdt(v)

vet
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and likewise if P(|T,| = n) > 0 then P(T,,, = t) = (P(|Ty| = n)) "' [Tye; Yay(v)- Thus, the laws

of T, », and T, ;, both have the product structure required by Proposition 2.1.9.

Now fix n for which P(|T,| =n) > 0 and let n* = n 4 1}, even], s0 that P(|T,[ = n*) > 0.
Label the vertices of Ty, (resp. T, ,+) by a uniformly random permutation of [n] and write
D (resp. B) for the resulting degree sequence. Then D is a degree sequence of length n with
n1(D) = 0 and B is a binary degree sequence of length n*. Corollary 2.1.13 yields that with
Tg €, T and Tp €, Tp, then

ht(TD) =<st ht(TB) .

But Proposition 2.1.9 implies that ht(T,,) 4 ht(Tp) and ht(T, ,+) 4 ht(Tp); the result

follows. O

2.1.2 Related work

The study of the heights of trees spans decades, beginning with work of Harary and Prins [66],
Riordan [91] and Rényi and Szekeres [90]. The work [66] developed generating functions for the
number of labeled rooted trees with given height (which they called root diameter); their work
was extended to more general models of trees, including partially labeled trees, in [91]. Rényi
and Szekeres [90] analyzed the generating functions developed in [66, 91] to prove that for a
uniformly random rooted labeled tree T,, €, T(n), the height satisfies n~"/2ht(T,,) 4 H for
a random variable H with EH = (27)'/2. Most other early work also focussed on heights and
diameters of specific random tree models, such as random labeled trees [99] and random plane

trees [42], and on distances between typical pairs of points in such models [83, 82].

A number of works then investigated the height (and width) of somewhat more general
families of trees, such as the so-called “simple” trees [54, 35]. (Simple trees may be thought
of as random coloured plane trees, where nodes with ¢ children may receive any colour from
{1,...,k(c)}; the values {k(c),c > 0} must all be bounded by some fixed constant M.) In all
these models, for a random tree T),, of size n, the height ht(T,,) is of order /n in probability,
for n large. Of particular note in the context of the current work are the work of Flajolet et
al [55], which stated the first explicit non-asymptotic tail bounds on the heights of uniform
random binary trees; and of Luczak [79], which established uniform sub-Gaussian tail bounds

for the rescaled height of random labeled trees. Luczak showed in particular that there exists
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an absolute constant C' > 0 such that for T,, €, T (n), for all k > /n,

n! k3

P((Tn) = 1) < O s

A sub-Gaussian tail bound follows on observing that n!/(n*(n — k)!) = Hfz_ol(l —i/n) <

exp(—k(k —1)/(2n)).

Kolchin [71, Theorem 2.4.3] proved a far-reaching generalization of the above distributional
results, showing that n—1/ ht(T,,,) converges in distribution, to a random variable with sub-
Gaussian tails, whenever > .~ ip; = 1 and } ;5 i?u; € (0,00). All the models described in
the previous paragraphs are handled by Kolchin’s results. This bound plays an essential role
in Aldous’s proof that critical branching processes conditioned to have n vertices converge to
the Brownian continuum random tree (CRT), whenever the offspring distribution has finite

variance.

In contrast to our work, almost all recent research on non-asymptotic bounds for heights
of random trees has been focussed on showing that, for sequences of trees which converge in
distribution (after rescaling) to limiting continuum random trees, tail bounds of the same form
as the ones that hold for the height of the limit object can already be observed in the finite
setting. In the “finite variance” case, where the limiting object is the Brownian CRT, this is
accomplished in [8, 2]. Building on [8], such tail bounds have also been proved for random
graph ensembles which are not trees, but which have the Brownian CRT as their scaling limit;
see [89, 98]. In the case of heavy-tailed degree distributions, for which the associated random
trees converge in distribution to the so-called a-stable trees, non-asymptotic tail bounds for the

height (which match those of the limiting objects) have been obtained by Kortchemski [72].

One of the main points of this work is to show that the assumption of convergence under
rescaling, a feature of all the above works, is not necessary in order to obtain strong, non-
asymptotic bounds on the height. Indeed, in the setting of conditioned branching processes T, ,,
our main results precisely describe what information is required in order to obtain sub-Gaussian
tail bounds for n~'/?ht(T,,,), and also under precisely what conditions n='/?ht(T,,,,) — 0 in
probability; in both cases, convergence is not a necessary ingredient. In the setting of simply
generated trees and random trees with fixed degree sequences, our results likewise do not depend

on any assumptions about asymptotic behaviour.
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2.1.3 Outline

The remainder of the paper is structured as follows. Section 2.2 presents the proofs of our results
on random trees with fixed degree sequences, Theorems 2.1.7 and 2.1.8. Section 2.3 uses these
results to prove our results on Bienaymé trees, Theorems 2.1.1, 2.1.2 and 2.1.3. This section
also introduces simply generated trees, and presents our results on their heights. Section 2.4,
which can be read independently of the rest of the paper, contains the proof of Theorem 2.1.10.
Finally, in Section 2.5, we discuss applications and extensions of our results and techniques to
convergence of random trees under rescaling; height bounds and convergence in other random
tree models; convergence of the diameter of the configuration model at criticality; and non-

asymptotic bounds on distances in the components of the configuration model.

2.2 Proofs of Theorems 2.1.7 and 2.1.8

In this section we present the proofs of Theorems 2.1.7 and 2.1.8. (To streamline the presen-
tation, a few of the longer proofs are postponed to Section 2.2.1.) Our approach is based on
a bijection between rooted trees on [n] and sequences in [n]"~! that was very recently intro-
duced by Addario-Berry, Donderwinkel, Maazoun and Martin in [11]. We use the version of the
bijection presented in [11, Section 3], specialized to trees with a fixed degree sequence.

To explain the bijection, it is convenient to focus on degree sequences with a particular form.
Given a degree sequence d = (dy,...,d,), define another degree sequence d' = (d},...,d),) as
follows. Let m be the number of non-zero entries of d; necessarily 1 < m < n — 1. List the non-
zero entries of d in order of appearance as df,...,d;,, and then set d/, ., = ... =d], = 0. So,
for example, if d = (1,0,3,0,0,2,0) then d’ = (1,3,2,0,0,0,0). Say that the degree sequence d’
is compressed. (So a degree sequence is compressed if all of its non-zero entries appear before
all of its zero entries.)

There is a natural bijection between 73 and 7g: from a tree t € T3, construct a tree t’ € Ty
by relabeling the non-leaf vertices of t as 1,...,m and the leaves of t as m 4+ 1,...n, in both
cases in increasing order of their original labels. Using this bijection provides a coupling (T, T")
of uniformly random elements of 7q and 7g/, respectively, such that T and T’ have the same
height. It follows that any tail bound for the height of a uniformly random tree in Ty applies

verbatim to the height of a uniformly random tree in 74.

Now, let d = (dy,...,d,) be a compressed degree sequence, so there is 1 < m < n — 1 such
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that d; = 0 if and only if ¢ > m. Write ng = no(d) = n — m for the number of leaves in a tree

with degree sequence d. Then define
Sqa:={(v1,...,vn—1) : {k v, =i}| =d; for all i € [n]} .

For example, if d = (1,3,2,0,0,0,0) then Sy is the set of all permutations of the vector
(1,3,3,3,2,2), so has size (;5,) = 60.

1,3,2
The following bijection between Sq and T4 appears in [11, Section 3|. For v = (vy,...,v,—-1) €
Sq, we say that j € {2,...,n — 1} is the location of a repeat of v if v; = v; for some i < j.

Bijection t between Sg and 7.

o Let j(0) =1, let j(1) < j(2) < --- < j(no — 1) be the locations of the repeats of

the sequence v, and let j(I) = m + ng = n.
e Fori=1,...,no, let P; be the path (vji_1),---,Vj@)—-1,Mm +19).

e Let t(v) € Tq have root v; and edge set given by the union of the edge sets of the
paths P, P, ..., Py,.

The inverse of the bijection works as follows. Fix a tree t € Tq. Let Sy = {r(t)} consist of
the root of t. Recursively, for 1 < i < ng let P; be the path from S;_; to m + ¢ in t, and let
P} be P; excluding its final point m +4. Then let v = v(t) be the concatenation of Py, ..., P .

For later use, we observe that this bijection implies that

n—1 (n—1)!
T = =z 2.2
7l <d1,...,dn> i 44! (2:2)

This formula (which appears as Theorem 5.3.4 in [97]) holds for all degree sequences, not just
compressed ones, by the observation from earlier in the section.

We now discuss how to use the bijection to bound the height of t(v). For this, we think of the
bijection as constructing t from v(t) = (v1,...,v,—1) by adding vertices one-at-a-time, in order
of their first appearance in the concatenation of Pi,..., P,,. Formally, define a permutation
(w(l),...,w(n)) = (w(1),...,w(n)) of [n] as follows. For 1 < k < n, let w(k) = vy if k is not
the location of a repeat, and let w(k) = m+r if j(r) = k (so either r < ny and k is the location
of the r’th repeat in v, or r = ng and k = n). Then let t; be the subtree of t with vertices

w(1),...,w(k). An example appears in Figure 2.2.
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v=(4,4,3,1,2,1,2)
w=(4,5,3,1,2,6,7,8)

tg = t(V)

Fig. 2.2: This figure illustrates the bijection and the sequential construction. In this example,
we have m(2) = 5 since t5 is the first tree in the sequence containing vertex 2. We also have
p(2) = 4, since 3 is the minimal k such that > ;< (di(j) — 1) is at least 2 and t4 is the first
tree in the sequence to contain vertices {i(1),4(2),4(3)} = {4,3,1}.

Let (w(i),i € [n]) = (m(i),7 € [n]) be the inverse permutation of w, so 7(i) = w~(i) is
the step at which the vertex with label 7 is added when constructing t from v(t). List the non-
leaf vertices {1,...,m} of t in the order they appear when constructing t as (i(1),...,i(m)) =
(it(1),...,43t(m)). In other words, (i(1),...,i(m)) is the permutation of {1,...,m} such that
(m(i(1)),...,m(i(m))) is increasing. Then for 0 < z < ng — 1, let k = k(x) = k¢(x) be minimal
so that

(dijy — 1) = =,

k
=1

J
and let p(z) = pi(v) = 7(i(k(z))), so that v,,) = i(k(z)). Equivalently, p(z) is the smallest
integer p such that the subtree of t consisting of the nodes of t, and all their children has
strictly more than [x] leaves; this is also the smallest integer p such that t, contains vertices
i(1),...,i(k(x)). Note that p(z) is non-decreasing, and since

m m
Z(di(j)—l) :(Zdj)—m:n—l—m:no—l,

=1 j=1

the tree t,(,,,—1) has ng leaves. It follows that all vertices of t that do not belong to t have

p(no—1)

degree either 0 or 1 in t. This in particular implies that if t has no vertices of degree exactly 1
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then p(no — 1) = w(i(m)) and t,(,,—1) contains all vertices of t except a subset of its leaves, so
ht(t) < ht(tpm—1)) + 1.
For any real sequence 0 < yp < y; < ... <yny =ngp — 1, writing t = t(v) and t = tx(v), we

may now bound ht(t) via the telescoping sum
N
B () < Bt (tp(y0)) + (Z (ht (tp(y,) — ht(tp(ym))) + (ht(t) —ht(tpme-1)).  (2:3)
i=1
and the final term in the sum is at most 1 if t has no vertices of degree 1. Here is the key lemma

which makes such a decomposition useful. Given t € 73, let v=v(t) = (v1,...,vp-1).

Lemma 2.2.1. Fiz any degree sequence d = (di,...,dy). Then for all0 <z <y <mng—1, if
T €, Tq then

b
. x
P(dist(v,(y), Tp)) >0) < <1 - 1>

for all b > 1.

The proof of Lemma 2.2.1 appears in Section 2.2.1, below. This lemma is not quite enough
to control an increment of the form ht(T,,)) — ht(T,)), since for that we need to control the
distance from v, (;) to t,) for all z < 2 < y — i.e. we need a “maximal inequality” version
of Lemma 2.2.1. We achieve this in the following corollary. (Although in this section we defer
the proofs of most of the supporting results, we prove the corollary immediately, as its proof is

quite short.)

Corollary 2.2.2. Fiz any degree sequence d = (dy,...,d,) with ni(d) =0, and let T €, Tq.

Then for any integers 0 <z <y and any p € (0,1) and b > 0,

y — X €T Lpr
P(ht(Tp(y)) — ht(Tp(x)) >b+ 1) < §l —p)b <1 — n_1> )

Proof. By relabeling the vertices, we may assume without loss of generality that d is compressed.
Write m = max(i : d; # 0).

Since T has no vertices of degree 1, for all k € [m] we have d;;;) > 2 and so Z?Zl(di(j) -1)>
Z?;l(dz’(j) —1). It follows that the non-leaf vertices of T, lying outside of T, are a subset
of {i(k(x +1)),...,i(k(y)} = {Vp@+1)s- -+ Vp(y)}> and so

ht(Tp(y)) — ht(Tp(x)) <1+ max (diSt(Up(z)7Tp(m)) cze{z+1,... ,y}).
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Now, if for a given z € {x + 1,...,y} we have
dist(vp(z),Tp(x))) >b

then by considering the path in T from v,y to T (), we see that there must be at least (1—p)b

distinet vertices v € {V(z41), - - -, Vp(y)} for which dist(v, T ) > pb. It follows that
P(ht(Tp(y)) — ht(T (z)) >b+1)

< -

< (1 —

a—pp Z P(dist(vy(2), Tp(a)) > Pb) ,
z=z+1

IN

P( max (dist(v,(.), Tpm)) 2 € {z +1,...,y}) >b>

<P {z e{z+1,...,y}: dist(vy), Tpy) > pb}| > (1 —p)b)

E!{z e{r+1,...,y}: dist(vy), Tpw) > pb}‘

from which the corollary follows by the bound from Lemma 2.2.1. O

Combining the telescoping sum bound (2.3) with Corollary 2.2.2 will allow us to prove tail
bounds for the heights of random trees T €, Tq for degree sequences d with n;(d) = 0. The
next lemma allows us to transfer tail bounds from this setting to that of general trees with fixed

degree sequences.

Lemma 2.2.3. Fiz a degree sequence d = (dy,...,d,) and write ng = no(d) and n; = ny(d).
Let d’ be obtained from d by removing all entries which equal 1. Let T €, Tq and T' €, Ty.

Then for any h > 2 and y > 8hn/(n —n1),
P(ht(T) > y) < P(bt(T") > [h]) + no exp(—y/4).

Lemma 2.2.3, whose proof appears in Section 2.2.1, is the last tool we need to prove Theo-

rem 2.1.7.

Proof of Theorem 2.1.7. Note that if n < 64 then the result is trivially true, since 5e—97/2% 5 1

for z < 8, and P(ht(t) > zn'/?) = 0 for x > 8. We thus hereafter assume that n > 64.

As described above, we shall bound P(ht(T) > zn'/?) by bounding the height via the
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telescoping sum (2.3), which for the random tree T becomes
N
BE(T) < ht(Tpq0)) + (D2 (0(Tpqy)) = (T ) ) + (ET) = B(Tyny 1)), (24)
i=1

for a suitably chosen sequence 0 < yg < y1 < ... < yy = ng — 1, and then controlling the

contribution of each summand.

We first treat the case that d does not contain any entries equal to 1. In this case, the

final term in (2.4) is at most 1, since when there are no vertices of degree one, all vertices of T

not lying in T)(,,_1) are leaves. It follows that for any positive constants by, ...,by such that
Zz‘]\io bi <,
N
P(ht(T) > [2n'/?]) < P(ht(Tyy,)) — ht(Tp,_,)) > bin'/?), (2.5)
i=0

where we use the convention that ht(T,,_,)) = 0. We choose by = /2 and b; = z - i/2""2, so

that > 2,50 b; = and Zi]\;o b; < x for all N € N.

Provided that byn'/? > 4, Corollary 2.2.2 applied with b = b;n'/2 — 1 and p = (b —1)/2b

yields

A

1)
Yi —Yi—1 Yi—1
B(B(Tp(y)) = B(Typys)) > bin'/?) < Te—20 <1 . 1)

_ 2(i —yi1) <1 _ Yim1 )(bl)/2

b+1 n—1
1/2
< 2Wi—yie1) (| i b/

Now set y; = min(ng — 1,2i_1xn1/2). For i > 1, if y;—1 = no — 1 then T,y = Tpp, )
so P(ht(T,,)) — ht(Tpy,_,)) > bin'/?) = 0. On the other hand, if 2°~'zn'/?2 < ng — 1, then

yio1 = 2'"2xn'/? < ng—1. In this case we have 2(y; —y;_1)/(bn/?) < 2%+ /i and 1—y;_1/(n—

1)< e‘gifzx/”m, so if also b;n'/2 > 4 then this gives

92i+1 202 bin1/?
1/2 !
P(bt(T(y,)) = ht(Tyqy, ) > bin'/?) < =—— exp <_ ni/2 4 )

22i+1 1:1'2

But if i > 2 is small enough that 20-'zn'/2 < ng — 1, then since ng < n, we also have
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nt/2p; = n1/2xi/2i+2 > 2%i/8 and so binl/2 > 4 provided x > 4. If i = 1 then we also have
n'/2b; = n'/22/8 > 4 when x > 4, since we assumed that n > 64. It follows that (2.6) holds for

all i > 1.

To handle the i = 0 term, note that by the definition of p(yy), the subtree of T consisting
of all nodes of T,,,)—1 and their children contains at most [yo] leaves. Since there are no

vertices of degree exactly 1, this also implies that T 1 has fewer than [yo| non-leaf vertices.

p(yo)—
Therefore, ht(T ,,0)—1) < [yo] — 1, s0 ht(T,e0)) < 0] < bon'/? and thus

P(ht(T ) — Bt(T 1)) > bon'/?) = P(ht(T ) > bon'/?) = 0.

Using this bound and (2.6) in the telescoping sum bound (2.5), with N = min(i : 2'zn'/2 >

ng — 1) = min(i : y; = ng — 1), we obtain that for all z > 4,

PH(T) > [en?]) < 3 2 exp (-“‘2> = exp <(2¢ +1)log2 — logi — ””2> |

; { ; 26
i>1 i>1

Provided that 22/2% > 41log 2, the exponent in the sum is less than log 2 — iz /27 — log i, so for

such z the probability we aim to bound is at most

Z 2exp(—iz?/27) = 2¢ /2" (1- e_x2/27)71 < de /2"
i>1

On the other hand, if 22/25 < 4log2 then 4e—a*/2 > 4e721982 — 1 which is an upper bound

on any probability. It follows that for all z > 0,
P(ht(T) > [2n'/?]) < 4e~*/2" . (2.7)

This proves (in fact, is stronger than) the necessary bound when T has no vertices of degree 1.

Now suppose that n; > 0 and write § = (n — n1(d))/n; so 6 < 1. By permuting the vertex
labels we may assume that all the ones in d are at the end, i.e., d; # 1 fori <n—nj and d; =1
forn—ny <i<n.Letd = (dy,...,dn—pn,) be obtained by removing all entries equal to 1 from

d, and let T" €, Tg:. By Lemma 2.2.3, for any h > 2 and any y > 8hn/(n — nq),

P(ht(T) > y) < P(bt(T") > [h]) + noe ¥/* < P(ht(T') > [h]) + ne ¥/*.
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Take y = zn'/? and h = [y(n — n1)/(8n)] = [2/(n — n1)"/?], where we have set 2’/ = z(n —

n1)Y/2/(8n'/?). Then, if h > 2, the above bound and (2.7) together yield

P(ht(T) > zn'/2) < P(ht(T") > [2'(n —m)"/?]) + e/
< 46—(13/)2/27 + ne—zn1/2/4

_ 46—6332/213 +n€—mn1/2/4

< 56761'2/213
where the last inequality holds for 8 < 2 < n'/2, as can be straightforwardly checked. But for
z < 8 we have 5¢797"/2"" > 1 and for > n'/2 we have P(ht(T) > zn!/2) = 0, so this bound
holds in those cases as well. If h < 2, then 2’ < 2 as well, so the first term in the second line

exceeds 1 and the inequality holds trivially. O

In the preceding proof, the first term in the telescoping sum could be essentially “given away”
- we just used the deterministic bound ht(T,(,,)) < [yo]. In the setting of Theorem 2.1.8, where
we aim for stronger bounds when o4 is large than when it is small, we can not be so casual
about this first term. The additional tool we require, to bound the height of the random tree
constructed during the early stages of the bijection in the case when o4 is large, is given in the

following proposition.

Proposition 2.2.4. Fix a degree sequence d = (dy,...,dy) and let T €, Tq.

Then taking a = (1 — e~2) /24, with o = o4, we have that for all b > 1,

B (bt (T ) > ) < exp (—257) + e (-4).

The proof of Proposition 2.2.4 appears in Section 2.2.1. With this proposition in hand, the
proof of Theorem 2.1.8 proceeds quite similarly to that of Theorem 2.1.7 (though it is necessarily
somewhat more involved as the choices of the values y; and b; for the telescoping sum bound

must depend on og).

Proof of Theorem 2.1.8. In the proof we write n; = n;(d) and 0 = o4 for succinctness. We
first assume that n; = 0, so T contains no degree-1 vertices. In the proof of Theorem 2.1.7 we

showed that for such a tree, P(ht(T) > [zn!/2]) < 4e=**/?"; see inequality (2.7). If o < e then
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this implies that for z > 212,

2
P (t(T) > [an 0] < g (W)

2°log(1
< 4dexp (—Og(2+a)(xlog(1 + U))> < e~ log(1+0)
o

Continuing to assume that n; = 0, we now turn our attention to the case that ¢ > e. Like in

the proof of Theorem 2.1.7, we begin by using the telescoping sum inequality (2.3), and obtain

the bound
N
P(ht(T) > [zn!/?1827) <3 P(ht(T () — ht(Tp,_y)) > bin'/21E2) | (2.8)
i=0
which holds for any sequence 0 < yg < y; < ... < yn = ng — 1 and positive constants by, ...,bn

with Zfi obi < x, and then controlling the contribution of each summand. (We again take
ht(T,(,_,)) := 0 for convenience.) Also as in the proof of Theorem 2.1.7, we take by = x/2 and
bi =z -i/272, 50 that Y ;50bi = = and 1 o b; < @ for all N € N.

For z > 2'2 since o > e we have (bpn'/?logo)/o > n'/?/(20), so taking yo = on'/?(1 —

e~2)/24, by Corollary 2.2.4 applied with b = 2log o we obtain

IP’(ht(Tp(yO) > bonl/Qlc’%) < exp (—%xnlﬂb%) + exp (— 17;8_2:1:log 0) < ¢~ (zloga)/64
(2.9)
the last inequality holding since o < n'/? and min(3/32, (1 — e~2)/48) > 1/64.
For the remaining summands, we take y; = min(ng — 1,2%g) = min(ng — 1,2'on!/?(1 —
e~2)/24). Provided that bml/ﬂo% > 4, then Proposition 2.2.2 applied with b = bml/zb% -1

and p = (b —1)/2b yields

s . Lpb)
P(ht(T ) — Wt(T () > bint/21087) < YL VizL (1 Y1 )

~— (1—-p)d n—1
_2(Yi — Yi-1) | Vi1 (b-1)/2
- b+1 n—1

nl/2
< 2(yi —yi-1) o | Y bin'/*(log 7)/(40)
bz‘nl/Q log o n—1 .

To simplify this upper bound, note that

2yi — yi1) o < 22i+2(1 _ ¢=2) g2 < 92i-2 2
bnt/2  logo — 24ix logo ~ ixlogo’




52 CHAPTER 2. RANDOM TREES HAVE HEIGHT O(y/n)

and provided y;—1 < ng — 1 we also have 1 —y;_1/(n —1) < 6_2i0(1_€72)/(24”1/2), SO

bint/2(log o)/ (40) i -2 1/2
Vi1 2'o(l—e *)bn'/logo . 9
(1 - 1) < exp <— YPSYE o < exp(—ixlogo/27).

Combining the three preceding bounds, it follows that when b;n!/ 210% > 4 we have

020 221=2 52 ixlogo
P(ht(Tp(yi)) = ht(Tpy,_,)) > bml/ﬂ%) = p (_ d >

ixlog o o 29
o2 . . ixlogo
= Trlogo exp ((210g 2)i —logi — 59 ) .

(If yi—1 > no — 1 then P(ht(T,,,)) — ht(Tyq,_,)) > bin'/?) = 0 so the bound holds in this case

as well.) By the assumption that = > 2'2 and since o > e, we have (zlogo)/2 > 8 > 2(2log2),
so this yields

2 .
172108 & o ixlogo
P(0t(Tp(y) = Bt(Tpqy,_y)) > bin'/22E7) < g1 XP <_210> :

For the above bound we needed that bml/Qlo% > 4, or in other words that izn'/?log o /(2°40) >
1. But since ng — 1 < n, the condition y;_1 < ng — 1 implies that

2i—10.nl/2(1 —6_2) _
n
24 ’

so ixlogon!/?/(27t4a) > 1 provided that zlogo > 768/(1 — e~2), which holds since z > 2'2
and o > e. It follows that

2
1
ZP(ht(T/’(yi)) = ht(Tp,_y)) > bml/ﬂo%) = P <_x 10

Lexp <_1:10g0) 7
913 ol1

the last bound holding since zlogo > = > 212 and thus o2e—(@logo)/2" < e—(zlogo)/2'
(1 _ ef(xlogo')/Zlo)fl < 9.

— 214
i>1

IN

Using this bound and (2.9) in (2.8), we thus obtain

1
P(ht(T) > [aml/Zk’%D < 3exp (_a:;gla>

Combining this with the bound from the start of the proof, which handles the case ¢ < e, it



2.2. TREES WITH A GIVEN DEGREE SEQUENCE 53

follows that when there are no vertices of degree one, for all z > 2!2 we have
P(ht(T) > {xnI/QWD < 4exp(—zlog(o + 1)/2M). (2.10)

This proves the theorem (in fact, something slightly stronger) when T has no vertices of degree

one.

Now suppose that d contains vertices of degree 1. Like in the proof of Theorem 2.1.7, we
let d’ be obtained from d by removing all entries equal to 1. Let T €, 7q and let T/ €, Ty .
Write o = 04. Also write n’ = n — n; for the number of vertices of T/ so that we have that

03 = Lo = (/)2

3\‘3

By Lemma 2.2.3, for any h > 2 and any y > 8hn/n/,

P (ht(T) > y) < P (ht(T") > [R]) +noe ¥* < P(t(T’) > [A]) + ne /4.

We take

q1/2108(0" + 1)7 Y log(a’/+ 1)

y=2 o 8n 8 o

Then, if z/8 > 212, (2.10) gives that

P (ht(T') > [h]) < dexp (—xlog(c’ +1)/2M).
Also, since o’ < (n/)/? <n'/? and o < o/, we have nl/Qw > (logn)/2,s0y/4—logn > y/8
if 2 > 16, but this constraint is weaker than x/8 > 2'2. Tt follows that for /8 > 212,

ne ¥/* < e7Y/8 < exp <7§ log(o + 1)) ,

so the above bounds together yield that for all z > 217,

/
P (ht(T) > xnl/QIOg(a—i_l)> < dexp (—zlog(o’ +1)/2M). O
o

2.2.1 The postponed proofs

This section contains the proofs of the results that were stated without proof earlier in Sec-

tion 2.2: namely, Lemmas 2.2.1 and 2.2.3 and Proposition 2.2.4.

Proof of Lemma 2.2.1. Tt is useful to assume d is compressed (and in particular that d, = 0).
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Write par{ (u) = par,(u) for the parent of vertex u in tree t; we define the parent of the root to
be the root itself. Inductively set par’™(u) = par,(par’(u)) for b > 1. Throughout the proof,

we take T €, Tq and let V= v(T), so V €, S4.

Let 7 < m and fix any vector (i(1),...,i(j)) of distinct elements of [m] with Zf;:l(di(k) -1) >

y, and let Sq(i(1),...,i(j)) be the set of vectors v € Sq such that, writing t = t(v),

Let r € [j] be such that

r—1 r

Z(di(k) - <y< ) (digw — 1),
k=1 =1

Note that if v € Sq(i(1),...,i(j)) and t = t(v) then v,y = i(r) = it(r). This allows us to

rewrite

P(Dr(y,z) >k | (iv(1), ..., ir(5)) = (i(1),...,i(5)))

=P (park (i(r)) & Tpoey | (i1 (1) -, i2(0) = (1)), (7))

For V €, 84, the ordering of the integers {1,...,n} by their first appearance in V is degree-
biased, so
J

P(ir(1),....ir(j) = (i(1),....i(7) = [ ]

k=1

dik)
n—l—dz(l) __dz(k—l) ’

or equivalently

n— J d;
Salft)H) = <d1=~--71dn> A=

Fix ¢ < r and let d* = (df,...,d’ ;) where df(e) = dypy — 1 and df = d; for all i €

» Un—1

[n—1]\{i(¢)}. Since dy, =0 we have >_;cr,,_q df =n—2, s0 d’ is another degree sequence. Now

i€
consider the subset S{(i(1),...,i(5)) of Sa(i(1),...,4(j)) consisting of those vectors v where the
first instance of i(r) in v is the immediate successor of some instance of ¢(¢) other than the first.

The set S§(i(1),...,i(4)) is in bijection with the set of vectors v/ € Sye(i(1),...,i(j)), i.e., the
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set of vectors v/ € Sg¢ such that

To see this, fix v € Sg(i(l), ...,i(4)), and let v/ be the vector obtained from v by deleting the
entry with value i(¢) immediately preceding the first instance of i(r). Then (i(1,v),...,i(j,v)) =
(i(1,v"),...,i(4,v")), since the deleted entry was not the first instance of i(¢) in v, so v/ is an
element of Sy (i(1),...,4(j)). To recover v from v/, simply insert an entry with value i(¢)

immediately before the first instance of i(r) in v'.

The same computation as for the size of Sq(i(1),...,i(j)) now yields the formula
‘ n-2 ) dige
[SAG(1),-- iG)] = [Sqe (1), - i(9))] = (e g) [] T T
di,..odh) M= —al T

Writing E(r, £) for the event that the first instance of i(r, V) in V is an immediate successor

of some instance of i(¢, V) other than the first, it follows that

0 ﬁ i(h) ﬁ n—1—dyq)— ... —djg-1)
n—1 k=1 di(r) o2 df(l) N di(k—l)
_dip—1 ﬁ n—1—d — di(-1)
_ 7
o n—1

Now note that if E(r,¢) occurs then it (¢) is the parent of ip(r) in T = t(V). Moreover,

letting ¢ € [j] be such that

then on the event {(ir(1),...,i7(j)) = (i(1),...,i(j))}, the tree T, has vertices i(1),...,i(q).
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It follows that

P (pary(vpy(y) € tp@)(V) | (ir(1),...,i1(5)) = (i(1),...,i(5)))

P (parp(it(r)) € tyw) (V) | (ir(1),...,ir(5)) = (i(1),...,i(5)))

M=

P(E(r,0) | (tx(1),...,iv(5)) = (i(1),-..,i(4))

(=1
q
diey — 1 T
> > .
Z n—1 " n-1
(=1
This proves the case b = 1 of the lemma by summing over (ip(1),...,ip(j)). In fact, we

have proved something slightly stronger: in the case b = 1, the necessary bound holds even
conditionally given the values of (i7(1),...,i7(j)). From this we will prove the full lemma by
arguing inductively, by conditioning on the label of the parent of ip(r).

There are two cases to consider. In either case, we continue to take T €, 7q and V = v(T),
and fix a sequence (i(1),...,i(j)) of distinct elements of [m]. For the first case, fix £ € {q +
1,...,r—1}, let W €, S4¢, where d is as defined above, and suppose that (it(1),...,it(j)) =
(i(1),...,i(4)) and that E(r,£) occurs. Under this conditioning, we have V €, S{(i(1),...,i(5)),
and in particular the parent of i(r) = ip(r) in T is i(£). Now let V' be obtained from V by
deleting the entry immediately preceding the first instance of i(r) in V and let T = t(V’). Under
this conditioning, V' €,, S4¢(i(1),...,i(j)), which in particular implies that (i1/(1),...,im(j)) =
(¢7(1),...,i7(j)). Moreover, the sequences V and V' agree until after the first instance of i(¢),
so the ancestral line of i(¢) is the same in both T and T'. Since ¢ < ¢, it likewise holds that

pr(z) = pr/(z) and, writing p(x) for their common value, that T, = T;(:p). It follows that

p(z

P (parh (i(r)) & Tyey | (in(1), i (i)) = (i(1), (7)), B(r, ) )
=P (paryy 0(0)) & The) | Gr(1),.. (i) = (1), i(3)), B 6))

= B (parlhy (1(0) & tW)y(a) | Gy (1) ey G)) = (G1)....i(5)) )
b—1
< <1 - - 2) . (2.11)

The second equality holds since under the second conditioning V' €, Sy(i(1),...,i(j)) and

under the third conditioning W €, Sqe(i(1), ..., i(j)) and pyw)(x) = pr(z). The last inequality
holds by induction (on b or n or both) and since d’ has length n — 1.

For the second case, consider the subset S} of Sq(i(1),...,4(j)) consisting of those vectors
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v where the first instance of i(r) in v is the immediate successor of the first instance of i(r — 1).

Let d* = (dj,...,d},_;), where

dz(k) ifk<r—1

%

i(k) = di('r—l) + dz(r) -1 fk=r—-1

gdi(k+1) 1f7“§k:<n,

and let (i*(1),...,¢"(j — 1)) = ((1),...,i(r — 1),i(r +1),...,i(j — 1)). From a vector v €
S5, we can obtain a vector v/ € Sg-(i*(1),...,4*(j — 1)) by deleting the first instance of
i(r — 1), then changing all other instances of i(r) to i(r — 1). Conversely, given a vector
v/ € Sq+(i*(1),...,i*(j — 1)), there are (di(r;llii:d_i(lﬂ_z) ways to reconstruct a vector v € Sj}: first
insert an entry with value i(r) just after the first instance of i(r — 1), then replace d;,y — 1 of
the other instances of i(r —1) by i(r)’s. It follows that for V €, S4 as above, conditionally given
that V € S3, then V' €, Sg-(i*(1),...,i"(j — 1)). Moreover, the ancestral lines of i(r — 1) are
the same in both t(V) and t(V’), and if paryyy(i(r)) & t,)(V) then we must have ¢ < r — 1,

s0 also py(v)(7) = pyvry (@) =: p(2), and t,) (V) = ty) (V).

Let F(r) be the event that the first instance of i1 (r) is an immediate successor of the first
instance of ip(r — 1), and let W €, Sg-. By the conclusions of the preceding paragraph, it

follows that

=P (park (i(r) & Ty | (i (1), i () = (1), -, i5)), F(r) )

=P (pal"f(_vé)(i*(T — 1)) € t(W) @) | Geewy (1), -+ - yigewy (G — 1) = (* (1), ...,i"(j — 1)))
b-1
<(1—nf2> | (2.12)

the second equality holding since i*(r — 1) = i(r — 1) and pyw)(z) = p(z), and the final bound

again holding by induction.

For V' €, Sq, on the event that (i(1,V),...,i(j,V)) = (i(1),...,i(5)), if paryyy(i(r,V)) €

tpx) (V) then either F'(r) occurs or else E(r,£) occurs for some £ € {g+1,...,7 — 1}, so (2.11)
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and (2.12) together imply that

P (parh (v ) & Ty | (n(1), o im (7)) = (6(1), - i(3)), pare(i(r)) & Tyqa) )

B (path(i(r)) # Ty | (2 ()..i2(7)) = (1), i7)) Do (i) & Ty )
N
= (1 - 2) '

Summing over possible values for (ip(1),...,i7(j)) yields that

b—1
P (park(tpe() 2 T | pare(i(r)  Tpir)) < (1 - ) )

which combined with the bound for the case b = 1 completes the proof. ]

Proof of Lemma 2.2.3. The bound is obvious for n; = n — 1 so we assume n; < n — 1. We
begin with some fairly elementary combinatorics. Given a set S = {s1,...,Sm}, by a labeled
composition of S with k parts we mean a weak composition my, ..., mg of m together with a
permutation (Sg(1);---,8q(m)) of S. There are (m + k — 1)!/(k — 1)! labeled compositions of S

with k parts.

We now return to the setting of the lemma. By permuting the entries of d, we may assume
that the n; entries which equal 1 appear at the end; this does not affect the law of the height

of T. In this case, we have d' = (d1,...,dp—n,)-

Next, given a tree t € T, let t— € Ty be obtained from t by suppressing all degree-one
vertices. More precisely, t~ is formed from t by replacing any path « in t all of whose internal
vertices have exactly one child by a single edge. If this results in the root having degree 1, we

remove the root and its adjacent edge and let its only child be the new root; see Figure 2.3.

O (5)
@Q Q @
@ @ Q 6
9 © 12
@ RO,
t t
Fig. 2.3: Left: a tree t. Right: the tree t~ obtained from t by suppressing degree-one vertices.
Considering the vertices in the order (1,2, 5,6,9), the corresponding labeled composition of the
set {3,4,7,8} of degree-one vertices is (), (), (8),(7,3), (4).
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For each tree t’ € Ty, there are

(n—1)!
(n—mny —1)!
trees t € 7q with t— = t’. This is the case since each such tree t is uniquely determined by t’
together with a labeled composition of the n; degree-one vertices {n—nj;+1,...,n} into n—n;
parts, as follows (see Figure 2.3). Fix an ordering of the vertices of t" as v, ..., vp—p,. Then for

each i € [n—mnq], assign the vertices of the ¢’th part of the composition to v;’s ancestral edge, in
the same order they appear in the composition. (When v; is the root, these vertices are simply

attached as ancestors of v;.)

It follows that if T €, 7q then T~ €, Ty. Moreover, given that T~ = t/, the conditional
distribution of T may be described as follows. Choose any fixed order of the vertices of t'.
Then choose a uniformly random labeled composition of {n —nj +1,...,n} with n —n; parts,
and then assign degree-one vertices to the ancestral edges of vertices of t' as specified by the

composition, as above.

For any root-to-leaf path U = (uq, ..., uy) in t/, it follows from the above construction that
conditionally given T~ = t/, the total number of vertices lying along the corresponding root-to-
leaf path in T has the same distribution as the random variable X, described in the following
experiment. Consider an urn with n — 1 — n; white balls and n; black balls. Repeatedly
sample without replacement from the urn until it is empty. For 0 < ¢ < n — 1 write W; for
the total number of white balls drawn after the 7’th sample, and set W,, = n — ny. Then let

X = min(i : W; =m).

For 0 < i < n—1let W be Binomial(é, (n — 1 — ny)/(n — 1)); so W} can be thought
of as the number of white balls drawn after ¢ samples with replacement from the urn of the
previous paragraph. By [16, Proposition 20.6], W/ is a dilation of W;, which is to say that there
is a coupling (W, W*) of W; and W} so that E(W*|W) = W. This implies that E(¢(WV)) <
E(¢(W*)) for all continuous convex functions of ¢ : R — R. In particular, concentration
inequalities for W;* which are proved by bounding exponential moments E(e)‘W) of W apply

(2

without change to W;. By a Chernoff bound (see, e.g., [81, Theorem 2.1]). It follows that that
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for x > 2,

P(Xy >am(n—1)/(n—n1 — 1)) = PWiamm—1)/(n—n1—1)] < M)

< PWiaomn-1)/mn—-n1-1)] < EWiammn-1)/(n-n1-1)1/2)

< efxm(nfl)/(Q(nfrufl))
Since n; < n—1 we have z(n—1)/(n—n1 —1) < 2zn/(n —n1), so the preceding bound implies
that for y > 4mn/(n — nq),

P(X,, > y) <e ¥4,

Write 7’ for the root of t' and r for the root of T. Since the number of vertices on a fixed
root-to-leaf path is one larger than the distance of that leaf from the root, it follows that for

any leaf v of t/, for any y > 4(disty (v, ') + 1)n/(n — nq),
P (distp(v,r) >y | T~ =t') < e~ (Wt1)/4,

If t' has height at most [h] then since h > 2 we always have 4(disty (v,r") + 1)n/(n — ny) <
8hn/(n —nq), so if T has ng leaves and height at most [h] then, applying the above inequality

to all root-to-leaf paths in t/, a union bound yields that for any y > h-8n/(n —ny),
P(ht(T) >y | T~ =t') < nge” W/ < poev/4.
Finally, since T~ 4 €y Tar, it follows that

PLt(T) > y) <PMt(T) > W)+ Y. BOK(T)>y| T = )BT =t)
{t'€Tq:ht(t')<[h]}

< P(ht(T') > [h]) 4+ noe™¥/4. O

The proof of Proposition 2.2.4 requires an auxiliary lemma, which itself has an auxiliary
lemma.? We first state and prove these two lemmas, then proceed to the proof of Proposi-
tion 2.2.4.

The auxiliary auxiliary lemma, which is proved by a Chernoff bound-type argument, is

similar to [25, Lemma 15].

34So, Nat'ralists observe, a Flea/Hath smaller Fleas that on him prey/And these have smaller yet to bite
’em/And so proceed ad infinitum.” From On Poetry: A Rapsody, Johnathan Swift, 1733.
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Lemma 2.2.5. Fix positive constants x1, ..., T, and let E1, ..., E,, be independent with E,, ~

Exp(z;). Fizt >0 and write S = 211g,<y + ... + Tm1ig, <y Then
P(S < ES/2) < exp(—tES/4).

Proof. For readability we take ¢ = 1, and explain how to handle general ¢ > 0 at the end of the

proof. Let X; = x;1(g,<q], so EX; = z;(1 — e™) and

Xi=X; - EX; =mie™™ — 21,5,

so that S:= S —ES =", X,. An easy computation gives

Ee Xi = g% " ReiliE;>1] — g—@ie™™ (2—e7"),

and a delicate but elementary computation shows that this quantity is at most exp (z;(1 — e™%#)/4) =

exp(EX;/4). Markov’s inequality then gives
_ m o m
P(S < ES/2) < Ee Se B5/2 = []BeYie BX/2 < T e BXi/4 = ¢ BS/1,
i=1 i=1

This proves the lemma in the case t = 1. For general ¢, the proof works identically by instead

showing that Ee X < e/EXi/4, B

We use Lemma 2.2.5 to prove a lower tail bound for sums of the form ;. (dipj) — 1)

Lemma 2.2.6. Fiz a degree sequence d = (dy,...,dy) and let T €, Tq. Then taking ¢ =
(1—e"2)/8, for allt € [0,1], with 0 = 04 = (n~ ! > e 4i(d; — 1)Y2, we have

co’nt

IP( > 1) < )< (—3tn) + c_not”
i (7) — —_— exp(—+gtn) +exp | ————- | .
2 () S 1tontzg) =SPU6 P\T 4T+ on/2

Proof. We assume d is compressed, so that m := [{i € [n] : d; # 0}| = max(i € [n] : d; # 0) is
the number of non-leaf vertices of T. Let F1, ..., E,, be independent with E; ~ Exp(d;), and let
(I1,..., L) be the permutation of (1,...,m) for which Fr, < ... < Ey,,. Thendy,,...,d;,, is a
size-biased permutation of (dy,...,d,,). In other words, (Ii,..., ;) has the same distribution

as (iT(1),...,i7(m)) for T €, Tq. For the remainder of the proof we may therefore assume that



62 CHAPTER 2. RANDOM TREES HAVE HEIGHT O(y/n)

T and E1,..., E,, are coupled so that
(I1,..., L) = (iT(1),...,ip(m)).
Now let s = ¢/2 and define

Ne:=|{i€m]: Ei <s}|= ) 1lp<y=max(j: Ej <s),

i€[m]
X = Z (dl - 1)1[Ei§s] = Z (dlj - 1)
i€[m] JE[Ns]
and
1—e2 no’s 1—e2 no2t enot

> =
4 14 on'/2s 8 1+4+on'/2t 1+ onl/?t

Y iy~ = Y (d,—1).

1<j<nt 1<j<nt

It follows that if 37, ,,(dip(j) — 1) < M then either nt < N, or Xy < M, so

nt
> (dz'm)—l)ﬁ%) <P( Y (digg 1) M)

1<j<nt 1<j<nt

< P(N, > nt) + P(X, < M), (2.13)

where in the first line we have used our lower bound on M.

To make use of this inequality, we first bound EXg = > (d; — 1)(1 — e=%%) from below.

i€[m]
We consider two cases, depending on whether 0% = n~! > icfm) di(di — 1) is dominated by the

contributions from small or large summands.

Fix r € (0,1). First suppose that } . .q.5<0 di(di — 1) = rno?. For dis < 2 we have

(1 —e%%) > (1 — e 2)d;s/2, so

Next suppose that » ;¢ (.,s<2 di(di—1) < rno?. For i such that d;s > 2 we have 1—e~ %% >

1—e2and (d; — 1)/d; > (2 — 5)/2, so using that >, x; > (3, 22)%/2 for non-negative x;, we

171
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obtain

> @-n-etza-e)( 3 <di*1>2)m

i€[m]:d;s>2 i€[m]:d;s>2
>(1-e (5 X didi-)
i€[m]:d;s>2

> (1-— 672)%(1 —r)n'?.

Taking r = (2 — 5)/(2 — s + on'/%s) makes the lower bounds on > icfm]:dis< di(di — 1) and on

> icfm]:dis>2 di(di — 1) in the two cases equal, and yields the bound

. 1—e2 (2-s)no?s 1—e2 no’s
EX, = di —1)(1 — e %) > =2M
s Z< i DL —em) 2 2 2—s+4+o0onl/2s =~ 2  14onl/%s ’
1€[m]
the last inequality holding since s = t/2 < 1/2. By Lemma 2.2.5 it follows that
P(Xs < M) <P(X; <EX;/2) < exp(—sEX,/4) < exp(—tM/4). (2.14)

Next, note that

EN, = ZP(EZ'SS): Z(l—eidis)g Z dis=s(n—1) <sn.

i€[m)] i€[m] i€[m]

Since N is a sum of [0, 1]-valued random variables, Bernstein’s inequality [21, 39] then gives
P(Ns > tn) = P(N; > 2sn) < exp(—2sn) = exp(—i5tn). (2.15)

Using the bounds (2.14) and (2.15) in (2.13) now yields

co’nt 3
1<j<nt
In view of the lower bound on M, this proves the bound claimed in the lemma. O

Proof of Proposition 2.2.4. First recall that the non-leaf vertices contained in T o are pre-

aonl/2)
cisely i(1), ..., i(k), with k minimal such that Y_5_, (dy

bn1/2
20

H—1) > aon!/?. Now, if ht (Tp(mmyz)) >

then T, ,,,1/2) must contain more than %bnl/ 2 /o non-leaf vertices. This implies that

k> %bnlﬂ/a, which by the definition of k yields that > (diT(j) — 1) < aonl/? Tt

1<j<5bnl/2/o
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follows from this inclusion of events that

P (0t (Tpapmirz) ) > 5 ) <P S (i — 1) < aon'/?
1§j§%bn1/2/a

Now fix b > 1 and set t = b/(20n/?) so that tn = bn'/2/(20). (We see that if t > 1 then

bn1/2

P(t(T y(aon1/2)) > 755-) = 0, so we assume ¢ < 1.) Then with ¢ = (1 — e72)/8 as in the

statement of Lemma 2.2.6, we have ¢ = 3, so since b > 1,

1/2 b/92 2t
12 _con’” 1/2 / __con
aon < con'/7y 02 T 1 ronit
It follows that
2
cont
Pl > (g -l <eon' <P > (g -V |
ISjS%lml/Q/g 1<j<nt
and Lemma 2.2.6 now yields the result. O

2.3 Bienaymé trees and simply generated trees: proofs of The-

orems 2.1.1, 2.1.2 and 2.1.3.

In this section we use Theorems 2.1.7 and 2.1.8 to prove Theorems 2.1.1, 2.1.2 and 2.1.3, and
additionally to prove two conjectures from [68] on simply generated trees; this class of trees is
defined as follows. Fix non-negative real weights w = (wg, k& > 0) with wp > 0. Given a finite

plane tree t, we define the weight of t to be

w(t) = ] wa -

vev(t)

Next, for positive integers n, let

Zn = Zn(w) = Z w(t).

{plane trees t:|v(t)|=n}



2.3. BIENAYME TREES AND SIMPLY GENERATED TREES 65

It Z, > 0, then we define a random tree T\ ,, by setting

for plane trees t with |v(t)| = n. The random tree Ty, is called a simply generated tree of size
n with weight sequence w. Note that if Zkzo wg = 1, then w is an offspring distribution, and
T\ is indeed distributed as a Bienaymé tree with offspring distribution w, conditioned to have
size n — so this notation agrees with (but generalizes) that from earlier in the paper. From this
we also see that conditioned Bienaymé trees are a subclass of simply generated trees; we will
use this fact below.

Let @(z) = ®w(2) = > k>0 wy,z® be the generating function of the weight sequence w, and
let p = pw = sup(s > 0: ®(s) < 0o) be its radius of convergence. For s > 0 such that ®(s) < oo,

we let
s®'(s)  Dg>o kwy s

ls) = Tuls) = D(s) > k>0 Wk

If ®(p) = oo then also define

U(p) = Vy(p) = E{ﬁ (s);

by Lemma 3.1(i) in [68], ¥ is strictly increasing on [0, p) so this limit exists. Let v = vy, = Yy (p),

and define

p if vy, <1
=Ty = (2.16)

UL(1) iy > 1.
Note that if 14, > 1 then 7 € [0,p). Define 62 = 62 = 7U'(7). For later use, we note
that if w = (wg,k > 0) is a probability distribution with finite mean, so > ;- ,wr = 1 and

[Wl1 = > g0 kwy < oo, then we always have p > 1, so

2

v=TUy(p) > Uy(l) = > kwg =|wh, and W (1) =Y Kwp — [ > kwg | =|wla — |w|}.
E>0 k>0 k>0
(2.17)

The following theorem resolves Conjecture 21.5 and Problem 21.7 from [68].

Theorem 2.3.1. Let w = (wg, k > 0) be a weight sequence with wg > 0 and with wg > 0 for
some k > 2. If either 6% = 0o or v < 1 then n_l/zht(van) — 0, where the convergence is in

both probability and expectation, as n — oo along integers n such that Z,(w) > 0.
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We also prove the following, more quantitative theorem.

Theorem 2.3.2. Fize € [0,1). Then, there exist constants c; = c1(€) and ca = ca(€) such that
the following holds. Let w = (wg, k > 0) be a weight sequence with wg > 0 and wg > 0 for some

k>2 and g(f) <1—e. Foranyt > 1 and any n large enough with Z,(w) > 0 it holds that

P (ht(Tw,n) > tn1/2) < ¢y exp(—cat?).

This theorem has the following immediate corollary.

Corollary 2.3.3. For any weight sequence w on N with wg > 0 and wg, > 0 for some k > 2,
E[ht(Tw.,)] = O(n'/?), and, more generally, for any fived r < 0o, E[ht(Ty.,)"] = O(n'/?) as

n — oo over all n such that P(|T,| =n) > 0. O

In this section we will make use of the following notation. For w a weight sequence, let
D =D(w,n) = (Dy,...,D,) be a random degree sequence with the following law. Let T be a
simply generated tree of size n with weight sequence w. Conditionally given T, let T be the
random tree obtained as follows: label the vertices of T by a uniformly random permutation of
[n], then forget about the plane structure. Let D; be equal to the degree of i in T. Then, for
k € N, let Ni, = Ni(w,n) = |{i € [n] : D; = k}| be the number of entries of D which equal k, so
Ni, = ni(D(w,n)) and > 72 N, = n.

Our proofs will exploit two distributional identities. The first is the following. Let Tp(y ) €u
To(w,n), by which we mean that, conditionally given that D(w,n) = d, we have Tp(wn) €Eu T4

Then T £ Tb(w,n) by Proposition 2.1.9, so ht(Ty, ) 4 ht(Tp(w,n))- The second is the fact that

w,n
for any weight sequence w = (wyg, k > 0) and any constants a,b > 0, the weight sequence W with
Wy = abFwy, is equivalent to w, i.e., it satisfies that Twon 4 Ty for all n for which either (and
thus both) of the random trees are defined. This is an immediate consequence of the formula
(2.1) for the distribution of Ty, .

These two equalities in distribution imply that if we obtain good control over the asymptotic
behaviour of (Ng(w,n),k > 0) for some weight sequence w which is equivalent to w, then we

can use Theorems 2.1.7 and 2.1.8, on the heights of trees with given degree sequences, to prove

tail bounds for ht(Ty ). To obtain such control, we rely on the following result.

Theorem 2.3.4 ([68], Theorem 11.4; [10], Theorem 5.2). Let w = (wg,k > 0) be a weight
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sequence with wy > 0 and wy, > 0 for some k > 2. Write T = Ty and define

for k € N. Then i = (fix, k > 0) is a probability distribution with mean m =1 Av and variance
62. For k > 0 define Ny = ng(D(w,n)), as above. Then for every e > 0 there exists c(e) > 0

such that for all n sufficiently large, for every integer k > 0,

Ni(w,n .
P(\ dwm)
n

> e) <e .

Theorem 11.4 of [68] handles the case v > 0 in the above statement. The exponentially
small error bounds stated above are not made explicit in the statement of [68, Theorem 11.4],
but are recorded in the course of its proof (see [68, pages 163-164]). The case v = 0 was handled
in [10].

Before we prove Theorems 2.3.1, 2.3.2, 2.1.1 and 2.1.3, we first illustrate that the require-
ments in Theorem 2.1.3, that 1—puo—p; and po/(po+ 1) are bounded from below, are necessary.

To accomplish this we will consider probability distributions p = P4 of the form

po=q(l—p) m=0-q¢(1—-p)  p=p.

Claim 2.3.5. For any x > 0 we have that for any q > 0, limpoliminf,, o P(ht(Tyrayn) >

an'/2) =1 and for any p > 0, limg lim inf,, 00 P(ht(Typ.a ) > 2n'/2) =1

Proof. We apply Theorem 2.3.4 with w = wP? = pP4. Elementary computation shows that the

probability distribution g = ¢ from Theorem 2.3.4 is given by

fg = Pt = (I1-gvli-p
T VT r+2hva

and fig = fto = (1 — f11)/2. Since fi is equivalent to pu, it follows that that T)p.q 4 Thpan
for all n. Write oP? = |iP?]5 — 1 for the standard deviation of . Using this equivalence in

distribution together with the convergence of the search-depth process for large critical random
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Bienaymé trees [14, Theorem 23], it follows that

2 4 2
mht(TNEQ,n) = m

1
sup B(t),

d
ht(Tqu TL) —
[P>9y

where B is a standard Brownian excursion. Finally, since " — 1 (and thus 0?7 — 0) as either
p— 0 or ¢ — 0, and P(supg<;<; B(t) > 0) = 1, it follows that (oP7) ! supg<,<; B(t) = oo in

probability as either p — 0 or ¢ — 0. The result follows. 0

In our proof of Theorem 2.3.1, we make use of the following consequence of Theorem 2.3.4.

Corollary 2.3.6. If v < 1, or if 6% = oo, then for each C > 0 there exists ¢ = c¢(w,C) > 0

such that for all n sufficiently large,
P (UD(w,n) S C) S e .

Proof. First suppose that v < 1; in this case ) .-, kjiy = v. Let n > 1%“”. Suppose without loss

of generality that C' > 1 and set K = ‘11%2 Then, 215;11 ki < v, so by Theorem 2.3.4, there

"

is ¢ = ¢(w, C) such that with Ny = ng(D(w,n)),

Kl 14+v
P(kz_oka> 5 n>gem

for all n sufficiently large. But on the event that ZkK:_Ol kN < HT”n, using that > ;2 kNj =

n — 1, we have Z:":K_H kN > 15—”71 —1> %n by our assumption on n. This implies that

SO 0p(w,n) > C. This proves the claim in the case that v < 1.

Next suppose that 62 = co. In this case there exists K € N such that ZkK:O frk(k—1) > 2C.
Since opywy =n ' Y0 Di(Dy —1) >t Z?:o Nik(k — 1), Theorem 2.3.4 then implies that

there exists ¢ = ¢(w, C') such that

K
P (UD(W,n) < C) <P (Z Nkk(k‘ — 1) < CTL) < e
k=0

for all n sufficiently large. This proves the claim in the case that 62 = oo. O
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In the next proof we write x V y := max(z, y).

Proof of Theorem 2.3.1. Fix 0 < € <27, Let w be a weight sequence with v > 1 and 6% = oo,
or with v < 1, and fix n such that Z,,(w) > 0. Let ji; = j11(w) and let K be large enough such

that 2log(k + 1)/k < €* and such that log(k + 1) > (3 log )V 21 for all k > K. Then let

2
(1—f1)

D, = {degree sequences d = (dy,...,dy) :ny(d) < ,0q > K}

By Theorem 2.3.4 and Corollary 2.3.6, there exists ¢ = ¢(w) > 0 such that for all n suffi-
ciently large,

P(D & D,) < e "

Moreover, for any d € Dy, with (¢/)*> = o3n/(n —n1(d)) as in Theorem 2.1.8, we have log(o’ +
1) < log(og +1) + %logﬁ < 2log(oq + 1), so log(o’ + 1)/oq < €2. Also, 0’ > ayq, so
log(o’ 4 1) > 24,

Fix any t > e. We apply Theorem 2.1.8 with z = =2t > 2! to obtain that for any n and

any d € Dy,

P (ht(Twm) > ml/?‘ D= d) —P (ht(TWm) > $62n1/2‘ D= d)

/
<P (ht(TW,n) > xnl/zlog(a—i—l)’ D= d>

0d

/
=P (ht(Td) > ml/?log("m)

0d

< 4exp(—zlog(c’ +1)/2M) < dexp(—e2t).
Since

P (bt(Tp) > tn1/2‘ DeD,) = Y P(ht(T,) > ml/?‘ D =d)P(D =dld € D),
deD,

it follows that for all n sufficiently large,

E [ht(Ty,)1 {ht(Twyn)xnl/g}} <E [ht(TD)n (he(Toysent/2| D € Dn} +nP(D ¢ D,)
< nl/? [e +/ P (ht(TD) > tnI/Q‘ De Dn> dt] + o(1)

< nl/? |:6 + 4/ exp(—e%)dt} +o0(1)
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=nl/? [e+ 4e? exp(—e 1) + o(1)] .

We can pick € arbitrary small, so the statement follows. ]

Proof of Theorem 2.5.2. Let D = D(w,n) and, as above, write Ny = ng(D). Then, by Theorem

2.3.4, there is ¢ = ¢(€) > 0 such that for all n sufficiently large,
N
P <1 — ?1 < 6/2> <e M.

Let D,, be the set of degree sequences d with P(D = d) > 0 such that 1 — ni(d)/n > €/2; so
P(D ¢ D,) < e~“". By Theorem 2.1.7, there are ¢; = c1(€) and ¢z = ca(e) such that for any

d € Dy, for all t > 1,
P (ht(Tn) > tn1/2’ D= d) < c1 exp (—02t2) .
The theorem now follows from the observation that
P (ht(Twm) > tn1/2) <P(D ¢ D,) +P (ht(TD) > tnl/z‘ De Dn>
and the fact that

P (ht(TD) > tn”?\ D e Dn) =P (ht(Tn) > tnl/Q‘ D= d) P(D=dldeD,). O
deD,
Proof of Theorems 2.1.1 and 2.1.2. We use the fact that conditioned Bienaymé trees are a spe-
cial case of simply generated trees.
First, if |u|; < 1 and |u|a = oo then pg > 0 and py > 0 for some k > 2. Next, since |uly = oo,
for all £ > 0 we have Zkzo e* 11, = co. This implies that the generating function ® = ®, has
radius of convergence p = p, =1, so v, = ¥(p) = ¥(1) = |p|1 < 1. This implies that 7 = 7,

defined by (2.16) satisfies 7 = p = 1 and so by (2.17) we have
= 7V(7) = W'(1) = |uff — |uli = co.

Theorem 2.3.1 now implies that n'/ 2ht(T,w) — 0 in probability and expectation along integers

n such that P(|T,| = n) > 0. This proves Theorem 2.1.1.
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Similarly, if |u1 < 1 and ;5 et* 1, = oo for all t > 0 then pg > 0 and py, > 0 for some
k > 2. Moreover, ®,, again has radius of convergence p, = 1, and so v = ¥(1) = |u); < 1.
In this case Theorem 2.3.1 also implies that n~/2ht(T,,,) — 0 in probability and expectation

along integers n such that P(|T,| = n) > 0. This proves Theorem 2.1.2. O

Proof of Theorem 2.1.3. We again use the fact that Bienaymé trees are special cases of simply
generated trees. We aim to apply Theorem 2.3.2, so proceed to verify the assumptions of that
result. The assumptions on po and p; in particular imply that pg > 0 and that ui > 0 for some
k > 2, so that requirement of the theorem is satisfied.

Recall from (2.16) that 7 = pif U(p) < 1,and 7 = U1(1)if U(p) > 1. With fip, = up7®/®(7)

as in Theorem 2.3.4, we then have

i = AT uiT
®(7) Zkzo Tk

If 7 > 1 then the denominator is at least p17 + (1 — p1 — po)7 > p17 + €7, since by assumption

(1 — p1 — po) > €. This yields that

pmr (1—e)r
T +er (1 —e€)T +er

)0“1< =1-—k¢,

the second inequality holding since u; < 1 — € and z/(x + €7) is increasing in z. On the other

hand, if 7 < 1 then
~ H1T H1T M1
1 = < <
®(1) po+mT  po+

<1—e¢,

the last inequality holding by the assumptions of the theorem. In either case we have ji; < 1—e¢,

so the result follows by Theorem 2.3.2. O

2.4 Stochastic domination results

This section presents the proof of Theorem 2.1.10. The following decomposition is a key input
to the proof. Given a tree t, let f(t) be the unordered set of rooted trees obtained from t by
removing all edges from vertices 1 and 2 to their children. Also, write t'2 for the tree obtained
from t by swapping the labels of vertices 1 and 2. Then we say that t ~ t’' if either t and t’
have the same root and f(t) = f(t') or t'2 and t’ have the same root and f(t'2) = f(t/). (See

Figures 2.4 and 2.5) for examples.)
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bo W

@ 10
® ® © ©
f(t) f(£'2)

(a) For a tree t, we obtain f(t) by removing the edges to the children of vertex 1
and 2. We obtain t'? by swapping the labels of 1 and 2 in t.

(b) The trees t’ such that t' ~ t and di/ (1) = 2 and dy(2) = 1. For each tree t' on
the left, f(t') = f(t). For each tree t' on the right, f(t') = f(t!2).

Fig. 2.4: We show a subset of the equivalence class of tree t. In total, t is equivalent to 2%
trees: to specify a tree t’ such that t’ ~ t we must choose, for each element in {6,8,9}, whether
its parent in t’ is 1 or 2, and we must choose whether or not to swap the labels of 1 and 2.
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(a) For a tree t, we obtain f ) by removing the edges to the children of vertex 1
and 2. We obtaln t12 by swapping the labels of 1 and 2 in t.

(b) The trees in the equivalence class of t in which d; = 2 and do = 1. For the
leftmost tree t', we have that f(t') = f(t) and t' and t have the same root. For each
other tree t”, we have that f(t”) = f(t'?) and t” and t'2 have the same root .

Fig. 2.5: We show a subset of the equivalence class of tree t. In total, t is equivalent to 23
trees: to specify a tree t’ such that t' ~ t we must choose, for each element in {4,5}, whether
its parent in t’ is 1 or 2, and we must choose whether or not to swap the labels of 1 and 2.
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We prove Theorem 2.1.10 using the following two propositions.

Proposition 2.4.1. Let C be an equivalence class for the equivalence relation ~. Fix a degree
sequence d = (dy,...,dy) with dy > 1 and let ' = (dy + 1,ds — 1,...,d,). Then with T €, Tq
and T' €, Ty,

P(T €C) =P(T' €C).

Proposition 2.4.2. Fiz a degree sequence d = (di,...,d,) with do > 1 and let ' = (d1 +
1,do—1,...,dy). Then for any ~-equivalence class C with C N Tq # 0, letting Tec €, TaNC and
T, €u Tar NC, we have

ht(Tc)/ =g ht(Te) .

Moreover, if d contains at least three non-zero entries then there exists at least one ~-equivalence

class C for which the preceding stochastic domination is strict.

Before proving the propositions, we show how they straightforwardly imply Theorem 2.1.10.

Proof of Theorem 2.1.10. First, by relabeling the vertices it suffices to show that for any degree
sequence d = (dy,...,d,) with dy > de > 1,if d' = (dy + 1,d2 — 1,ds,...,d,) then for T €, Tg
and T' €, Ty we have ht(T") =<4 ht(T), and that this stochastic domination is strict if d
contains at least three non-zero entries.

Fix degree sequences d and d’ related as in the previous paragraph, and let T €, 73 and
T €, Ty. For a ~-equivalence class C such that 73 N C # () we will also use the notation T¢
and T} to denote uniformly random elements of 74 N C and Ty N C, respectively.

For any x > 0, writing ) - to denote a summation over all ~-equivalence classes C, we now

have

P(t(T) <z) =Y P(ht(T) <z | Te€C)P(T €C)
C

= P(ht(T¢) < 2)P(T' €C)
C

< 3" Bt(TL) < 2)B(T € C)
C

=> P(h(T) <z |T'eC)P(T' €C)
C

=P(ht(T') < z)
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The second equality holds by Proposition 2.4.1 and since the conditional distribution of T given
that T € C is precisely that of T¢. The inequality holds by Proposition 2.4.2. The third equality
again holds since the conditional distribution of T’ given that T’ € C is precisely that of T¢.
This shows that ht(T’) < ht(T).

Finally, if d has at least three non-zero entries then by Proposition 2.4.2 there exists at least
one equivalence class C and some = > 0 for which P(ht(T¢) < z) < P(ht(T;) < x). For such z
the above chain of inequalities then yields that P(ht(T) < z) < P(ht(T") < z), so in this case

in fact ht(T') <g ht(T). O

Proof of Proposition 2.4.1. Let t be a tree in C NTq. We first suppose that neither vertex 1 nor
vertex 2 is an ancestor of the other in t.

The forest f(t) contains dj +da + 1 trees; list their roots as 71, ..., 74, +dy+1 S0 that rg, +a,+1
is the root of t. Then both 1 and 2 lie in the tree rooted at rg,4+4,+1. In this case, there are

(dljldg) trees t € C with f(t) = f(t): these are precisely the trees obtained from f(t) as follows.
e Select a set S C [dy + da] of size d;.

e Add edges from vertex 1 to the vertices in the set {r;,i € S}, and add edges from vertex

2 to the vertices in the set {r;,7 € [d1 + da] \ S}.

Likewise, there are (dli;‘b) trees t € C with f(t) = f(t'?); these are obtained from f(t) as

follows.
e Select a set S C [dy + dg] of size da.

e Add edges from vertex 1 to the vertices in the set {r;,i € S}, add edges from vertex 2 to

the vertices in the set {r;,i € [dy + da] \ S}, then swap the labels of vertices 1 and 2.

It follows that |C N Ty| = Q(dljld?). Likewise, we have [C N Ty| = 2(6211‘112), since any element
of C N Ty may be constructed by selecting a size-(d; + 1) subset S’ of {r;,i € [d1 + d2]}, then
either (a) attaching the roots in S’ to 1 and the remaining roots to 2, or (b) attaching the roots

in S’ to 2 and the remaining roots to 1 and switching the labels of vertices 1 and 2.

Recalling the formula (2.2) for | 73|, the preceding computations yield that

|Cm7g|:2(d1+d2)< n—1 >_1:2(d1+d2>( n—1 >_1:|C”Td’|
|7:1| dl dla"'adn d1+1 d1+17d2717d3a"'3dn |7:i’| ’

so in this case P(T € C) = P(T’ € C), as required.
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Next suppose that vertex 1 is an ancestor of vertex 2 in t. The forest f(t) contains d; +da+1
trees; list their roots as r1,...,74,4+d,+1 S0 that r4, 44, and rg,44,+1 are the roots of the trees
containing vertices 2 and 1, respectively. (This also means that r4,+4,+1 is the root of t, and
that rq, 14, is a child of 1 in t.) In this case there are (dﬁdd;_l) trees t € C with f(t) = f(t):

these are precisely the trees obtained from f(t) as follows.
e Select a set S C [dy + do — 1] of size da.

e Add edges from vertex 2 to the vertices in the set {r;,i € S}, and add edges from vertex

1 to the vertices in the set {r;,i € [dy + d2] \ S}.

Similarly, there are (d1+5112—1) trees t € C with f(t) = f(t'?); these are obtained from f(t) as

follows.
e Select a set S C [dy + do — 1] of size d;.

e Add edges from vertex 2 to the vertices in the set {r;,7 € S}, add edges from vertex 2 to

the vertices in the set {r;,i € [d1 + dga] \ S}, then swap the labels of vertices 1 and 2.

. di+dy—1 di+dy—1 B di + da
Cmm_< ds )+< dy )_< dy )

and likewise |CNTy/| = (ddllfff). (We omit the details for this last identity as they are so similar

to the previous arguments.) It follows that in this case we also have [CN7a|/| 74| = [CNTar|/|Ta |,

It follows that

so again P(T € C) = P(T' € C).
Finally, if vertex 2 is an ancestor of vertex 1 in t, then in t'2 vertex 1 is an ancestor of vertex

2, so since t ~ t12, this situation is already handled by the previous case. O

For the proof of Proposition 2.4.2 we require an additional lemma, which although fairly
straightforward we find independently pleasing. Write ([Z]) ={S C [n]:|S| = k}. Below we

use the convention that max® = 0.

Lemma 2.4.3 (Eggs-in-one-basket lemma). Fiz non-negative real numbers 0 < a3 < ... < a,

and integers k, 0 with n/2 < k < { <n.
1. Let A €, ([Z]) U (nh_l]k) and A’ €, ([ZL}) U (n[i]z) Then max(a;,i € A’) <4 max(a;,i € A).

2. Let B €, ([n;”) U ([Z:}C]) and B’ €, (["21}) U ([n:?). Then max(a;,i € B') <y max(a;,i €

n

B).
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The proverb “don’t put all your eggs in one basket” means “don’t put all your resources
into a single endeavour” or, more pithily, “diversify your portfolio”. (Its origins are obscure but
an Italian equivalent, “non mettere tutte le uova in un solo cesto”, has been traced to at least
1666 [100].) To understand our use of this phrase, note that if the “portfolio” is the random set
A or the set B from the lemma, and the payoff of a portfolio is the value of its largest element,
then the lemma implies that larger-entropy portfolios have stochastically higher payoffs. To our

knowledge, this lemma is the first rigorous proof of of the wisdom of the proverb.

Proof of Lemma 2.4.3. If aq,...,ap are all equal then the result is obvious so we hereafter
assume that this is not the case. It suffices to prove the lemma with £ = k + 1; the general case

follows by induction. It is useful to set ag = 0. Then for any 0 < i <n and a; < * < a;41,

P(max{aj:j €A} <z)=PAN{i+1,...,n} =0)
) 2(1;;) () (50)]

To prove the first claim of the lemma, that max(a;,i € A’) <& max(a;,i € A), it thus suffices

to show that

2(1’,2) K;) i (nik)] = 2(:11) [(kil) " (n—zi— 1)] |

It is possible that some of the binomial coefficients above are zero; regardless, multiplying

through by 2(n’12) and rearranging terms yields that this is equivalent to showing that
n—=k _ n—k—1 < k+1 _ k
n—i n—i “\n—1 n—i)’
which by the addition rule of binomials reduces to
n—k—1 k
. < ) .
n—t—1/) " \n—1-—1

This holds, because k >n — k — 1.
For the second claim of the lemma, note that B has the law of A conditional on the event

{n & A}, which, by symmetry, has probability 1/2. This implies that for any = < a,,

P(max{ai:iEA}<a:):IP’(n%A)]P’(max{ai:ieA}<x!n€A):%]P’(max{ai:ieB}<x),
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and similarly,

P (max{a; : i € A’} < z) = %IP’ (max{a; : i € B'} <x).

Therefore,
P (max{a; : i € A} < ) — P (max{a; : i € A’} < z)
1
=5 (P (max{a; : i € B} < z) — P (max{a; : i € B’} <)),
so the second claim of the lemma follows from the first. O

Proof of Proposition 2.4.2. Fix a ~-equivalence class C and a tree t € C N Tq. We first suppose
that neither vertex 1 nor vertex 2 is an ancestor of the other in t. The forest f(t) contains
dy + do + 1 trees; list their roots as ri,...,74,+dy+1 S0 that rg, 44,41 is the root of t, and let t;
be the tree with root ;. Then both 1 and 2 lie in the tree t4,44,+1 rooted at rq, ya,4+1. Write
hy and hg for the distance from 74, 44,41 to 1 and 2, respectively.

By the definition of C, starting from f(t) we may sample T¢ €, C N 7Tq as follows.
o Let (C,A) e, {(1,9): S ¢ ([dlc‘gdﬂ)} u{(2,8):Se ([dldtdﬂ)}'

e Add edges from vertex 1 to the roots {r;,i € A} and from vertex 2 to the roots {r;,i €

[di +da] \ A}
e If C = 2 then swap the labels of vertices 1 and 2.
Note that A €, ([dlczdz}) U ([dlajl;d?]). For 1 <i < dj + dj letting a; = 1 + ht(t;), with the above
construction of T¢ we then have

ht(T¢) = max(ht(tg, +d,+1), b1 + max(a;,i € A), ho + max(a;,i € [d1 + d2] \ A)) .

Next, again starting from f(t), apply the same procedure (with d; and ds replaced by dy + 1

and dy — 1, respectively) to sample T €, C N Tq. We obtain
ht(T¢) = max(ht(tg, +a,+1), h1 + max(a;,i € A"), hy + max(a;,i € [dy + da] \ A')) .

where &' €4 (1) U ().

Since A and [dy + d2] \ A have the same distribution, as do A’ and [dy + da] \ A’, we

may assume without loss of generality that hy > ho. It then follows that both the above
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maxima are at least M~ := max(ht(tg, +d,+1), he + max(a;, i € [dy + da])) and at most M :=

max (ht(tg, +d,+1), b1 + max(a;,i € [d1 + da])) , so for x < M~ we have

P(ht(T¢) < z) = 0 = P(ht(T) < z)

while for z > M1 we have

P(ht(Te) < ) = 1 = P(ht(T%) < ).

For M~ < x < M™, we have

P(ht(T¢) < ) = P(hy + max(a;,i € A) < x)

and

P(ht(Te) < 2) = P(hy 4+ max(a;,i € A') < ),

so the first part of the eggs-in-one-basket lemma yields that

P(ht(Te) < z) < P(ht(T%) < z).

This establishes that ht(T;) = ht(T¢) when neither 1 nor 2 is an ancestor of the other for

trees in C.

We next suppose that either 1 is an ancestor of 2 in t or vice-versa. Note that CN74 contains
a tree in which 1 is an ancestor of 2 if and only if it contains a tree in which 2 is an ancestor of
1. It follows that, by replacing t by another element of C N7y if necessary, we may assume that

in fact 1 is an ancestor of 2 in t.

List the roots of the trees in f(t) as ri,...,74,+dy+1 S0 that 74,44, and rg, 14,41 are the
roots of the trees containing vertices 2 and 1, respectively, and write t; for the tree of f(t) with
root 7;. Necessarily rq,+q4,41 is also the root of t, and rq, 44, is a child of 1 in t. Write hy and

hg for the distance from 74, 44,41 to 1 and from rg, 14, to 2, respectively.

By the definition of the equivalence class C, starting from the forest to, ..., tq, +d,, Wwe may

sample T¢ €, C N Tq as follows.
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o Let

(C,B) &, {(1,8): S € (Wl +;22_1]>}u{(2,s) .Se <[d1 +512_”) 1.

e Add edges from vertex 2 to the roots {r;,i € B} and from vertex 1 to the roots {r;,i €

[d1 + do] \ B}.
e If C = 2 then swap the labels of vertices 1 and 2.

Note that B €, {S C [dy +d2 — 1] : |S| € {d1,d2}}. Moreover, letting a; = 1 + ht(t;)
for i € [dy + d2 — 1], and letting H = max(ht(tg, +dy+1), k1 + 1 + ht(tg,+4,)), with the above

construction of T¢ we then have
ht(T¢) = max(H, h1 + max(a;,i € [d1 + d2] \ B), h1 + 1 + ha + max(a;, i € B)).

The term H accounts for the possibility that the height of T¢ is achieved by a vertex of either
tdy+dy OF tdytdp+1-
Next, again starting from f(t), apply the same procedure (with d; and dg replaced by d; + 1

and da — 1, respectively) to sample T €, C N Tq. We obtain
ht(Tc) = max(H, hy + max(ai,i € [dl + dz] \ B’), hi1+ 1+ hy + max(ai,i € B/)) .

where B’ €, {S - [dl + dy — 1] :|S] e {dl +1,dy — 1}}

The heights of T¢ and T}, both lie between
M~ :=max(H, hy + max(a;,i € [d1 + d2 — 1]))

and

MT = maX(H, hi+1+hy+ max(ai,z’ € [d1 + dy — 1]))

so for z ¢ (M~,M™] we have P(ht(T¢) < z) = P(ht(Ty) < z). For M~ <z < M™, we have
ht(T¢) < x if and only if hy + 1 + hg + max(a;,7 € B) < x, and likewise ht(T},) < z if and only
if hy + 1+ hy +max(a;,i € B') < z. It thus follows by the second part of the eggs-in-one-basket
lemma that

P(ht(Te) < z) < P(ht(T%) < z).
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This establishes that ht(T;) = ht(T¢) when 1 is an ancestor of 2 in t. (As already noted, this
also handles the case where 2 is an ancestor of 1.)

It remains to establish strict stochastic inequality when there are at least three non-leaf
vertices. We accomplish this by showing that in this case there exists t € 74 such that for C the
~-equivalence class of t, if T¢ €, C N Tq and Ty €, Ty then ht(T;) <« ht(Te).

By relabeling we may assume that vertex 3 is not a leaf. (We also still assume that d; >
dy > 1.) Consider a tree t € T3 with root 1, such that 3 is a child of 2 and 2 is a child of
1, and such that all other children of vertices 1 and 2 are leaves (see Figure 2.6). Then the
d1+dd12_1) trees with root 2 and (d1+dd22_1)

~-equivalence class C of t contains ( trees with root 1,

SO (dljldQ) trees in total.

1
Fig. 2.6: A schematic depiction of a tree in an equivalence class C for which, if T¢ €, C N 7Ty
and T} €, T then ht(Tf) <« ht(Te).
Let H be the height of the subtree of t rooted at vertex 3 (this is at least 1 by the assumption
that 3 is not a leaf). Then the height of T¢ €, C N 7q is either H +1 or H + 2, and is H + 2
precisely if either 1 is the root and 3 is a child of 2, or if 2 is the root and 3 is a child of 1. The

total number of trees in C N 73 with height H + 2 is thus Q(dljldff 2), SO

dy +dy — 2) (dl + d2> - 2d1dy
- (

Pht(Te) =H +2) =2 .
(be(Te) ) < a1 d di +dy — 1)(da + o)

This probability decreases if d; and dy are replaced by dy + 1 and dy — 1, respectively, which

establishes the required strict stochastic domination. ]

2.5 Future directions

Although part of our point in this work is to show that tail bounds for the height do not rely on
being in a setting where there is convergence to a limiting tree (or limiting space), our results

and techniques can be useful for proving such convergence. For example, note that for k € N



82 CHAPTER 2. RANDOM TREES HAVE HEIGHT O(y/n)

and d a degree sequence corresponding to a tree with at least k leaves, for v € S4, the subtree
of t(v) spanned by the k smallest labeled leaves is encoded by the first j(k) elements of v,
where j(k) is the index of the k’th repeat in v. Since the law of T4 €, 73 is invariant under
relabeling of the leaves by an independent uniform permutation, our sampling technique thus
gives direct access to the law of the subtree spanned by a uniformly random set of &k leaves, also
called the k-dimensional distribution of the tree. Furthermore, our approach to bounding the
height in Theorem 2.1.7 in fact yields a stronger result: we show that, when the tree is grown
sequentially according to the bijection (as illustrated in Figure 2.2), all vertices in the tree are
close (on the scale of ©(y/n)) to the tree built in the first ©(y/n) steps. The counterpart of this
fact and convergence of the k-dimensional distributions are the two ingredients of Aldous’ proof
that a uniformly random tree T), €, T (n) converges in distribution to the Brownian continuum
random tree after rescaling [13, Theorem 8|. Therefore, our techniques give immediate access to
comparable results for suitable sequences of trees with a given degree sequence, simply generated
trees and conditioned Bienaymé trees. This idea is exploited for various laws on trees with a
fixed degree sequence by Arthur Blanc-Renaudie in [25], to prove rescaled convergence of such

trees toward inhomogeneous continuum random trees.

Our approach is also useful for the study of other random tree models. Indeed, via the
bijection of Section 2.2, any distribution on labeled rooted trees gives rise to a distribution
on sequences. If one can understand the law of the first k repeated entries in such random
sequences, one thereby obtains the law of the subtree spanned by the k£ smallest labeled leaves.
Our arguments for controlling the height can then in principle be combined with this spanning
subtree information in order to prove both global height bounds and rescaled convergence in
distribution (when the trees are viewed as measured metric spaces). On the other hand, by
considering any natural distribution on sequences, the bijection yields a random tree model.
Here is one natural example: consider a multiset M of elements of [n] with size (counted with
multiplicity) at least n — 1. Then construct a sequence of length n — 1 by uniform sampling
without replacement from M, and consider the tree T on [n] encoded by this sequence via the
bijection. (If M itself has n—1 elements then T has the law of a uniform tree with a given degree
sequence, where for i € [n], the multiplicity of ¢ in M is the degree of i in T. More generally,
the number of copies of ¢ in the subsample is the degree of ¢ in T, and T is a uniform tree with
this degree sequence.) It turns out that T has the law of a uniform spanning tree of a random

tree-rooted graph with degree sequence defined by M. Tree-rooted graphs are the non-planar
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analogues of tree-rooted maps [102, 88, 28, 20|, whose random instantiations are active objects
of study in the planar probability and statistical physics community [78, 63, 61, 67, 84, 62]. In
[5], a different sampling method is used to show that in the finite variance regime, the spanning
trees of large random tree-rooted graphs converge after rescaling to the Brownian continuum
random tree. In future work, we plan to build on the current work to study distances in and

convergence of random tree-rooted graphs for other degree regimes.

Our results can also be applied to many models of random graphs that contain cycles,
because the tree models that we study are important building blocks for many such sparse
random graphs. One family of examples is provided by the configuration model, which is used
to sample graphs with a given degree sequence. In a number of recent works [24, 37, 23], it is
shown that, under conditions which ensure that the resulting random graphs are in some sense
“critical”, the large components in the configuration model converge in distribution to random
compact measured metric spaces, after rescaling. In all aforementioned papers, the techniques
rely on studying spanning trees of the large components, and connecting these to the models
for random trees that we study. However, none of those works achieve control over inter-vertex
distances in smaller components. The reason for this is precisely that these components do not
necessarily have scaling limits (in particular because some of them will have “atypical” degree
distributions), and so previous results bounding the diameters of random trees do not apply.
This lack of control prohibits the authors from proving convergence of the ordered sequence of
components in any topology stronger than the product topology. As a consequence, important
statistics such as the diameter and the length of the longest path cannot be shown to converge
under rescaling. We believe that, with the results and techniques of the current work in hand, it
is now possible to bound distances in all components, thereby proving convergence in a stronger
topology (and deducing convergence in distribution for the rescaled diameter), in all the above

works.

Finally, we believe that our results can be used to obtain non-asymptotic tail bounds on
distances in uniform connected graphs with a given degree sequence and fixed surplus, which
occur as the components of the configuration model. Such graphs can be related to trees
with a fixed degree sequence by uniform cycle breaking, and twice the height of the resulting
tree is an upper bound for the diameter in the graph. The law on trees with a given degree
sequence induced by this cycle-breaking procedure has a non-trivial bias relative to the uniform

distribution , whose form we believe is predicted by analogous results for components in the
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Erdés—Rényi random graph [7]. By studying the bias it should be possible to translate our

results to this set-up.



Chapter 3

Universality for the directed
configuration model: metric space
convergence of the strongly

connected components at criticality

This chapter is joint work with Zheneng Xie and previously appeared as a preprint [48]!

We consider the strongly connected components (SCCs) of a uniform directed graph on n
vertices with i.i.d. in- and out-degree pairs distributed as (D~, D), with E[D*] = E[D~] = p.
We condition on equal total in- and out-degree. A phase transition for the emergence of a giant
SCC is known to occur at the critical value E[D~ D] = . We study the model at this critical
value and, additionally, require that E[(D~){(D¥)/] < oo for all i +j < 3, and for (i, ) = (1, 3)
and (7,7) = (3,1). We show that, under these conditions, the SCCs ranked by decreasing

—1/3 converge in distribution to a sequence of

number of edges with distances rescaled by n
finite strongly connected directed multigraphs with edge lengths, and that these are either 3-
regular or loops. The limit objects lie in a 3-parameter family, which contains the scaling limit
of the SCCs in the directed Erdés-Rényi model at criticality as found by Goldschmidt and
Stephenson (2019). This is the first universality result for the scaling limit of a critical directed

graph model and the first quantitative result on the directed configuration model at criticality.

As an immediate consequence, the largest SCCs at criticality contain ©(n'/3) vertices and edges

'Tn [48], Proposition 3.4.16, in which we show that the configuration yields a simple graph with probability
bounded away from 0, is missing.

85



86 CHAPTER 3. THE DIRECTED CONFIGURATION MODEL

in probability, and the diameter of the directed graph at criticality is Q(n'/3) in probability.
We use a metric on the space of weighted multigraphs in which two multigraphs are close if
there are compatible isomorphisms between their vertex and edge sets which roughly preserve
the edge lengths. We use the product topology on the sequence of multigraphs. Our method
of proof involves a depth-first exploration of the directed graph, resulting in a spanning forest

with additional identifications, of which we study the limit under rescaling.

3.1 Introduction

3.1.1 Overview

Edges in real-world networks are often directed, such as links on the world wide web, “follows”
on Twitter, financial transactions or disease transmission in a social network. When analysing
networks, the first quantity that is often considered is the distribution of the degrees of nodes in
the network. In this paper we will consider sampling an i.i.d. sequence of in- and out-degrees,
conditional on the total in-degree being equal to the total out-degree. We will then sample a
uniform directed graph (digraph) with the given degree sequence. Results on such graphs are a
useful benchmark, exposing additional underlying structure of a real-world network compared
to a uniformly random graph with its degree sequence.

When considering such models, previous work by Cooper and Frieze [38] (which we will
discuss in more detail in Section 3.1.6) shows that there exists a phase transition in the strong
directed connectivity of the graph. T'wo vertices are part of the same strongly connected compo-
nent (SCC) if and only if there exists a directed cycle that contains both of them. Above some
threshold, there will exist a unique giant SCC that occupies a positive proportion of the ver-
tices whereas, below the threshold no SCC will occupy a positive proportion of the vertices. In
Figure 3.1, a directed graph and its strongly connected components are depicted. In this paper
we will prove the first detailed results about the critical case - specifically, that there exists a
sequence of random weighted directed multigraphs that can be understood as the scaling limit

of the SCCs when viewed in decreasing order of size.

3.1.2 Directed graphs

There are two notions of connectivity when working with a directed graph: weak and strong

connectivity. We will be working with the strong notion. We say a vertex v leads to a vertex
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Fig. 3.1: A directed graph on [17]. The strongly connected components have vertex sets
{1,2,5,17}, {3,6,8,9,14,16}, {7, 11}, {4}, {10}, {12}, {13}, and {15}. Edges that are not part
of an SCC are depicted as dashed arrows. Taken from [59] with permission of the authors.

tail head
[ —
v (1)’ w) w

Fig. 3.2: An edge (v, w) will be depicted as an arrow from v to w.

w, written v — w, if there exists a directed path from v to w in the graph. We say v is strongly
connected to w, written v <> w, if v leads to w and w leads to v. By convention, v leads to itself.
A graph is strongly connected if all pairs of vertices in the graph are strongly connected. The
relation v <> w is an equivalence relation; the digraphs induced by the equivalence classes of +»
are referred to as the strongly connected components (SCCs). For each vertex v in a directed
graph G, we will use the notation d~(v) for the in-degree of v and d*(v) for the out-degree of

v. Moreover, a directed edge (v, w) has tail v and head w (see Figure 3.2).

3.1.3 Description of the model

First consider a deterministic degree sequence dy,...,d, where d; = (d; ,dj) € N x N for
i=1,...,n. We say a directed graph with vertex set [n], where [n] = {1,...,n}, has degree
sequence dy, ...,d, if (d=(i),d* (i) = (d; ,d]") for i = 1,...,n.

In order to sample a uniformly random graph with a given degree sequence, we first consider
the directed configuration model introduced by Cooper and Frieze [38]. Take n vertices vy, ..., v,
such that v; has d; in-half-edges and d;r out-half-edges. Then construct a multigraph by

choosing a uniformly random pairing of the in-half-edges with the out-half-edges. Cooper and

Frieze [38, Sec. 2.1] proved that if we condition on the resulting multigraph being simple, we
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obtain a uniformly chosen random digraph with the given degree sequence.

In this paper we will consider the case where the degree sequence consists of n i.i.d. random
variables conditioned on the total in-degree being equal to the total out-degree. Let v be
a distribution on N x N, and let Dy,...,D,, be a sequence of i.i.d. random variables with

distribution v. We condition on the event

{2?21 Di_ = Z?:l D;r} )

observing that this is an asymptotically singular event as n — oo. We also condition on the
existence of a digraph with the degree sequence. Let én(y) be a digraph chosen uniformly
at random from all digraphs with degree sequence Dy, ...,D,. We are interested in the limit
under rescaling of the SCCs of G, (1) as n — co.

Suppose (D™, DT) has law v. We will require the following assumptions to hold:
1. E[(D7)(D*)] < oo for 1 <i+j <3, (i,4) = (1,3) and (i,5) = (3,1).
2. E[D7] =E[D"].

3. D~ — DT is strongly aperiodic. This means that for all p > 1, there does not exist k € Z
such that

P(D™ - Dt €k+pZ)=1.

4. E[D~D*] =E[D].

The first condition is required to ensure that the steps of a random walk used in the proof
have finite variance, so that the random walk will convergence under rescaling to a Brownian
motion. It also ensures similar regularity of other random variables that we use to encode the
directed graph. (We discuss relaxing the moment conditions in Subsection 3.6.)

The second and third conditions make sure the event {31, D; = S Df} is well-
behaved. The second condition ensures that it is not a large deviation event. Using a result
from Spitzer [96, Page 42, P1], the third condition ensures that the event has positive proba-
bility for all sufficiently large n > 1. This condition can be relaxed to assuming that D~ — DT
is non-constant by taking limits for n € pN rather than n € N where p is the periodicity of
D~ — D™. However, for simplicity of presentation, we will keep it as an assumption.

The fourth assumption is the criticality condition. To understand how this arises, consider

the directed configuration model and let (V,,, W,,) be a uniformly chosen edge. For now, ignore
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the conditioning on the total in- and out-degrees being equal. We consider the distribution of
the in- and out-degree of W,,. Because the degree sequence is an i.i.d. sequence, W, is equally

likely to be any vertex i. Thus for any k = (k~, k™),

P(d~ (Wy) = k~,dT(W,) = k) = nP(W,, = 1,Dy = k)

- TLE[P(WR =1 | Dl = k7 D27 e 7D77»)HP)(D1 = k)

Conditionally on the degree sequence, we have that W,, = i with probability proportional to

D, since we used an uniform pairing of the in- and out-half-edges. Therefore

]{?7
P(anl‘Dlzk,DQ,,Dn):m—nl)_
=2 "%
Thus
_ _ k= -
P(d~(W,) =k ,d*(Wn):k+):E[1(k+Zn D)]P[D =k=,D" =kT].
n 1=2""%

Using the strong law of large numbers and the bounded convergence theorem, the above will
converge to
=
WP [D’ =k~ ,Dt = k*] .

Let (Z=,Z%) be such that P(Z~ = k=, Z% = k™) is given by the above expression. We say
(Z=,Z7%) has the law of the degree distribution size-biased by in-degree. For large n, any fixed
out-edge of W), is then also distributed approximately like a uniformly chosen edge (here we are
ignoring the fact that we have already sampled an edge) since we chose the in- and out-edge
pairing uniformly at random. Therefore the out-degree of the head will have approximately the
same distribution as ZT. Thus if we were to look at the graph of all vertices leading from W,,, it
would look approximately like a Bienaymé tree? with offspring distribution ZT. It is well known

that such trees exhibit critical behaviour in whether or not the tree is finite at E[ZT] = 1. This

is equivalent to assuming E[D~D*| = E[D].

Cooper and Frieze [38] studied this phase transition for a deterministic degree sequence

2For 1 a probability distribution on N, a Bienaymé tree with offspring distribution p is the family tree of a
branching process with offspring distribution p. Bienaymé trees are often referred to as Galton—Watson trees,
but we decide to follow the name change suggested by Addario-Berry et al. [10].
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d;,...,d,. They defined the parameter

L dd
21 d;

which is a counterpart of E[Z] for deterministic degree sequences. They then showed that,
under additional assumptions, there exists a phase transition for the existence of a giant SCC
depending on whether d is strictly greater than or less than 1. Our work in this paper shows
our corresponding condition, E[ZT] = 1, is also the correct criticality condition to take for i.i.d.
random degree sequences.

We define the following parameters that will determine the behaviour of the SCCs in the
limit.

1. p:=E[D"]|=E[D"] =E[D D]

2. v =E[Z]—1=EDP ) lr

m

3. 02 :=Var(Z") = “E[(D_)3L;E[(D_)2}2
E[D—(D1)2]—

4. O'_%_ = Var(ZJr) — w

(Z=,2%) = E[(Df)QDZ]—E[(Df)Q]

5. o_4 = Cov

3.1.4 Metric directed multigraphs and kernels

Fig. 3.3: The largest SCC from samples of a directed configuration model with independent
Poisson(1) in- and out-degrees

Figure 3.3 shows the largest SCC from samples of a directed configuration model. As can

be seen, while the lengths of paths in the SCC are long, the actual structure of the SCC is
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often quite simple. Previous work by Goldschmidt and Stephenson [59], studying the directed
Erdés-Rényi graph, formalised this using metric directed multigraphs (MDMs), and we follow
the same approach. These are simply weighted directed multigraphs, but in our context it is
more appropriate to think of the weights as lengths, which motivates the change in naming.

Formally, a directed multigraph is a tuple (V, E,r) where

1. V is a set of vertices,

2. E is a set of edges, and

3. r: E — V xV is a function mapping each edge to its head and tail; associated with r are

two functions r1 : £ — V and ro : £ — V such that

r(e) = (ri(e), ra(e))

for all e € E. r1(e) is the tail of the edge e and r3(e) is the head of the edge e.

Then a metric directed multigraph (MDM) is a tuple M = (V, E,r,l) where (V, E,r) is a directed
multigraph and | : E — [0,00). Let £ denote the MDM consisting of a single vertex with a
self-loop of length 0.

An isomorphism between two MDMs M = (V, E,r,l) and M’ = (V' E’,v',l') is a pair of

functions (iy,ig) where iy : V — V' and ip : E — E’ are bijections satisfying the relation

r'(ip(e)) = (iv(ri(e)), iv(ra(e)))

for all e € E. We say two MDMSs are isomorphic if there exists an isomorphism between them.
In other words, isomorphic MDMs have the same graph structures for their underlying directed
multigraphs up to a relabelling of the edges and vertices. Write Iso(M, M') for the set of all

isomorphisms between M and M.

We now define a distance dz between two MDMs M and M . Any isomorphism between
M and M’ gives a correspondence between the edges of M and the edges of M’. We can then
take an /., distance between the lengths of the edges and finally take the isomorphism which

minimizes this distance. If M and M’ are not isomorphic, we set the distance to be infinite.
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Formally,

inf;, ip)etso(m,m7) SUPecpll(e) —U'(ip(e))| if M and M’ are isomorphic,

dg(M, M') =

00 otherwise.
Consider an MDM M and a vertex w € M with in-degree 1 and out-degree 1 which is not a self-
loop. Let u and v be the unique in-neighbour and out-neighbour of w respectively. The MDM
obtained by smoothing w is obtained by deleting the edges e; and es such that r(e;) = (u,w)
and r(e2) = (w,v), then adding an edge e such that r(e) = (u,v) and assigning it length
l(e) =1(e1) + l(ez). This is illustrated in Figure 3.4.

:..\._\_.\_ l(e 1 ) ! (62 ) - \\\\\ 7/-\ l ( e1 ) +1 ( 62) ‘//—'/
ARSI Ao

(a) The graph before smoothing w (b) The graph after smoothing w

Fig. 3.4: Smoothing a vertex w

Then the kernel of a digraph G is obtained by doing the following:
1. Assign length 1 to each edge.

2. Iteratively smooth vertices with in-degree 1 and out-degree 1 that are not self-loops until
there are none remaining or we have obtained a MDM consisting of one vertex with a

single self-loop.
3. Replace all singletons by £.

An example is shown in Figure 3.5. We expect the graph structure of kernels of SCCs in the

critical window to remain finite, whereas the lengths assigned to edges will tend to infinity.

3.1.5 Our results

For M an MDM and ¢ € (0,00), let ¢M be equal to M with all lengths multiplied by c. Let
Ci(n) for ¢ > 1 be the kernels of the SCCs of én(v), listed in decreasing order of number of
edges, breaking ties arbitrarily. Complete the list with an infinite repeat of £. Then, our main

theorem is as follows.
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(a) G (b) Kernel of G

Fig. 3.5: An example of a digraph G and its kernel. The numbers indicate the edge lengths.

Theorem 3.1.1. There exists a random sequence C = (C;,t1 € N) of strongly connected MDM:s
such that

(n~1/3Ci(n), i € N) 9, cieN)

as n — 0o, with respect to the product dg—topology. The law of C = (C;,i € N) depends only on
the parameters p, oy, and (o0—4+ + v_)/p. Further, for each i > 1, C; is either 3-regular or a

loop.

We will describe the limit object and some of its further properties in Subsection 3.2.2.

The law of the limit object places some particular cases of our model in the universality
class of the directed Erdés—Rényi model as studied by Goldschmidt and Stephenson [59]. This
is the content of the following corollary. The directed Erdds—Rényi model on n vertices with
parameter p, denoted by é(n,p), is a random digraph with vertex set [n] in which each of
the n(n — 1) possible directed edges is included with probability p independently. The cases
p = (1+Xn"3)/n for X\ € R are referred to as the critical window, and the case p = 1/n is
called criticality.

Note however that their result holds in a stronger topology: they use an ¢;-like topology on
the space of sequences of MDMs, whereas we show our result in the product topology. Due to
this, it is important in their paper to consider singletons as loops of length zero. For any fixed
k, the kth largest SCC will not be a singleton with high probability as n — oo. Therefore, no
component of our limiting object will be a singleton. Thus they need to pad their SCCs by

£ and consider the kernel of singletons to be £, to prevent the ¢;-distance, as defined by d,

between (n"1/2C;(n),i € N) and (C;,i € N) being infinite. We follow the same convention.
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Corollary 3.1.2. Consider G, (v), with v such that
p=0y=0_4y+v_=1

Let (CY(n),i > 1) be the kernels of the SCCs of Gn(v). Furthermore, let (CER(n),i > 1) be the
kernels of the SCCs of G(n,1/n). Then, (n=Y3C%(n),i € N) and (n=Y3CEE(n),i € N) have
the same limit in distribution in the product—dg—topology as n — oo.

Note that the condition in Corollary 3.1.2 is satisfied by v(k™, k") = v1 (k™ )e(k™T), with 14
and vo the law of a Poisson(1) random variable.

Moreover, Theorem 3.1.1 has the following immediate corollaries, which were previously

unknown.

Corollary 3.1.3. Let E! and V! be the number of edges and vertices in Ci(n) respectively, both
appended with infinite repeats of 0. Then there exists a random sequence (E;,i € N) € RY, such
that

(n*1/3E{L,n*1/31/i",z' s N) Yy (B, Eii e N)
as n — oo in the product topology on (R?)°.

In particular, note that, in the above corollary, the number of vertices and number of edges

have the exact same scaling limit.

Corollary 3.1.4. For v,w € G,(v) such that v — w, let d(v,w) denote the length of the

shortest directed path from v to w, and let

Diam (én(u)> = max {d(v,w) : v = w}

v,weV

be the diameter of én(y). Then, for any € > 0, there is a § > 0 such that
P (n—1/3 Diam (én(u)) > 5) 1
for all n large enough. Equivalently, Diam (én(u)) = Qp(nl/s).

3.1.6 Previous work

The configuration model was introduced by Bollobds [27] to sample a uniformly random undi-

rected graph with a given degree sequence. (For a discussion of the configuration model and
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proofs of standard results, we refer the reader to [101, Chapter 7].)

Most results on the configuration model are proved for models with a deterministic degree
sequence. The phase transition for the undirected setting was shown in [85, 86, 69]. The law of
component sizes at criticality and in the critical window were obtained by Riordan [92] under
the assumption that the degrees are bounded. Dhara, van der Hofstad, van Leeuwaarden and
Sen showed convergence of the size and surplus edges in the critical window with a finite third
moment [44] and in the heavy-tailed regime [45]. Bhamidi, Dhara, van der Hofstad and Sen
obtained metric space convergence in the critical window in [24], a result that the authors later

improved to a stronger topology in [23].

Configuration models with a random degree sequence are considered in [70], [37], and [46].
Joseph [70] showed convergence of the component sizes and surpluses of the large components
under rescaling at criticality, both for degree distributions with finite third moments and for the
heavy-tailed regime. Conchon-Kerjan and Goldschmidt [37] show Gromov-Hausdorff-Prokhorov
convergence of the rescaled components ordered by decreasing size at criticality in these two
regimes. The results in [37] in the heavy-tailed regime are extended to the critical window by

the first author in [46]. Our techniques are closely related to the techniques introduced in [37].

Some results have been obtained for other directed graph models. Cao and Olvera-Cravioto
[33] consider a class of inhomogeneous directed random graphs. Their results include a phase
transition for the existence of a giant SCC. This is a generalisation of work by Bloznelis, Gotze
and Jaworski in [26], in which a smaller class of inhomogeneous directed graphs is considered.
Samorodnitsky, Resnick, Towsley, Davis, Willis and Wan [94] studied the tails of the degree dis-
tribution in the directed preferential attachment model. As previously mentioned, Goldschmidt
and Stephenson [59] have studied the directed Erdds—Rényi model in the critical window, and
were the first to obtain metric space convergence of the SCCs of a directed graph. Our methods

build on their techniques.

The directed configuration model was first considered by Cooper and Frieze [38]. They
consider a deterministic degree sequence under a number of conditions. As discussed previously
in Section 3.1.3, a phase transition for the SCCs occurs when a parameter d = 1. They show
that for d < 1, with high probability, all SCCs contain O(A log(n)) vertices, for A the maximal
degree. On the other hand, for d > 1, there is a unique SCC that contains a positive proportion
of the vertices and edges. Their conditions are restrictive, and include finite second moments

for both the in- and out-degree of a uniformly chosen vertex, and a bound of size n'/12/log(n)
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on the largest degree. Their proofs are based on an algorithm to explore the directed graph.
The condition on the largest degree was later relaxed to O(n'/*) by Graf [60]. These results are
in contrast with the critical case, with Corollary 3.1.3, which says that in our set-up the number
of vertices and edges in the largest strongly connected components are @(nl/ 3) in probability.

Recently, Cai and Perarnau have obtained a number of results on the directed configuration
model with deterministic degrees. In [30], they show, under first and second moment conditions
of the degree of a uniformly picked vertex, for d # 1 (i.e. not at criticality), that the diameter
of the model on n vertices, rescaled by log(n) converges to a constant that they identify. This
is in contrast with Corollary 3.1.4, which says that in our set-up the diameter is Q(n'/3) in
probability at criticality. Then, in [31], they show a law of large numbers for the number of
vertices and edges in the largest SCC, under slightly stronger moment conditions, and again
away from the critical point. In [32], they study the behaviour of a random walk on a directed
configuration model.

A necessary and sufficient condition for the existence of a giant weakly connected component
for the directed configuration model with a deterministic degree sequence is discussed in the
physics literature by Kryven [73]. He also studies the distribution of the in- and out-components
in [74].

The directed configuration model with random in- and out-degrees is also considered by Chen
and Olvera-Cravioto [36] although, importantly, they do not allow for the in- and out-degree of a
vertex to be dependent. The authors consider a model in which the in- and out-degrees are two
independent sequences of i.i.d. random variables drawn from different probability distributions.
They propose an algorithm to sample degree sequences that correspond to a simple graph and

show the limiting distribution of the degrees generated by this algorithm.

3.1.7 Proof outline

Our techniques use height processes and Lukasiewicz paths, which are standard objects used to
encode trees and forests (see for instance [50, Chapter 0]). We will introduce these here. Let
T = (V,E, p) be an ordered rooted finite tree with vertex set V, edge set E and root vertex p;
say |V| = n. Let vp,...,v,—1 denote the vertices of the tree visited in depth-first order, so that
vo = p. We can view T as a metric space by regarding all edges as line segments of length 1 that
are connected via the vertices. The distance dr between points a; and as on line segments [;

and [l respectively is then defined as the length of the unique non-self-intersecting path between
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a1 and ag that traverses the line segments of the tree. Denote (T, dr) by T.
We will define the height process and Lukasiewicz path of T. Both of these functions uniquely

characterize T. The height process of T, referred to as h, is defined as

i.e. for all i, h(i) equals the distance from v; to the root. Moreover, for all i = 1,...,n, let y;

be the number of children of v;_1, and set yg = 1. Then, the Lukasiewicz path of T is defined

by
s(i) = (y;— 1)
J<i
fori =0,...,n. Then, s(i) is the total number of younger siblings of v; and its ancestors. For a

sequence of ordered rooted finite trees, we define its height process by concatenating the height
processes of the trees in the sequence. The Lukasiewicz path is defined similarly.

We will study the law of the SCCs of a uniform directed graph with degree sequence
(Dy,...,Dy,), conditional on " D; = >", D by exploring the configuration model in
a depth-first manner. This sampling naturally gives rise to a directed subforest of the resulting
multigraph, which we call the out-forest. The sampling procedure is described in Algorithm 1,
and is also illustrated in Figure 3.6a. The definition of the out-forest is illustrated in Figure
3.6b.

The sampling procedure uses a queue of unpaired out-edges (represented by the label of their
corresponding vertex). When the queue is empty, we are at the start of a new out-component
and pick a new vertex w with probability proportional to its in-degree if there are vertices with
positive in-degree remaining. Else, we pick a new vertex uniformly at random. If the queue is
not empty, we pair the first out-edge in the queue to a uniform unpaired in-edge and call the
corresponding vertex w. In both cases, if w is not yet in the list of discovered vertices, we add
the out-edges from this vertex to the front of the queue of edges (this choice is what makes the
exploration depth-first) and add w to the list of discovered vertices. The order in which vertices
are added to the list of discovered vertices is referred to as their order of discovery.

This procedure will discover vertices with in-degree 0 last. This is fine since such vertices
form singleton SCCs, so we have discovered the non-trivial SCCs first.

At each step we also track two natural numbers §~ (k) and 87 (k). The first one, 8§~ (k) keeps

track of the number of unpaired in-edges of discovered vertices at time k. The second one,
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(a) The gray arrows represent unpaired out-half-edges of vertices that have been discovered. One by one,
in depth first order, these are paired to a uniform unpaired in-half-edge.

44 59 6

Unpaired out-edge
e True vertex

B Dummy vertex

(b) The out-forest is defined based on the exploration of the digraph. For each surplus edge, we add
a dummy leaf. The labels of the vertices correspond to the time step in the exploration at which the
vertex is added. The gray edges lead to vertices of which we do not know whether it is a dummy vertex,

and if not, what its degree is.

Fig. 3.6: Partial constructions of the configuration model and out-forest
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Data: A set of vertices V = {v1,...,v,} with degree pairs
(d=(v1),d"(v1)),. .., (d"(vn),d ¥ (vy)) satisfying S d~(v;) = > d*(vy)
VY < an empty ordered list of vertices // the list of discovered vertices;
Q < an empty ordered list of vertices // the queue;
(dinpaired (V1)s - -+ dppairea(Vn)) <= (@7 (v1),...,d"(vy)) // the number of unpaired
in-edges per vertex;
k<« 0 // the index of the current step ;
57«0 // the number of unpaired in-edges of discovered vertices;
§t <1 // the queue size minus the number of explored out-components ;
F + a directed forest with vertices V' and no edges // current out-forest;
M <+ a directed multigraph with vertices V' and no edges // current di-multigraph;
while there exist undiscovered vertices OR Q is non-empty do
if Q is empty then // we start a new out-component
if there exist undiscovered vertices with positive in-degree then
‘ w < a random vertex not in V chosen with prob. proportional to d~ (w) ;

else
| w < a uniformly random vertex not in V
end
T« 5t —1 // we have explored a component;
else
v < first entry in Q // we will pair an unpaired out-edge of wv;

remove first entry from Q ;
R A | // the queue size decreases by 1;
w < a random vertex chosen with prob. proportional to d;npair (W)

add (v,w) to M // we pair the out-edge of v with a uniform unpaired
in-edge;
w) < d

ljnpaired( w) -1
ST« 5 -1 // we have paired an in-edge;
if w € V then // we sampled a surplus edge
‘ add a dummy leaf to F' and an edge from v to the leaf;
else
‘ add (v,w) to F}

end

;npaired(

end

f w¢V then

append w to the end of V // vertex w is now discovered;

append d* (w) repeats of w to the start of Q;

§T + 5T + dt(w) // the queue size has increased;

§7« 5§ +d (w) // the number of unpaired in-edges of discovered
vertices has increased;

ot o

end
k+—k+1;
8+ &1
S, 85
end

Algorithm 1: The edge depth-first configuration model

99
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5T (k) is akin to a Lukasiewiscz path. At any given step it is equal to the size of the queue after
subtracting the number of fully explored out-components.

We also construct a directed forest for which §* (k) will be the true Lukasiewicz path. At
each step of the process we will examine a vertex w. If w has not been discovered yet then either
we are at the start of a new out-component, in which case we make w the root of the next out-
component, or we added an edge (v, w) to the multigraph with v already discovered, in which
case we add the edge (v, w) to the out-forest as well. If w has already been explored we cannot
add (v, w) to the out-forest without creating cycles or connecting two different components. We
instead add a dummy leaf to the out-forest and an edge from v to the dummy leaf. We call any
vertex that is not a dummy leaf a true verter. This is illustrated in Figure 3.6b.

Consider an edge (v, w) in the directed multigraph. If (v, w) is not in the out-forest we refer
to the edge as surplus. Such an edge will instead correspond to an edge (v,d) in the out-forest
where d is a dummy leaf.

An important motivation for studying the out-forest is the fact that the vertex set of any
SCC is contained in one of the components of the out-forest. This is a straightforward property
which we will prove below as part of Lemma 3.2.1. Moreover, we defined the out-forest in such
a way that every time step in the exploration corresponds to one vertex in the out-forest.

Our technique relies on dismissing surplus edges that cannot be part of a strongly connected
component (for example, surplus edges between two different out-components cannot form a
directed cycle and are never part of a strongly connected component). We define a necessary
condition for a surplus edge to be part of an SCC (see Definition 3.2.2 and Proposition 3.2.3),
and we call dummy leaves that correspond to surplus edges with this property candidates. Then,
we define a procedure to sample only the out-forest and the edges corresponding to candidates,
which allows us to find the SCCs.

A key fact is that the order in which the true vertices are discovered does not depend on
the positions of the dummy leaves. Similarly, the positions of the dummy leaves do not depend
on the position of the heads of the surplus edges. Finally, whether a dummy leaf is a candidate
does not depend on the position of the heads of the surplus edges. This allows us to define the

following step-by-step sampling procedure.
1. We sample the order of discovery of the true vertices.

2. We sample at which time steps we add a dummy leaf instead of a true vertex.
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3. For each dummy leaf we sample whether it is a candidate.
4. For each candidate we sample the position of the head of the corresponding surplus edge.

For an exact description of the sampling procedure, see Subsection 3.2.1. The analogous sam-
pling procedure for the limit object is described in Subsection 3.2.2.2. Then, our approach to

show convergence is as follows.

1. We find the limit under rescaling of the Lukasiewicz path and height process of the out-
forest up to time m, = ©(n?/3) conditional on the event {3F  D; =>"  Di}. This
is the content of Proposition 3.4.1. Note that we condition on an asymptotically singular
event, which causes significant difficulties. Our method relies on a measure change between
the sequence of degrees in order of discovery under this conditioning and a sequence of
ii.d. random variables in N x N. In Section 3.3 , we show the convergence of the measure

change under rescaling.

2. We establish that the positions of the tails of the surplus edges corresponding to the can-
didates converge. This is the content of Proposition 3.5.2, Lemma 3.5.4, and Proposition

3.5.5.

3. We show that the positions of the heads of the surplus edges corresponding to the candi-

dates converge, which is the content of Proposition 3.5.6.

4. We identify the tails and heads of the surplus edges corresponding to the candidates, and
recover the SCCs from the resulting digraph via a cutting procedure. We use a result
from [59] to show that the cutting procedure converges. This is summarised in Corollary

3.5.10.

5. We show that with high probability, there exists a simple graph with the degree sequence
that we sample and that the probability that the configuration model yields a simple graph
is asymptotically bounded away from 0. This is the content of Proposition 3.4.16. Then,
we show that conditioning on the resulting multigraph being simple does not affect the

sampling procedure on the time scale O(n2/ 3). This is the content of Proposition 3.4.17.

6. We prove that for any & > 0, with high probability, all SCCs with more than én'/3
edges are contained in the exploration up to time O(nQ/ 3). Therefore, we can choose my,

such that, with high probability, we do not miss any large SCCs by not considering the
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exploration beyond time m,, which finishes the proof of the convergence in the product

topology. This is the content of Lemma 3.5.11.

3.2 Sampling the MDM in the discrete and the continuum

If we forget about the directions of the edges in én(y), the resulting undirected graph is super-
critical, and, with high probability, the graph contains a unique giant component with surplus
going to infinity as n — oo (see e.g. [85, 86, 69] for a discussion of the phase transition in the
undirected configuration model). This suggests that if we do not dismiss a large amount of
edges, we will not be able to study the digraph in enough detail to find a metric space scaling
limit of the SCCs. Therefore, we will not try to sample the entire digraph, but focus on the
information that we need to find the SCCs. We start by studying the discrete digraph model,
with the goal of identifying which edges can be part of an SCC, and how to sample them. In
Subsection 3.2.1.1, we establish necessary conditions for an edge to be part of an SCC. These
conditions imply that we only need to study the out-forest, and the surplus edges corresponding
to a small subset of the dummy leaves. We call these dummy leaves candidates. In Subsections
3.2.1.2 and 3.2.1.3 we study the law of the out-forest and the surplus edges corresponding to the
candidates respectively, and we define a procedure to sample them both. This yields a sequence
of directed multigraphs with edge lengths in which the SCCs are embedded. In Subsection 3.2.2,
we define the continuous counterpart of the sampling procedure. The resulting object will be
the limit under rescaling of the sequence of directed multigraphs with edge lengths in which the

SCCs are embedded that was constructed in Subsections 3.2.1.2 and 3.2.1.3.

3.2.1 The discrete case

We will discuss the different type of edges that we can encounter in the exploration. Recall from
Subsection 3.1.7 that by slight abuse of terminology, we call the dummy leaf that corresponds

to a surplus edge its tail.

3.2.1.1 Necessary conditions for an edge to be part of an SCC

Amongst the surplus edges, ancestral surplus edges, which are surplus edges that point from
a vertex to one of its ancestors, play a special role. All other surplus edges are called non-

ancestral. This is illustrated in Figure 3.7a. In Figure 3.7b we show how surplus edges affect
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the structure of the SCCs. This is the content of the next lemma.

Lemma 3.2.1. The following facts hold for SCCs.

1. The vertices of an SCC are contained in precisely one of the components of the out-forest.

2. Ancestral surplus edges are always part of an SCC.

3. A non-ancestral surplus edge is part of an SCC only if its head is an ancestor of the tail

of a surplus edge that is part of an SCC.

4. An edge in the out-forest is part of an SCC only if its head is an ancestor of the tail of a

surplus edge that is part of an SCC.

5. For any non-trivial SCC, the first surplus edge of the SCC that is explored is an ancestral
surplus edge, and a component of the out-forest contains an SCC if and only if it contains

an ancestral surplus edge.

Proof. We start with 1. Let v and w be two vertices in the same SCC. Without loss of generality,
v is explored first in depth-first order in the out-direction. Since v and w are part of the same
SCC, we know that there is a path from v to w in the out-direction. This implies that w will
be part of the out-subtree consisting of the descendants of v. This implies that they are part
of the same component of the out-forest.

To prove 2, suppose there is an ancestral surplus edge from v to w. This implies that w is
an ancestor of v in an out-component, which implies that there is a path from w to v as well.
It follows that w and v are in the same SCC and that the ancestral surplus edge from v to w is
in this SCC as well.

To prove 3 and 4, suppose there is a non-ancestral surplus edge from v to w that is part of
an SCC, or that (v,w) is an edge in the out-forest that is part of an SCC. Then, there is some
directed path (z,...,zm) with g = w and x,, = v. Let k& be minimal such that xj is not a
descendant of w (such a k exists, because by assumption, v is not a descendant of w). Then,
(zk—1, k) is a surplus edge that is in the same SCC as v and w, and x;_1 is a descendant of w
by definition of k.

Finally, 2 and 3 imply 5. O

Lemma 3.2.1 motivates the following definition.
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® True vertex

B Dummy vertex
|

i Ancestral surplus edge
|

Non-ancestral surplus edge

(a) This figure illustrates an example of a depth-first exploration of two out-
components with the different type of surplus edges highlighted. The ancestral
surplus edges point from a vertex v to one of its ancestors. They are always part of

an SCC.

° ]
(b) The edges that are part of an SCC are depicted in black. Two vertices are in
the same SCC if and only if they are connected by black edges.

Fig. 3.7: We illustrate the different types of surplus edges and how they affect the structure
of the SCCs.
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Definition 3.2.2. A dummy vertex is a candidate if one of the following statements holds for

the surplus edge that it corresponds to.
e [t is an ancestral surplus edge, or
e [is head is the ancestor of a candidate.
The following proposition is at the core of our strategy to study the SCCs.

Proposition 3.2.3. Any edge that is part of an SCC is either a surplus edge corresponding to
a candidate, or is contained in the subforest of the out-forest that is spanned by the candidates

and the roots of the out-components.
Proof. This follows from Definition 3.2.2 and Lemma 3.2.1. O

Proposition 3.2.3 implies that to sample the SCCs, we do not need to sample the heads
corresponding to all dummy leaves. Instead, for every dummy leaf, we only need to know

whether it is a candidate, and if so, where its head is.

3.2.1.2 Sampling the out-forest

This subsection discusses how to obtain the out-forest conditional on the order in which the
vertices are discovered. We will study the law of the degrees in order of discovery in Section 3.3.
The out-forest is obtained in the following way. Let (]A)n,l, - ,]A)n,n) be the degree pairs in
order of discovery (i.e. the order given by V in Algorithm 1). Up to time-step k, suppose we

~

have discovered the first m < k < n elements of (]A)n’l, ..., Dyp). Then, at time k + 1,

1. If we have finished a component of the out-forest, let the next out-component have a root

with out-degree lA):{ 1
2. Otherwise,

(a) With probability proportional to the total in-degree of the undiscovered vertices, i.e.
> 11 ﬁ;i, let the next vertex in depth-first order be a true vertex with out-degree
Dyt

(b) With probability proportional to the number of unpaired in-half-edges of the m
discovered vertices, let the next vertex in depth-first order be a dummy leaf, and

reduce the total number of unpaired in-edges of the m discovered vertices by 1.
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We make this rigorous in the following proposition.

Proposition 3.2.4. Suppose that the sequence of degrees in order of discovery (f)n’l, e ,f)n,n)
is given. Suppose that after time-step k, there are still unpaired out-half-edges. Suppose that for
1 <1<k, that up to timel, Pn(l) surplus edges have been sampled. Then,

— Pn

(Sﬂl),@glgk) = Z D+ _L0<I<k

is the Lukasiewicz path of the out-forest up to time k. Moreover, for
(j:(l),1§l§k> = (min{g;f(m):Oﬁmgl},lglgk),

define
1-Pn(l)

(“;(1),1 glgk) = Z Dy, —1-Lr)+1,1<i<k
so that S;(k) 1s equal to the number of unpaired in-half-edges of discovered vertices at time k.

Then, the probability that we sample a surplus edge at the (k + 1)th time-step is given by

Sy (k) L
Zﬂﬂ D; —k— fﬁ[(k) +1 {L (k)=Lf (k—1)}

We do not need to know the position of the heads of the surplus edges in order to sample the

out-forest.

Proof. Note that if up to time k, Pn(k) surplus edges have been sampled, this implies that
k — P, (k) true vertices have been discovered. Thus, up to time k, the out-forest contains P, (k)
A+

dummy leaves, and true vertices with degrees (D:lr 1o-- ,Dn b (k)), so by definition of the

Lukasiewicz path, its value is indeed equal to 5’; (k) at time k. Moreover, up to time k, the
total in-degree of the discovered true vertices is equal to Zk lp (k) - s At every time-step, we
pair one in-half-edge of a discovered vertex, unless we start a new component. The value —f,f (k)
corresponds to the number of out-components that are fully explored up to time k, so the total
number of unpaired in-half-edges of discovered vertices at time k is equal to S (k). By the same
reasoning, the total number of unpaired in-half-edges is equal to Ek P"(k) —k—1 +(k:)

The probability of sampling a surplus edge at step (k+1) follows. We note that this probability

does not depend on the positions of the heads of the surplus edges, but only on their number,
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which implies that we can sample the out-forest without sampling the positions of the heads. [

3.2.1.3 Sampling the candidates

We will now study the law of the candidates and their heads conditional on the out-forest.
We will first identify the candidates amongst the dummy leaves, and then we will sample the
positions of their heads.

If the vertex discovered at time k is a dummy leaf, the head of the corresponding surplus
edge is a uniform pick from the S~ (k) unpaired in-half-edges of discovered vertices at time
k. Therefore, the probability that a dummy leaf added at time k corresponds to an ancestral
surplus edge is given by the number of unpaired in-edges on its path to the root divided by
S ~(k). This implies that to understand the law of the position of ancestral surplus edges, we
need to understand where the unpaired in-edges are.

We will study this by modifying the edge lengths in the out-forest. We extend our definitions
in Section 3.1.7 to trees with edge lengths as follows. Suppose T' = (V, E, p) is an ordered rooted
finite tree, and suppose we have a function ¢ : E — [0,00). Then, we can view T" as a metric
space by regarding an e as a line segment with length ¢(e). The distance dZT between points
a1 and a9 on line segments [; and [o respectively is then defined as the length of the unique
non-self-intersecting path between a; and ao that traverses the line segments of the tree, and
we denote the resulting metric space (7, dZT) by T¢, and call it a ordered rooted finite tree with

edge lengths. This gives rise to an alternative height process, referred to as h¢, which is defined

h'(i) = dip(vi, o),

i.e. for all 4, h’(i) equals the distance from v; to the root in T¢. We set the Lukasiewicz path of
T¢ equal to the Lukasiewicz path of T.

We will now study the positions of the unpaired in-edges by modifying the edge lengths as
follows: for a vertex v with in-degree m, the edges connecting it to its children will all have
length m — 1 (unless v is the root of an out-component, in which case the edges connecting
to its children will be assigned length m). The height of vertex w in this forest with modified
edge lengths corresponds to the number of in-half-edges that can be used to form an ancestral
surplus edge with tail w. We assign lengths to all edges in the out-forest and call the resulting

forest with edge lengths the out-forest with edge lengths. Denote the height process of the
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out-forest with edge lengths by (HY(k),k > 1). Recall from Lemma 3.2.1 that the surplus
edge corresponding to the first candidate in any component of the out-forest is ancestral. The
following proposition illustrates the importance of H? in finding the first ancestral surplus edges

in the out-components.

Proposition 3.2.5. Consider the exploration of the out-forest at time k. If no ancestral surplus
edge has been sampled in the current component, then the probability that the kth vertex in depth-

first order is a candidate is given by

S (k) (B (k)= P (k—1)=1}"

This event is conditionally independent of the positions of the heads of the surplus edges that

were found before time k, given that none of them were ancestral in the current component.

Proof. We claim that if no ancestral surplus edge has been sampled in the current component,
none of the ancestors of k£ are the head of a surplus edge. Indeed, for z an ancestor of k, all
vertices that are discovered since the discovery of x up to time k are descendants of x, because
the out-forest is explored in a depth-first manner. Therefore, any surplus edge with head x
sampled up to time k is ancestral. This implies that for d~ the in-degree of x, the number of
unpaired in-half-edges of x at time & is equal to d~ —1 (unless x is the root of the out-component,
in which case it has d~ unpaired in-half-edges).

Therefore, the number of unpaired in-half-edges corresponding to ancestors of k is equal to
H*(k). Moreover, note that, by definition of the dummy leaves, k is the tail of a surplus edge
if and only if k is a dummy leaf, i.e. if and only if P,(k) — P,(k — 1) = 1. In that case, the
probability that it connects to given unpaired in-half-edge of a discovered vertex is equal to
1/S- (k). The stated probability follows. The independence of the positions of the heads of

earlier surplus edges is immediate. ]

We now illustrate how to find the other candidates in a component of the out-forest.

Let Ty be a component of the out-forest with root g, + 1 and component size o,,. Suppose
the first ancestral surplus edge with vertices in T} corresponds to a dummy leaf V" € [gn +
2,gn + o). Let VI* < k < g,, + oy, and suppose the candidates found up to time k are given
by Vi*,...,V. Let T,:L’mk be the subtree of T, spanned by {g, + 1,V{",..., Vi k}, and let

0(T"™) be its total length with edge lengths as encoded by (H (i), € [gn + 1, gn + 0n))-
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Proposition 3.2.6. The probability that k is a candidate is given by

14 (T,?’mk> -m
T ok Rm-P-n=1)

Proof. Note that if k is a dummy leaf, it gets paired to a uniform pick from the S ~(k) as-yet
unpaired in-half-edges of discovered vertices. By Definition 3.2.2, in that case, k is a candidate
if and only if the head of its corresponding surplus edge is in 7, l? K Ohserve that ¢ (T : ’mk)
is equal to the number of in-half-edges of 7} that can be used to form surplus edges. By
the definition of a candidate, exactly m of those have been paired: one for each element in
{V{",...,V*}. This implies that ¢ (T:’mk) — m of the S~ (k) options will cause k to be a

candidate. O

Note that the probability that a dummy leaf is a candidate only depends on the out-forest
and the number of candidates that have been found in the component so far. The position of
the heads of the surplus edges corresponding to candidates can be found as follows.

Let T)! be a component of the out-forest with root g, + 1 and component size o;,. Suppose
its candidates are given by {V",.. .,V](}Ln}. Then, for 1 < i < N,, suppose the heads of the

surplus edges corresponding to Vi*,..., V" are given by W', ..., W/ ;| respectively.

Proposition 3.2.7. The in-half-edge that V;" gets paired to is a uniform pick from the

unpaired in-half-edges of T; n;imk that remain.

Proof. Given that V" is a candidate, its head will be in T(}ﬁmk. Then, the distribution follows.

O

Propositions 3.2.4, 3.2.5, 3.2.6, and 3.2.7 justify the following sampling procedure.
1. Sample the out-forest, and suppose it has N vertices.

2. Define a counting process (A, (k), k < N), with the probability of an increment at time &

given by
HE (K

=
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3. For i > 1, let X' = min{k : A,,(k) =i} be the time that the ith ancestral surplus edge is
sampled. For ¢ > 1, let G be the left endpoint of the excursion of S”;f above its running
infimum that encodes the out-component that contains the ith ancestral surplus edge,
and let ¥ be the length of this excursion, i.e.

G™ = min {k >1:SH(k) = min{8F(1): 1< Xi”}}

7

Zn:min{k‘z1:min{§:(l):lgG?—l—k}<min{§;(l):l§Xf}},

(2

so that for each ¢ > 1, the excursion (5’*(/{), kelG}+1,G} + Z?]) encodes the out-tree
containing X[*. For each (gn,0n) € {(G},X})}, let T be the tree in out-forest with root

gn + 1, and do the following.

(a) Set V{* = min{m > 1 : A,(m) = A,(gn) + 1}, and find the other candidates
{Vgr, .. .,V]Gn} according to the procedure described in the statement of Proposi-

tion 3.2.6.

(b) For the tails V{",...,Vy , sample their corresponding heads W7',..., W = respec-

tively according to the procedure described in the statement of Proposition 3.2.6.

(c) Let T™™k(g,) be the subtree of Ty spanned by {gn,+1, V", ..., Vi }. Then, quotient
it by the equivalence relation ~ which identifies V;"* and W;* for each 1 <1¢ < N, to

obtain a rooted metric space with surplus N,

Mg, =T""(g)/ ~ .

Then, all SCCs of C_jn(y) are sub-digraphs of {Mg?,i > 1}. Call the kernels of these SCCs,
ordered by decreasing size, (C;(n),i > 1), completed with an infinite repeat of £. Observe that
we may view Mg? as a finite rooted directed multigraph Mg? whose edges are endowed with
lengths. To be precise, in Mg?, let the vertex set consist of G} + 1, W* for ¢« < N,,, and the
branch points V;* A V" for i # j < N,,. Then, we obtain (C;(n),i > 1) by ordering the kernels
of the non-trivial SCCs in {Mg?,i > 1} by decreasing size, and completing the list with an

infinite repeat of £. See Figures 3.8a, 3.8b and 3.8c for an illustration of this procedure.
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(a) This is a subtree of an out-component spanned by the root of the out-
component and the candidates (v, ...,v7). Call the marked tree 7™,
The heads of the surplus edges corresponding to candidates are denoted

by (wi, ..., wr).

(b) Identifying v; with w; for i € [7] gives M.

. q+f®

) We find the SCCs that are contained in M.

Fig. 3.8: We illustrate the procedure to find the SCCs in a component of the out-forest after
finding the candidates. Taken from [59] with permission of the authors.
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3.2.2 The continuum case

We will now define the continuous counterpart of the sampling procedure of the out-forest and

the candidates. This is a modification of the procedure defined in Subsection 3.2.2 of [59].

3.2.2.1 R-trees and their encoding

The continuum analogue of discrete trees are given by R-trees. We give the basic definitions
here and refer the reader to the survey paper [76] for more details. An R-tree is a compact

metric space (T,d) such that for every a,b € T the following two properties hold:

1. There exists a unique isometry

iap : [0,d(a,b)] =T

such that i,4(0) = a and iq(d(a,b)) = b.

2. If ¢:[0,1] — 7 is any continuous map such that ¢(0) = a and ¢(1) = b then the image of

q is the same as the image of 4.

Let [a,b] denote the image of i, ;. This is the unique path between a and b.

R-trees are often encoded by continuous excursions which can be seen as a continuous
analogue of the height function of a tree. Let f : [0,0] — [0,00) be a continuous excursion,
meaning f is continuous, f(0) = f(o) = 0 and f(z) > 0 for all € (0,0). Using f we can define

a pseudo-metric

dy(z,y) = f(z)+ f(y) =2 min f(s).

s€zAy,zVy]

This allows us to define the quotient space

Tr = 10,0]/{ds = 0}.

The space 7; equipped with the metric dy is the R-tree encoded by the excursion f. Let
pr 1 [0,0] = T; be the natural projection function. Then 77 inherits a distinguished root vertex
p = p(0) = p(0).

A sequence of R-trees is referred to as an R-forest.
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3.2.2.2 The limit object

Let (B, t > 0) be a standard Brownian motion, and set

. _ )t
(Bt,tZ 0) — (Bt—w,tZ()).
20410

Remark 3.2.8. We note that the coefficient of the parabolic drift of B is negative. Indeed,
by definition of o_4 and v_, the sign of the parabolic drift is the same as the sign of p —
E[(D7)2D*], and we note that

-1

E(D")?D*] _ (E[D*D7]\* _E[(D")*D"]
E[D¥] _< E[D¥] ) - p

is the variance of D~ under the law of D size-biased by DT, which is positive. Hence E[DY(D™)?]/p >

1, and the claimed negativity follows.

Define the reflected process
(Rt > 0) = <Bt—inf{BS s gt},tg@) .

Then, it follows from the argument in Section 3.4 that (ﬁf%t,t > 0) is the height process
corresponding to an R-forest with Lukasiewicz path (O’+Bt, t> O). Call this forest the out-R-
forest.

Conditionally on R, let (4t > 0) be a Cox process of intensity

204+ +v_) -
e )
O+t

at time ¢. Then, for 7 in {1,2,...}, set X; = min{t: Ay = i}. For i in {1,2,...}, define

G; = inf {t >0: B = inf{Bs 15 < Xl}} and

Zi:inf{tZO:inf{Bs:sSGi+t}<inf{§s:s§Xi}},

so that for each 7 in {1,2,...}, (ﬁﬁm te|Gi,G; + ZJ) encodes the R-tree in the out-R-forest
that contains X;. For each element of {(G;,%;) : i = 1,2,...} we will sample the candidates
in the R-tree. Fix i, and set (g,0) = (G, %;). Let Vi = inf{s > 0: A(s) = A(g) + 1}, so that
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g < Vi < g+ o by definition of (g,0). Let 7, be the R-tree encoded by <%Rt,t €lg, 9+ J])

and let py : [g,9 + 0] = T, be the projection onto 7, given by the encoding. Set

2 .
1Al =sup{Rt,t e [g,g+a]},
0+

the height of Ty.
Suppose we have found candidates {Vi,...,V;,}. For V;, < s < g+ 0, let Tk be the subtree of
T, spanned by p, ({g, Vi, ..., Vi, s}), and let || be its total length. Then, let V;,11 be the

first arrival time of a Poisson process on [V,,, g + o] of intensity

o_4 +v_
72]Tsmk\ds.

If the process does not contain a point, let {Vi,...,V;,} be the candidates of 7, and set N = m.
Otherwise, we repeat the inductive step for {Vi,..., V;,+1}. If the induction does not terminate,
we set N = oo.

We show that P(N = oo) = 0, by adapting the argument in Subsection 3.2.2 of [59] to our

set-up. Indeed, note that V,,, < s < Vj,4; implies that |T™¥| < (m + 1)||7;||. Therefore,
p + P s g
P(N >9+ 1L Vi —Vin < t|N > g) < P(Eerl < t)7

for (Eg, k > 1) a sequence of exponential random variables with respective rates

o_4 tv_
u2

k[ Tg]l-
Then,

(o.)
P(N =00) =P(N =0 and sup{V;: i € N} < g+ o) §P<2Ek §g+U—V1) .
i=2
However, > "2, Ej, = o0 a.s., because the harmonic series diverges, so, indeed, P (N < co0) = 1.
Finally, for 1 < ¢ < N, let the head corresponding to V;, which we call W;, be a uniform pick
from the length measure on T‘r}?k.
Let T™%(g) be the subtree of 79 spanned by {g,Vi,...,Vy}. Then quotient T™%(g) by the

equivalence relation ~ which identifies V; and W; for each 1 < i < N to obtain a rooted metric
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space

My =T (g)/ ~ .

View M, as an element of G in the natural way. To be precise, let the vertex set of M;
consist of g, W; for i« < N, and the branch points V; A V; for ¢ # j < N. The directions
are inherited from 7%, by considering all edges directed away from the root. Remove all edges
that do not lie in an SCC of M, and delete any isolated vertices that are thus created. Then,
apply the smoothing operation as defined in Subsection 3.1.4. This creates a collection C,4
of strongly connected MDMs. Doing this for each (g,0) € {[G;, X;]} yields the collection of

strongly connected MDMs C that has the law of the limit in Theorem 3.1.1.

3.2.2.3 Properties of the limit object

We note that the limit object is encoded by 3 parameters: the out-R-forest is encoded by a
Brownian motion with variance 0% and parabolic drift with coefficient —(o_4 +v_)/(2u), and
the identifications are a Cox process with intensity (o4 + v_)/u? on the length measure of
the subtree spanned by the previously found candidates and the currently explored vertex as
described in Subsection 3.2.2.2. The limit object that is studied in [59] corresponding to A = 0
(i.e. at criticality) is equal to our limit object in the case 0% =1, —(o_4 +v_)/(2u) = —1/2,
and (0_y + v_)/(u?) = 1. Note that these three conditions are satisfied if we let D~ and
D~ be independent Poisson(1) random variables. In [59], some properties of the limit object
corresponding to these specific parameters are shown. A quick check shows that the proofs do
not depend on the values of the parameters, so we deduce that the same properties also hold

for our limit object. Let M := g, Mg;-

Proposition 3.2.9. 1. The number of complex connected components of M has finite ex-

pectation.
2. The number of loops of M is a.s. infinite.
Proposition 3.2.10. The SCCs of M all have different lengths almost surely.

Write C for the SCCs of M and C; for those of M;, in decreasing order of length, with M; as
defined in Subsection 3.2.2.2. Write Cpix for the list of complex components of C in decreasing
order of length. For sequences (Kji,...,Kj;) and (Ji,...,J;) of directed multigraphs, write

(Ji,...,Jx) = (Ky,...,Kj) if j = k and J; is isomorphic to K; for each ¢ < j. Extend this
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notation naturally to the case where one or both of the sequences has edge lengths by ignoring

the edge lengths.

Theorem 3.2.11. Let K, ..., K; be a finite sequence consisting of 3-reqular strongly connected

directed multigraphs or loops. We have
PlC = (Ky,...,Kj)] > 0.
Assuming that K, ..., K; are all complex, we also have that
PCepiz = (K1, ..., Kj)] > 0.

Let (e;,1 < i < M) be an arbitrary ordering of the edges of K1,...,K;. Then, conditionally on
C=(Ky,...,Kj), (resp. Cepiz = (K1, ..., Kj)), C (resp. Cepiz) gives lengths (£(e;),1 <i < M)

to these edges, and their joint distribution has full support in

x=(z1,..,ay) ERY:VI<i<j—1, > am>= Y
k:ekGE(Ki) k‘:ekeE(KiJrl)

3.3 Analysis of the measure change

Recall (]A)njl, ]jmg, ..., Dy ) are are the degree pairs of the vertices in order of discovery, and
that R, is the number of vertices with positive in-degree. The behaviour of the ]jmn for
m < R, and m > R, is rather different. Before R,,, new vertices are discovered with probability
proportional to their in-degree. After R,, all vertices with positive in-degree have already been
discovered and we choose to explore the remaining vertices in some uniform order.

Later in Section 3.5, we show that we only need to consider timescales of the order of
m = ©(n*3). Let p = P(D~ > 0) such that R, is distributed as a Binomial(n,p) random

variable. We show now that the probability that m < R,, will converge exponentially to 1.
Lemma 3.3.1. If m = ©(n?/3) then there exists ¢ > 0 such that P(R,, < m) < e,

Proof. If m = ©(n?*/?) then E[R,] — m = pn —m = ©(n). Thus by Hoeffding’s inequality
P(R, < m) =P (E[Rn] — Ry > E[Rp] — m) < ¢ nElRn]l=m)? o o—en

for some ¢ > 0. O
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Hence it is sensible to prove results on the event that m < R,,.

When discussing the criticality condition, we gave heuristics showing that the limiting dis-
tribution of Dml is given by Z where

P(Z~ =k~ 2% = k") = " B(D~ = k=, D" = k).
I

Similarly, D, 2 is also approximately distributed like Z for large n, and so on. In this section

we in fact prove a precise relation between ]A)n’l7 ..., Dym and the sequence Z1,Zo, ... of i.i.d.

copies of Z.

The results proved in this section do not actually require the criticality condition, so let us

define notation for the mean of the ZZ»jE and the two corresponding centered random walks. Let
A =E[Zf] and VE(m) = Y0, (ZF - ).

The criticality condition is then equivalent to assuming Ay = 1. We also define the notation

[1]

—n —n

n

+ _ + = —+

n—m = Z D;- and A, = -
i=m—+1

such that {A,, = 0} is the event that the total out-degree is equal to the total in-degree.

n

The following lemma asserts the existence of the measure change ¢,

and its joint scaling

limit with the random walks V'~ and V+ when m = |n*3T| for some T > 0.

Proposition 3.3.2. For all positive integers n and m such that m < n, there exists a function

o - (N x N)™ — [0,00) such that
E[u(Dnt. o, D) 1{ R = m}| Ay = 0] = E[u(Za, ., Zon) (B, -, Zon)]
for all bounded test functions u : (N x N)™ — R. Define

S(n,m) = o (Zy, ..., 2Zy).

Further, let (W=, W) be a pair of correlated standard Brownian motions with correlation
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Corr(Zy, Z{) and, for T > 0, define

T 2
o_ g

®(T) = exp (/ des—T?’).
) ©Jo 62

Then for all T > 0,

((I)(n, Ln2/3TJ)7 (n_l/SV_ <Ln2/3ﬂ> ,n_1/3V+ ( Z/St >>te OT])

LON _
— (®(T), (0- Wi, o4 Wi )epo,r)
in R x D([0, T],R?) as n — oo, even in the absence of the criticality condition.

The rest of this section is dedicated to proving this proposition.

3.3.1 Exact form of the measure change

To determine the exact form of the measure change, we first need to know the law of the
ordering of the first R, vertices. Let Z,, = {i € [n| : D;” > 0}. The first R,, vertices we explore
in Algorithm 1 will have positive in-degree, thus there exists a random bijection ¥, : [R,,] — Z,

such that D,, i =Dy, fori=1,..., Ry

Lemma 3.3.3. X, has law

P(X, =0 |Dy,...,D,) = ‘”_
Hsmln

for all bijections o : [Ry,] — I,.

Proof. In Algorithm 1, a vertex first becomes explored in two ways. Either it is at the start of

an out-component or it is discovered when an out-half-edge is paired to one its in-half-edges.

Suppose we have explored m vertices and m < R,,. If the next vertex is explored by pairing
one of its in-half-edges, then we have chosen it with probability proportional to its in-degree
since in- and out-half-edges are paired uniformly at random. Otherwise, it is at the start of a
new out-component, and since m < R,, there are still vertices of positive in-degree. Thus we

still pick a new vertex with probability proportional to its in-degree.
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Therefore in all cases,

PX,im+1)=0c(m+1)|2,(1) =0(1),...,3,(m) =c(m),D1q,...,Dy,)
D;(m-i-l) D)
ZzEIn Z] 1 Di mem+1 D;(j)

From this, repeated applications of the definition of conditional probability yields the desired

result. O

Next we establish the form of the measure change when we condition on the exact value of

R, but not A, =0.

Lemma 3.3.4. For all integers 0 < r < n and test functions u: (N x N)" x N - R,

E [u (]A)ml, A 7]f)n7T?ZieIfl Dj) ‘Rn = T‘:| =E [U (Zh .. ZT’Z” TE+) ¢T(Z17- ) .’ZT)}

where
1y (r—i+1)p
boller, k) = ] e
P Z] ik
and ET,E;,... are i.1.d. random variables such that E:' has the same distribution as DT

conditioned on D~ = 0. We take the sequences (Ej)izl and (Z;);>1 to be independent.

Proof. For any ky,...,k,, € Nt x N for all 4 and s € N.

P (15”,1 =ki,....Duy =k, Yoz D = 5, Ry = 7«)

=3 > P(Ds.)=ki D) = ke Siegy Df = 5,70 = L5, = 0)

IC[n] o:[r]—T1
[I|=r

where the second summation is taken over all bijections o : [r] — I. We examine a single

summand.

P(Dzn(l):kl,...,DEn(r K, Yieze DF = 8,70 =1, Zn—a)

:P(Da(j):k-forjzl T Y ere Df =8,D7 =0fori el %, =o0)
T

_HZ 7><H>\k X P (Yere D =s,D;7 =0foriel).

31] =1
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where Ay = P(D; = k). We have

P(Xiere D =5, Dy =0foriel?) = (1—p)" P (L B =s).

Also
H ke [T - H H
D=k i i=1 > =ik
=P(Z, =ky,...,Z xH
> =ik
Therefore
P (f)m1 =ki,....Duy = ke, Yiege Dif = 5, Ry = r)
n . /-L n—r n— T +
:()XT!XHT_X(I—p) xP(Zy=ki,...,2Z, =k, > | E =)
" i1 22=i K
n _ 14 (r—i+1p n—r ot _
=(")pra-prrx =[P (2 =ky,.... Z, =k, E; .
(7“) ( ) Pt ik (21 ! 2=t 5)
Finally dividing by P(R, =) = (7)p"(1 — p) gives the desired measure change O

Using the previous lemma we can prove existence and give the exact form of the desired

measure change ¢,.

Lemma 3.3.5. For all m < n and test functions u: (N x N)™ — R,

E [u (15,171,...,15%”1) 1{R, > m} ‘ A, = o} —E[u(Zi,..., %) (2, .. Zon)]

ok, ... ky) =——=E

“ n—2+1
TSA,m= .
=S 0 I 2|
Proof. By Lemma 3.3.4, for all r > m

E [u <f)n,1, e f)n,m> 1{A, =0} } R, = r}

T

:E[u(zl,...,zm)n{z " —Z) - ZE+_0}1ﬁW

-
=1 pi:l
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T

1 {4 (r—i+1p
u(Zl,...,Zm)E[ﬂ{Z - —Zh ZE+ }pr L7

=1

=K

“E[u(Zi,..., L) "2, .. L),

where

n{i " —Z) - ZE+ Z k;)}x

i=m-+1 i=1

1=m+1

11{72 - Z) - ZE+ Z k:i)}x

=1 =1

Lﬁ (r—i+1)p H (r—=m—i+1)p
S DOBLAES Wi Zp?"m 07,

iﬁ (r—i+1u H (r—i+1
p z:lz ik +Z] mi1 %5 pr " Zj:@ ZJ
m

since (Z;);_,,,, has the same law as (Z;);_;". Then applying Lemma 3.3.4 again shows that

r—m
+ -
(k17"'? Z n—m,i nmz Z D Z kz) X
=1 €Ly =1
(r—i+1
mH m rr)nlu— Rn_m:r—m].
Conditional on R,,_,, = r — m, we have
rT—m r—m
Dy = Do) = 22 Df = Bnm and Z nem = S
J=1 i€z, =1
Therefore,
- —i+1)
’Y?’m(klw--, m — mH m — /_L ]]-An Rn,m:T‘—m )
] zk] Sn—m
where
m
An(ky, .. k) = {An_m => (k- k;)} :
i=1
Hence,

E [u (ﬁn,l,...,ﬁn,m) 1{R, > m, A, = 0}] ~E [u(zl,...,zm) O (Zi, ... Zm)]
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—i+1)u
H 1,
m
m J%kj + =

— n ) l+m n—m-—I 1 (l +m — i+ 1)/‘
= p"(1—=p) E [m [ ]1A
0<l+m p z‘:1ZJsz + S

R, m=r-— m]

R = l] |

o~
Il

We wish to view the sum as an expectation over R, _,,. In order to do this, we rewrite the
expression so that we are taking a sum over the probabilities of a Binomial(n—m, p) distribution.

We can calculate

(L)@ —pyrmst ﬁ (n—i+1)
("M —p)n—m—l ST i+m—it 1)
Therefore,
or(ki, o k) = > ( )pl(l p)" "R [H m 11 | Ra m_z]
=1 ! i=1 Z] i k] T =
o (n—i+ 1)u
=E |E|[[ = T4, | Rum
[ i=1 Z] =i k] T =n
o (n—i+ 1)u ]
=E|[] == TLa,
[z:l Z] =i k] T =
Finally, dividing by P(A,, = 0) yields the desired form of ¢,. O

3.3.2 Asymptotic lower bound on the measure change

Recall that our goal in Proposition 3.3.2 is to determine the limiting distribution of
S(n,m) = o (Z1, ..., 2Zn),

as n — oo, in the regime where m = ©(n?/3). When dealing with convergence in distribution,
it is suffcient and necessary to work on a sequence of events occuring with high probability. In

particular, for the proof of Proposition 3.3.2, we work on the event &,, where

77’I?"L

Sm:{ max ‘Z] 1 -2 )| < 1/Qlog( )

i=1,....m

and  max ZJ 1( -2 < 1ﬂlog(m)}.
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This says that the centered random walks corresponding to ZZ-+ and Z,” both do not deviate
by more than m!/? log(m) in the first m steps. The conditions in Section 3.1.3 ensure each Zj
and Z; has finite variance, thus this event will occur with high probability.

The following lemma is an analogue of Conchon-Kerjan and Goldschmidt [37, Lemma 6.7].
In it we prove a deterministic lower bound on ¢}, (ki,..., k), for all ki, ..., k,, corresponding

to the event &,,, up to an error which vanishes as n — oc.

Proposition 3.3.6. Define

sT(1) = X5 (k5 = A).

Suppose that k1, ..., Kk, are such that

_max |s7(1)] < m2 log(m) and max |sT(i)| < m2 log(m) (3.1)

Then in the regime m = ©(n*?), as n — oo,

1 — o_ m3
Om(ki, ... km) > exp <lm ;(3_@ -5 (m)) - 6u2n2> +o(1),
where the o(1) error term is independent of k1, ..., Kk, satisfying the assumption in Eq. (3.1).

The fact that we only prove a lower bound may seem strange at first. To understand why
this is sufficient, first note that all measure changes are non-negative random variables and have
expectation 1. Hence if the sequence of lower bounds on the measure changes converge to a
limit that also has expectation 1, then we have not have lost a significant amount of probability
mass. It follows that the measure changes converge to the same limit as the lower bounds. This
is made formal by Conchon-Kerjan and Goldschmidt [37, Lemma 4.8]. In Proposition 3.3.2 we
are considering the joint convergence of the measure change with two other random walks, and
thus we adapt [37, Lemma 4.8] to allow for an additional coordinate that is converging jointly

with the first coordinate.

Lemma 3.3.7. Let (X, Yy, Zy)n>1 be a sequence of [0, 00) X [0, 00) X S-valued random variables
where S is a metric space. Suppose there exists a [0, 00) X S-valued random variable (Y, Z) such

that the following holds:
1. (Yo, Zy) ), (Y,Z) as n — oo.

2. Xn 2 Y, almost surely for all n.
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3. E[Xy,] =1 for alln and E[Y] = 1.

Then (X, Zn) ), (Y, Z) also. Moreover (Xy,)n>1 is a sequence of uniformly integrable random

variables.

The proof of this lemma is obtained by simply adding the corresponding Z,, or Z coordinate

to quantities in the proof of [37, Lemma 4.8] and so we will not repeat it here.

3.3.2.1 Discrete local limit theorem

To prove Proposition 3.3.6, we first need to understand the denominator of ¢;,, which, as given
by Lemma 3.3.5, is P(A,, = 0). The random variable A,, is a sum of independent integer-valued
random variables and the asymptotic behaviour of such a sum being equal to some value is
described by the discrete local limit theorem. Such a theorem was first proven by Gnedenko
[57]. Here we borrow the presentation from Durrett [52, Section 3.5].

2

Let X1, Xo,... beii.d. integer-valued random variables with mean p and finite variance o*.

Then, by the central limit theorem,

2icy Xi —np

@
— N(0,1
N ©.1)

as n — oo. Thus we expect > 1 | X; to be distributed like a N(nu,no?) random variable for
large values of n. Therefore the probability mass function of > ;" ; X; should be well approxi-

mated by the probability density function of a N(nu,no?) distribution, i.e.

(e 2
P(X0, Xi = 5) ~ Syt exp (5400

for all integers s. Specifically we hope that

n —(s—np)? —
ilelg ED(Zi:l Xi = S) B \/27:7102 eXp ( (2n02ﬂ) )‘ = O(n 1/2)- (32)

This, however, is not always the case. Suppose, for example, that each X; is almost surely

even such that P (> | X; = s) = 0 for all odd s. Let s, be the closest odd integer to np. Then

2
Ny ) 1 —(s=np)? ) SR S (ol Gl 72) i WPV
ilelg ]P( Zz:l Xi S) V2rno? xp < 2no? ) T V2mno? P 2no? On ):

Fortunately this kind of periodic behaviour can be mitigated by normalizing the random
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variables. A one-dimensional random variable X is lattice if it is not almost surely constant,
and there exists A > 0 and ¢ € R such that X € ¢+ hZ almost surely. The largest such A is
called the span of X. For example, if X is almost surely even then X has span at least 2. If
X is lattice with span h and c is in the support of X, then the affine transform %(X —¢) is an

integer-valued random variable with span 1, for which it can be shown that the approximation

in Eq. (3.2) does hold. This gives us the discrete local limit theorem:

Theorem 3.3.8 (Discrete local limit theorem). Let X1, Xo, ... be i.i.d. R-valued lattice random

variables with span h and fix arbitrary ¢ € supp(X1). Then

"X, =s) — D LW)‘ _ (—1/2
SESLICIEhZ‘P( Zi:l Xi = 8) V2rno? exp < 2no? - O(TL )
Remark 3.3.9. For each sequence of integers (Sp)n>1 such that |s, — np| = w(nl/?), we have

that

1 —(Sp —nu 2 _
T () o0

Hence the discrete local limit theorem (Theorem 3.3.8) tells you only that P (D1 | X; = s,) =

o(n_l/z); it gives no precise characterization of the leading order term.

While this remark will be important later, here A, is centered and we are interested in the
probability P(A,, = 0). In addition, the strong aperiodicity condition in Section 3.1.3 tells us
exactly that the D™ — D™ is lattice with span 1. Thus the following is a direct corollary of the

discrete local limit theorem (Theorem 3.3.8).

Corollary 3.3.10. We have

as n — oo, where o is the variance of D~ — D™,

Remark 3.3.11. The exact value of o2 is not important for the asymptotic behaviour of ¢,

because we show later that it will cancel with a term in the numerator of ¢,.
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3.3.2.2 Exponential Tilting

Next we turn to the numerator of ¢7},. By Lemma 3.3.5, this is given by

E

“ mn—i+1)u
n{An_m:Z }H o j;u ] (3.3)

i=1 ]’LJ

For convenience, let A,, denote the event in the indicator function, i.e.

A, = {An—m = i(k:r - kz)}

=1

When the ki, ...k, satisfy the condition in Eq. (3.1), we face two problems in evaluating the

expectation in Eq. (3.3).

The first problem concerns the event A,,. To evaluate the expectation we need to understand
the asymptotic probability of this event. Unfortunately a naive application of the discrete local

limit theorem will not work in this case, as we now explain. Firstly, note that

m

S (k= k) = 57 (m) — st (m) + (As — A)m.

i=1

We have that
A = A =E[Z” = Z%] = lE[D" D" — (D7)

which is, in general, non-zero. Then m = @(n2/3) whereas, if ky, ..., k, satisfy Eq. (3.1), s~ (m)
and st (m) are both of order O(n'/3logn). Therefore

m

> (k7 — k) =)

=1

In contrast, A, _,, is centered, so A, is looking at the event that A,,_,, takes a value at distance
©(n?/?) away from its mean. As stated in Remark 3.3.9, the discrete local limit theorem provides

no useful information in this regime.

The second problem is that even in absence of the indicator function, the expectation being
evaluated in Eq. (3.3) is not dictated by the typical fluctuations of the random variables =,

—m*

In other words, it is not the case that

T (n—i+Dp (n—i+1)u
E 3.4
Derare| Ui vese @4
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It turns out that both of these issues can be addressed by introducing a sequence of expo-
nentially tilted measures. The first effect of the exponentially tilted measures will be to shift
the mean of A,_,, in such a way that, after the tilting, the event A,, concerns only a typical
deviation of A,_,, which can be addressed by a local limit theorem. The second effect is that
the expectation being evaluated in Eq. (3.3) will be dictated by the typical fluctations of =, _

under the tilted measure.

The next result defines this tilt and then gives asymptotic expansions for cumulant gener-

ating function of D™, the mean of D~ and the mean of DT under this tilting.

Lemma 3.3.12. Define an measure Py, for 6 > 0, by its Radon—Nikodym derivative

dPy _ B —oD-
p = XP (0D~ — «(6)) where «(f) =logE [e } .

Then as 0 | 0 we have

a(0) = —pb + 3 Var(D7)0? — LE [(D™ — p)*] 6% + o(6?),
Eg[D™] = pn — Var(D )0 + O(6?),

and E¢[DT] = p — Cov(D™, D)0+ O(6?).

Proof. Since E [|D_|3] < oo and D~ is non-negative, by the dominated convergence theorem
E[(D7)}exp(—0D7)] =E[(D7)*] +o(1) (3.5)

as 0 | 0. Integrating Eq. (3.5) with respect to 6 and applying Fubini’s theorem to exchange the

order of the expectation and integral gives

% 0
E [/ (D™ )2e0'P” de/] =E [/ {(D7)*+0(1)}d0'| =E [(D7)*] 0+ 0(6).
0 0
Evaluating the integral with respect to 6’ on the left hand side and rearranging gives that

E [(D—)Qe—‘”f] =E[(D7)?] —E[(D7)*] 0 + o(6).
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Repeating this method yields

E D7 | =~ E[(D7)?] 0.+ JE [(D7)*] 62 + 0(6%), (3.6)

and E [e—eD*} =1—pb+ SE[(D7)2] 62— LE[(D7)%] 6% + o(67). (3.7)
Similarly integrating the equation
E[(D7)?Dt exp(—0D7)] =E [(D™)*D"] +0o(1)

twice gives

E [D+e—9D’} = b —E[D"D¥] 0+ LE[(D7)2DV] 62 + 0(6?). (3.8)

Eq. (3.7) gives the small-f expansion of the normalising constant of the measure change. Com-
bining this with Eq. (3.6) and Eq. (3.8) yields the expansions for Ey[D~] and E¢[D*] respec-
tively. Taking the logarithm of Eq. (3.7) gives the expansion of the cumulant generating function

a(f). O

To achieve the recentering of A, _,, we desire, let us define a sequence of tilted measures P,

defined by their Radon—Nikodym derivative

dP —
— =exp (—0n2,_,, — (n —m)a(by)), (3.9)
dP

where 0,, = ZL"—n This factorises and so Dy, ..., D, remain i.i.d. under this tilting, each having

the law of D under Py, . Applying Lemma 3.3.12, we can compute that
En[An—m] =m(Ar —A) +0(n'/?).
Hence,

Sy (k= k) = En[Anom] = s7(m) = sT(m) + [m(As = A2) = En[Ap)]

= O(n'?logn),

which is within the O(nl/ 2) range from the mean required for a typical deviation. This justifies

m

our choice of 8,, = 2*.
un
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3.3.2.3 Expansion of the numerator

Remarkably the same tilting to apply the local limit theorem also correctly recenters =, _, .

such that the expectation in Eq. (3.3) is dominated by the typical behaviour of = under P,,.

Using Lemma 3.3.12, we have that

En[Z. ] = pn— A_m+ O(n'/?)

n m]
under the tilting. Thus we will expand the numerator under the event
B, = {]E;,m — un+ A_m| < n!/? log(n)} .

This event is saying that =, is at ‘typical fluctations’ from its tilted mean. The next lemma

then expands the numerator of ¢, on the event B5,,.

Lemma 3.3.13. We have that

(n—i+1)u I & _ o_ m3
ﬂAntnH s iu ]:{GXP (WZ(S (i) —s (m))—fmgng> +0(1)}

P, (A, N By)

where the o(1) term is bounded independently of ky, . .., Ky, satisfying the assumption in Eq. (3.1)

on page 123.

Proof. Firstly,

m

Z«I:[l E;(nnl;zj —:_ i)/i = exp(X,, — Yp),
where )
X, = glog (1 1= 1) and Y, = gbg <Zj:i ki; E;_m> |
Note that
Sy = s (m) =~ 1)+ (m— i+ DA
j=i

For convenience, define
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such that B = {|Q;| < n'/?logn}. Then we have

Y, =) log (S(m) —s (=D (moit DA Q) Fpn - Am)
1=1 Hn

m
— Z log (14 Aipn + Bin)
=1

where
Ain= {0 [ (-1 —s (m]}, Bin=—""(i—1).
5 MTL n ) )
Then on the event B,

‘max |A;,| =0(mn Y?logn) and max |B;,| = O(n=1/3).

i=1,....m i=1,....m

where the O bounds are uniform for ki, ...,k,, satifying Eq. (3.1). There are m = O(n?/3)
terms in the summation. Thus to keep all terms of order (1), we keep terms of order Q(n=2/3),
uniformly in ¢, when expanding log(1 + A;,, + B; ). The only such terms are A;,, B;, and

2
B;,,. Moreover,

= A_m? “ 5 A2 m?
ZBZ,TL = —57 + 0(1) and Z(Bz’n) 3711/62? + (1)
i=1 i=1
Therefore,
m
Yo = (Ain+Bin—1B7,)+o(1)
i=1
1 — m A_m? A2 m3

- (i) — s~ - = = 1

Similarly we can expand X,, as

m?  m3

X, =1L
2n  6n2

+o(1).
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Thus,

m

(n—i+1)p
ﬂAntnH m -
i=1 Z] zk] T =

—exp (1 S (5 (0) — s~ (m)) — o A

2
pn = un 2u n 61 n?

In addition, using Lemma 3.3.12, the measure change can be expanded as

dp, m_ . (A —p)m? (A —-p)md o m?
Cn_oyp (=P A mm” e Z ) 0o ).
dP exp( nt 20 n + 6u2  n? + 62 n? +oll)
Hence,
(n—i+1)p
E 14,08, H s ]
] Zk] +=,_
(n—i+1)p
=E, 1
e st 2
=E, |1 e N Zm:(s*(z) — s (m)) — a—_m—?) +o(1)
=L | LA,nB, €Xp jin 642 n2
e (L 360 s m) - T3 ) o) | Baln 1B
=< exp i 2 s (i) — s (m 62 n? 0 n(An N By,
as required. O

3.3.2.4 Multivariate Local Limit Theorem

To complete the proof of Proposition 3.3.6 we need to understand the asymptotic behaviour
of P,(A, N B,). Recall an effect of the tilting was to center A, _,, in such a way that the

probability of the event

An = { Do = 300 (K —k;)}

can be addressed by the local limit theorem. However, due to the tilting, P,, changes with n.
In effect, A, under P, has the same distribution as > " X, ; where (X, ;)" has the same
joint distribution as (D, — Dj')?:l under P,,. Then X, 1,..., X, , are i.i.d. but the distribution
of X1 can change with n. A collection of random variables (X, 1,..., Xn )02 satisfying this

property is a row-wise i.i.d. triangular array. Thus we require a generalisation of the discrete
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local limit theorem which can deal with such arrays. In addition, to deal with the event
B, = {‘E;_m — pn + A,m’ < nl/? logn} )

we will prove a multivariate local limit theorem applicable to (A, _,,Z,,_,,) under P,, and then
sum over the possible values of = .
Before we state the result we use, we first define some terminology regarding lattices in R

A set of points in R is a lattice if there exists a basis ai,...,aq of R? such that
A= {22121”1&7;17% EZforizl,...,d}.

We say A is generated by ai,...,ay. We can summarise the basis by a n x n matrix A whose
columns are ap,...,a,. In other words A4;; = agi). The choice of basis generating a lattice is
not unique, and the following lemma adapted from [95, Corollary 4.3a] characterises when two

basis generate the same lattice.

Lemma 3.3.14. Let A and B be n X n matrices of full rank. Then the columns of A and B
generate the same lattice if and only if there exists a matriz U such that U has integer entries,

det(U) = +1 and A=UB.

Therefore we can define det(A) to be |det(A)| for any matrix A whose columns generate A,
and this definition is independent of the choice of A.
For integer lattices, we can obtain a canonical choice of the basis generating the lattice. We

say a d X d matrix A is in Hermite normal form if A is lower triangular with entries

ai,1 0
A=
ad1 -+ Qdd
satisfying
1. a;; is a non-negative integer for all i =1,...,d and j > 1,

2. a;;>0forallt=1,...,d, and

3. Qi < Qg for all j > 1.
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Then the following lemma, adapted from [34, Corollary 1], gives existence of a canonical choice

of basis generating an integer lattice.

Lemma 3.3.15. Suppose A C Z% is an integer lattice. Then there exists a d x d matriz A in

Hermite normal form such that the columns of A form a basis which generates A.

An R%valued random variable X is non-degenerate if it is not supported on an affine hyper-
plane of R%. X is lattice if it is non-degenerate and supported on a translation of a lattice. To
avoid dealing with translations, it is convenient to work with the symmetrisation of X. This is
the random variable X* = X; — Xy where X; and X5 are independent copies of X. For each
lattice A, X is supported on a translation of A if and only if X* is supported on A without
translation.

If X is lattice, the main lattice A(X) of X is the intersection of all lattices containing the

support of X*. This is in itself a lattice, and is explicitly given by
o0
A(X) = U {Zle nix; :n; € Z and x} € supp(X*) fori=1,... ,k:} .
k=1

It will turn out that if X is an R%valued lattice random variable with main lattice A, then
det(A) can be seen as a generalisation of the span of an R-valued random variable.

To deal with the triangular array, we recall the exponential tilt is given by

dP,

di}P’ = exp(—@nE;_m — (n - m)a(en))

where 6,, = Nﬂn Since 6,, — 0, the distribution of D; under P, is converging to that of D; under

P as n — oo. This allows us to ignore the tilting in the limit.

Theorem 3.3.16. For each n > 1 let X,, be an R% valued random variable and

Xn,lpxn,% v ann

)

be i.i.d. copies of X,,. Assume that the following holds:
1. There exists a random variable X such that X, —@—> X asn — oco.

2. (|IXnll?)n>1 is a uniformly integrable sequence of random variables. Explicitly

Jim supE | [*2 {|IXa]” > L}] = 0. (3.10)
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3. For alln, X,, and X are lattice with common main lattice A.

Then X has finite second moment. Further, for each n let c, be an arbitrary element in the

support of Yy Xpi. Then uniformly fory € c, + A,
IP’( S Xy = y) =n"2det(A)f (xu(y)) + 0 (n_d/Q) where  xp(y) = w\ﬁgx"]
and f is the density of a N(0,Cov(X)) distribution. This means that

lim  sup ’nd/z}P’< S X = y) — det(A) f(xa(¥))] = 0.
N0 yecn+A

We defer the proof of this to Section 3.7 in the appendix, and instead make a few remarks.

Firstly X is assumed to be lattice and thus non-degenerate. Hence Cov(X) is invertible, ensuring

N(0,Cov(X)) has a valid density f, which is explicitly given by

1 1
X) = ex — —x-Cov(X)'x|].
) = a0 F < 2 X) )
Secondly, since the X1, Xa, ... do not necessarily live in the same probability space we should

not technically refer to the sequence (|| Xy, ||?),>1 as uniformly integrable. However the condition

in Eq. (3.10) is still well defined.

We apply Theorem 3.3.16 to (2, _,,, Ap—m). Suppose (D~ — Dt D7) is non-degenerate
and let A be its main lattice. By Lemma 3.3.15, A is generated by the columns of a matrix A
in Hermite normal formal. Since D~ — D™ has span 1, it must be the case that A;; = 1. Thus

there is some positive integer ¢ such that

Finally let 3 be the covariance matrix of (D~ — DT, D~). With this notation, the following

lemma holds:

Lemma 3.3.17. Suppose (D~ — D™, D7) is non-degenerate. For eachn, let ¢, be in the support
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of (Ap—m,Z,_,n)- Then uniformly for (x,y) € c, + A,
P (An-m = E[An_m] + 2, E = E[S, ] +9)

q
=————%¢
21 det(X)Y2 n
as n — oo.

Proof. Let X = (D~ — D%, D™). For each n, let X,, be distributed as (D~ — D", D™) under
Pp,,. Then
Dy — D} D; — D
D D;

n

d
under P, can be seen as n i.i.d. copies of X,,. Since 8,, — 0, we have that X,, (—)ﬁ X as n — oo.

For any L > 0,

Sup E [||Xa [21{X0 |2 > L}] = sup E [ e~ =) | X1 {|X||* > L}
n n

< (swpe®) ) B [IXP (x| > L}
n
since 6,, and D, are non-negative. Since 0, is convergent,

supe ) < .
n

Moreover E [[|X|?1{||X]|? > L}] — 0 as L — oo as X has finite second moment. Thus
(IXn||*)n>1 satisfies the uniform integrability condition in Eq. (3.10).

Finally the exponential tilt does not change the support of the random variables. Thus X
and X,, share a common main lattice A. In addition, det(A) = q.

Hence the result follows by Theorem 3.3.16. There is a small change in that we are con-
sidering a sum of n — m random variables rather than n. However since m = o(n), the same

asymptotic result holds. O

Now we show P(A,, B,,) has the same asymptotic behaviour as P(A,, = 0). We only prove

a lower bound, but this is sufficient for proving Proposition 3.3.6.
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Lemma 3.3.18. Under the assumptions of Proposition 3.3.6,

P (Anm = Z(kj — k), [Bnem — En[E, )] < n% log n) >

=1

Proof. For convenience let

m

P, =P, (An_m ="k — k), 125 — EalE5_ ]l < nlog n) .
=1

Firstly, suppose (D~ — D*, D7) is degenerate. Then since we assume that D~ — D™ is non-
constant, it must be the case that either D~ or D7 is constant. Either way, it becomes the case

that
i=1 =1

Then applying Theorem 3.3.16, as we did in the proof of Lemma 3.3.17, shows that

P (A = ST (K — k7)) = ﬁ;mu +o(1)).

Otherwise assume that (D~ — Dt, D7) is non-degenerate. Define
an =Y (k= k) = En[Ap_m).
i=1
Also let
L, = {y : <Zf;1(k:z+ - k{),y) €cy +A}.

L,, has a simpler representation. Fix any yo € L,,. Then if A is generated by the columns of

we must have L, = yy + ¢Z. Fix an arbitrary M > 0. Then

P, = Z P, (An—m =E, [An—m] +an, S = En[Er_zfm] + y)

yELp
ly|<n'/Zlogn
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Z Z IEDn (Anfm = En[An*m] + an’ E;—m = E?’L [E;—m] + y)
yELn
\yISMnl/Z

for all n sufficiently large. By Lemma 3.3.17, using that the error is uniform, we have that

—
S
3

q —_—
> N S _-
- Z 2m det(2)Y/2 n P o

We wish to factorise the summand. To this end, we make a change of variables. There exists
¢ € R such that

Cov(D~ —c¢(D~ — D"),D~ —D") =0.

Let 72 be the variance of D~ — ¢(D~ — D). Then

q 1 Gn

S _ .yt
2 det(3)Y/2 n P o

Y Y
1 1 a2 q 1 (y— cay)?
=——ep|——"2| ——exp| ———""""].
V2mwo?n 202 n ) \ornr2n 272 n
We now examine the asymptotic behaviour of a,,. By Lemma 3.3.12,

En[An_m] = (n—m)Ey [D™ — D]

= —(A~ = Ap)m+0(n'?).

Therefore

an =54 (m) — s_(m) +O0(n'’3) = O(n*?logn),

by the assumption in Eq. (3.1). Thus

P> ;(1 to(1) Y 9 exp (_1(y—can)2> +o(n~1/2)
"= Voroln el VorT?n 272 n
|y|§MTL1/2
Note that
D s (_1@_%)2) s g<y—can)
i V2rT2n 272 n yeln Vn Vn

|y| < Mnt/2 ly|<Mn'/?
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where
(2) 1 —22
z ex )
I Vo P\ 27
Since a, = O(n'/3+€), for n sufficiently large
1 (y—can)2> q ( z >
—L_exp (55— ) > L og( = (3.11)
y;n 27”- n < 2 n ze[;can \/ﬁ \/ﬁ
ly|<Mnt/2 \z|<%Mn1/2
q
= — 12
> L) 3.12)
ZGLn
l2|<3M
where

L, — cay

NG

Ly,

Then L, N [—3M, $M] is a partition of [—3M, $M] where adjacent points are distance q/\/n

n
apart from each other. Thus Eq. (3.12) is a Riemann sum approximation of an integral. Hence

N

— cap)? M
2 \rexp< Hyn)) > (o) [ gl
yELn wT2n
ly|<Mn!/2

1
sM

Thus

im
P> 2730271(1 +o(1))/ o(2) dz.

This holds for all M > 0, and f z)dz = 1. Therefore,

1
P, Voron (1+0(1)),

Y

as required.

3.3.3 Proof of lower bound

Now we are ready to prove Proposition 3.3.6

Proof of Proposition 3.53.6. By Lemma 3.3.5 and Lemma 3.3.13 we have that

p(ki, ..., kmn) > {exp (;n Z(Sf(l) —s (m)) — > + 0(1)} W
1=0

612 n? (A, =0)
where the o(1) term is independent of ky,

k,, satisfying our assumptions. Then by Lemma 3.3.18
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and Corollary 3.3.10 we have that

P.(A, N B,)
— >1 1
BA, = 0) > +o(1)
where the o(1) term is independent of kq, ..., k;, satisfying our assumptions. Thus

1 <~ . _ o_ m3
oK1, ..., k) > exp </m ;(s (1) — s (m)) — 6M2> +o(1)

as required. ]

3.3.4 Convergence of the measure change

We are now ready to prove the main result of this section.

Proof of Proposition 3.3.2. The existence of the measure change is covered by Lemma 3.3.5.

Define
1

LN _ o_ m3
Then by Donsker’s invariance principle,
_ _ _ (d) _
(V=) v (n22))) D oW e )
inD ([0, 00), ]RQ), where (W, W,;");>0 are a pair of correlated standard Brownian motions with

correlation Corr(Z; , Z;"). We can write

LTnQ/gJ |_Tn2/3J +1
> V) :n_2/3/ n Y3V (u]) du
-0 0

1
n

Y3V (|sn?3]) ds.

/n‘Q/S(LTn2/3+1J)

0

Thus, by the continuous mapping theorem,

SN

LTn2/3j T T
Z (V= (i) =V~ (m)) 9, / o_ (Wy —Wg)ds = —/ o_sdW, .
i=0 0 0
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Hence,

<F(n, (Tn?)), (= V= ([n?2]), n = PV ([t 3J))t6[0 T]>

(d) _
— (‘I)(T)v (oW, U+Wt+)t€[O,T] )

in R x D([0,T],R), as n — oo. Recall the event

Em = { max |V~ (i) <m'?logm and max |[V1(i)] <m!'/? logm}

i=1,....m i=1,....m

By Proposition 3.3.6, it is the case that

®(n,m) > (T'(n,m) +o(1))1¢

m*

The processes (V*(n)),>0 are discrete martingales. Therefore, by Doob’s maximal inequality,

max |VE(i mY/2log(m E[(VE(m))?] _ o2
¥ (i—l,...,mW @] > log( )> = m(logm) (log m)? —0

as m — oo. Thus P(&,,) — 1 as m — oo. Hence, we still have that

((P(n, 023 ) + o)ty s (07 PV (1)), = BV ([ 3“>te[o,ﬂ)

d _
9, (®(T), (0-W, 04 W iepor]) -

We have E[®(T")] = 1 by a standard stochastic calculus calculation. Therefore, by Lemma 3.3.7,

we get the desired result that

<<I>(n, N O (e i A (0 3J))te[0 T])

(d) -
— ((I)(T), (o-W, 70'+Wt+)t€[0,T]),

and that (®(n, [Tn?*3])),>1 is a uniformly integrable sequence. O

3.4 Convergence of the out-forest

Fix T > 0. In this section we will show that the Lukasiewicz path and height process corre-

sponding to the out-forest converge under rescaling up to time LTnQ/ 3]. Note that the out-forest
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will contain at least n vertices, so for n large enough, LTn2/ 3] < n and the encoding processes
are well-defined up to time |Tn?/3].

We will show that the convergence under rescaling of the Lukasiewicz path and height process
(S:(k), Hu(k), k < | Tn*/3|) occurs jointly with convergence in distribution under rescaling of
(S (k), Py(k),k < |Tn?/3]), for S; (k) the number of unpaired in-half-edges of vertices that
have been discovered at time k, and pn(k) the number of dummy leaves added in the first &
time-steps.

We let (Bi)¢>0 be a Brownian motion, and define

(Bt >0) := <Bt _ TtV 0) .
204

We define the reflected process
(Ry,t > 0) = <Et—inf{BS . s gt},tzo) .

The main result of this section is as follows.

Proposition 3.4.1. It holds that
(138 (1n22)) o=, (102 ) e < T) <5 (U+Bt, 2 fut< T)
O+
in D([0, T),R)?, and
(n238; (1n24)) 0B (102)) e < T) 25 (ut, St < T)
u

in D([0,T],R)? as n — oc.

We prove Proposition 3.4.1 by studying two other forests that are related to the out-forest
via a change of measure.

The proof is structured as follows.

A~

1. Recall that (D, 1,..., f)nn) are the degree pairs of the vertices in order of discovery. Also
recall Z1,Zo, ... in an i.i.d. sequence of N x N-valued random variables, Z; := (Z;, Z;"),

such that
EP(D- =k, Dt =kt
P(Z =k .,z =k")= ( ’ ),
1




142 CHAPTER 3. THE DIRECTED CONFIGURATION MODEL

~

In Section 3.3, we showed that the law of (D1, ..., Dy,,) conditional on Y37, D, =
Py D;r and m < R, is absolutely continuous with respect to that of (Z1,...,Z,,),

and we showed the convergence under rescaling of the Radon-Nikodym derivative ¢}, for

m = |Tn?/3|.

2. Point 1 motivates us to study a Bienaymé forest with offspring distributed as Zf . The
convergence of the Lukasiewicz path of this forest under rescaling follows from Donsker’s

theorem.

3. In Subsection 3.4.2, we modify the Bienaymé forest in order to include dummy leaves.
We add extra randomness, approximating the procedure described in Proposition 3.2.4,
in such a way that at some time-steps, a dummy leaf is added. We call the resulting
forest the forest with dummy leaves. We respect the order of the degrees in the Bienaymé
forest, in the sense that for any k, the kth true vertex in the forest with dummy leaves
has the same number of children as the kth vertex in the Bienaymé forest. The law of
the forest with dummy leaves depends on n, because the probability of finding a dummy
leaf depends on n. We then show that the Lukasiewicz path and height process of the
forest with dummy leaves converge under rescaling, jointly with the convergence of the

Lukasiewicz path and height process of the Bienaymé forest under rescaling up to time

| Tn?/3].

4. We show convergence under rescaling of the out-forest up to time LTnz/ 3| by applying the
measure change to the forest with dummy leaves and showing that the resulting forest is

a good approximation of the out-forest.

3.4.1 Convergence before adding the dummy leaves

We define the two processes
k

Yi(k) = Z(D?L:Z - 1)7

i=1
for 1 < k < n, which encode the degrees in order of discovery.

We will study these processes via the measure change that we defined in Section 3.3. Let
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be the corresponding walks for (Z;)7°,. Then, in the critical case, these are related to the
centered random walks V* by
YT(k)=VT(k) and Y (k)=V (k) - (A —Dk=V"(k) —v_k.

Therefore, we obtain the following corollary of Proposition 3.3.2.

Corollary 3.4.2. Suppose we are in the setting of Proposition 3.3.2 and that the criticality
condition holds. Then for oll T > 0,

I G () R () Iy

]
() + +
— ((I)(T)’(U—Wt o+ Wy )te[o,T])

in R x ([0, T],R?) as n — oo and (<I>(n, Ln2/3TJ))n 1s uniformly integrable.

>1

We will first show that the law of (Bt,t > 0) is locally absolutely continuous to a Brownian
motion and we characterise the Radon—Nikodym derivative. This is the content of the next

proposition.

Proposition 3.4.3. It holds that for F' a continuous bounded function, and for (Bi)i>0 a

standard Brownian motion,

]EVWHBuOStSTﬂ

_ T 2 T3
=E |exp I sdBS—i F(oyB,,0<t<T)]|.
ot Jo 603 pi2 "

Proof. Firstly, we have that for any t € [0,7] and 6 > 0,

_ 2¢ 2
E [exp (—0 <U+Bt — U*ﬁ))] = exp (o+02 + wg)
21 2 21

3 t 29 2 43

= |exp (- Z=% s+ 1) ap, - T4
2,2

o+l Jo fo 6o

_ t 2 t3
=E [exp <_J+/ sdBg — g_;2> exp (—90+Bt)}
0

o4 p oip
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Then, more generally, form >0, 0=ty <t; <--- <t,, =t,and 01,...,0, € Ry,

= o (300 (a8 5 G- 11) )

m 2 2 2
H t; —ti_ o_(t: —t:
_ exp <0'+( 7 . 7 1)03 + +( ;Iu 1—1)9i>

4 2

A or, [f o2 Oip o (8] =t} )

=[Iew | 525 st—— ) ds—— 55—
, 205 1% Jy, o_4 604 p

t 2 (13 43
exp (—M/ sdBg — o=l li) Oio (B, — Btil))]

2
O+l ti—1 60——‘,— /"[’2

t 2 43 m
exp (_ ) / sdBs — 02+t2) xXp{ = Zei(UJFBti - U+Bt¢71) )
g+ Jo 6o p

=1

which proves the result. O
Proposition 3.4.4. We have that
(n*2/3Y* (an/?’tj) T3y (Ln2/3tJ) 0<t< T) 9, (y_t,oJrBt,o <t< T)

in the Skorokhod topology as n — oco.

Proof. We recall from the statement of Corollary 3.4.2 that (W=, W) is a pair of correlated
standard Brownian motions with correlation Corr(Z;, Z{"). Let (Bf,t > 0) and (BZ,t > 0) be

two independent Brownian motions, so that we may define

2 1/2
(W, oo W t>0)= | =B + aE—U‘—; Bl o.Bl,t>0].
(o O'+

Then, Corollary 3.4.2 implies that for F' a continuous, bounded test function,

E [F (n—1/3Y+ (Ln2/3tj) 0<t< T)]

_E [F (n—1/3?+ (Ln2/3tj> 0<t< T) ]lLTn2/3J§Rn} +o(1)

E [cp(n, 1n2/3T|)F (n—1/3v+ (Ln2/3tj> 0<t< T)] +o(1).

By the proof of Proposition 3.3.2, we see that for

pn < 6u? n?

= o_ ’I’TL3
D(n,m) = exp (1 S V) = V() - ) ,
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we have that

E ch(n, 1n2/3T|) — T(n, Ln2/3TJ)H =0
as n — 0o, so it sufficient to show that
E [F(n, 1n2/3T|)F (n—1/3v+ (an/?’tj) 0<t< T)] S E [F <U+Bt,o <t< T)} .

Write V(:) (t) = n~ Y3V (|n?/3t]) and Vo (t) = n~Y3V = ([n?/3t]). Then we observe that

T
I'(n, Ln2/3TJ) = exp (;/0 (V(;) (t) — V(;) (T)) dt — ——5—

For a path x € D(]0,T],R), let

Oz, T) = exp (1 /T (2(t) — 2(T)) dt — 2= T3)
) = €eX - - Y
wJo 612
so that © is a continuous functional of its first argument and
E Hr(n, 1n2/3T]) — @(V(;),T)H 50

as n — oo. This implies that it suffices to show that

- +
E |0V, T)F (V

( )(t),OStSTﬂ —>E[F<G+Bt,OStST)}.

But, by the continuity of © and Corollary 3.4.2, we get that

T)F (V(+ (t),0<t< T)} S E[0(0_ W, T)F (o, W;H,0<t < T)]

1 [T - 2\ 1/2 T3 52

exp / sd ‘7+Bg+(03‘72+> B2 - 02* F(oyB{,0<t<T)
mJo o4 oL 6u
g

—+ [T | 02,17 1
=E |exp | — sdBg — F(oyB;,0<t<T)|.
0 OLH

Then, the fact that (Y~ (k),k > 1) is a random walk with steps of mean v_ implies that
(n*2/3Y* (W/?’tj) > 0) ©_tt>0),

and then, by repeating the argument above, noting that the change of measure does not affect
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the deterministic process (v_t,t > 0), also
(n—2/3i/— (Ln2/3tj) > 0) ©_tt>0),
which proves the statement. O

3.4.2 Adding dummy leaves to a Bienaymé forest

We would like to add dummy leaves to the forest encoded by (Y *(I),1 < I < k). However,
in the absence of a true stack of in-edges, we need to approximate the probability of adding
a dummy leaf. We do this by approximating the stack size by its mean un. We use this idea
to define the forest with dummy leaves and its Lukasiewicz path (S,7(k),k > 1) as a function
of (Y= (k),Y*(k),k > 1) and some extra randomness to decide at which time-steps we add a

dummy leaf.

1. Set P,(1) =0, S;F(1) =2 —1,5,(1)=Z;.

n

2. Suppose we are given (P, (1), S5 (1), S, (1),1 <1 < k). Define I't(k) = min{S,"(1),] < k}.

r~n r~n

Then, with probability

- Sy (k)
Phtt = T T 6 + 1 Lt =r+ -1}

independent from everything else, set P,(k+ 1) = P,(k) + 1. Otherwise, set P,(k + 1) =
P, (k).

3. Set
STk+1) =Y (k+1—Py(k+1)) — Py(k+1),

and

Sy(k+1)=Y (k+1-Py(k+1)—Py(k+1)—It(k)+1.

Let the forest with dummy leaves be the forest with Lukasiewicz path (S (k),k > 1) in which
the kth vertex is a dummy leaf if and only if P"(k) — P"(k —1) = 1.
3.4.2.1 Convergence of the Lukasiewicz path

To show the convergence of the Lukasiewicz path corresponding to the forest with dummy

leaves, we will first examine the limit of (P,(k),k > 1) under rescaling. We will first prove
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tightness, after which we will show convergence.

Lemma 3.4.5. We have that,

<n71/3pn (L”2/3ﬂ))

n>1

1s tight for all t > 0.

Proof. Set m = |n?/t] and fix € > 0. It is trivial that for any k& < m,
k
ST(k) <Y Z7 =Y (k) +k
i=1

Moreover, un —k — I (1) +1 > pun — k. Therefore,

Y= (k) +k

<
Pe+1 = wn—k

This upper bound is increasing in k. Consequently, conditional on (Y1 (5),Y~(j),7 > 1), we
have that P, (m) is stochastically dominated by a binomial random variable with parameters m

and
Y=(m)+m
un —m

A

Since (Y~ (k) + k,k > 1) is a random walk with steps of finite mean, (n=2/3(Y ~(m) + m)) o,

is tight. Therefore,
Y +
(nl /3 (m) m>
n>1

un —m

is tight, which implies that a binomial random variable with parameters m and

Y= (m)+m
pn —m

A1
multiplied by n~%/3 is tight. The statement follows. O
Lemma 3.4.6. We have
(n*1/3Pn(Ln2/3tJ),t > o) ), <;t2,t > 0)
7

in D(R4,R) as n — 0.
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Proof. Recall that
S, (k)

n

=k — I (k) 4 1 =T (-1

Pi+1 =

Define M* (k) = min{Y*(l) : | < k} so that 0 > I'"(k) > M+ (k) — P,(k). Then, by Lemma
3.4.5, the convergence under rescaling of Y+ shown in Corollary 3.4.2, and the continuous

mapping theorem, (n_1/3I+(Ln2/3tJ)) is tight for all £ > 0. We will now argue that the

n>1

indicator, which ensures that the roots are never dummy leaves, does not have an effect on

(P,(k),k < m) on the scale of interest. Let m = [n?/3t|. Define

By S Sak)
(m) =3 T — = T (0 1 U A )

k=0
< —rH(m
un —m
Y~ (m)+m

so since I (m) is of order n'/3 and is of order n=/3, (EP(m)),>1 is tight. This means

fn—m
that if we allow the roots to be dummy leaves, with high probability, we would only sample
O(1) roots that are dummy leaves up to time O(n??). This does not affect (P,(k),k < m) on
the scale of interest.

Then, the convergence under rescaling of Y~ and Y+ shown in Corollary 3.4.2, the tightness of

(n*1/3I+(Ln2/3tJ)) and Lemma 3.4.5 imply that

n>1

(”USM?”L — [n2/3t] — Ipt (|n2/3t]) + l’t > O)

_ (m/gy— (In*/2) = P (In?2))) = Po ([n224]) = I* (In**t]) 1, o) (3.13)
pn — [n2/3t) — I+ ([n?/3t]) +1

®), (V-

AN (Mt, t> 0)

in D(R4,R) as n — oo. Then, by the continuous mapping theorem and the tightness of

(EP(m))n>1,
[n2/31]

ST gt >0 ﬂ(g_tz,t20>
1
k=0

in D(Ry,R) as n — oo.

Let G = (Gk, k > 1) denote the filtration such that Gi contains the information on the shape of
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the forest until time k, including which of the first k vertices are dummy vertices. Then,

k
My (k) =Y (L{p, ()—Pa(i—1)=1} — Pi)

i=1
is a G-martingale. We claim that (n~Y/3M,(|n*3t]),t > 0) converges to 0 in probability in
D(R4,R). Indeed, for any ¢ > 0,

[n2/3t]
E[n_z/?’Mn(L 2/3t _n—2/3 Z ll{pn D)= Py (i—1)= 1}_p2) 1Gi—1]]

_

0> Bl 4] 0
i=1

Hence, since for all t > 0,

n2/3¢]

n—1/3pn(Ln2/3tJ) —n 13 Z H{Pn(i)—Pn(i_l):l}
1=1
Ln2/3tJ

=n1/3 Z DK + n~Y3 M, <Ln2/3tj> ,
i=0
we have

(/3 Pu([n2%4)), > 0) @, (;/:tQ,t > 0) ,

which proves the statement.

The convergence of P, under rescaling implies the convergence of S;' and S, under rescaling,

which is the content of the following lemma. Let (B, ¢ > 0) be a Brownian motion, and define

Blt>0)= (B —--2—2t>0).
(t7—)<t2'ua_+>_)
Lemma 3.4.7. We have

(n*l/f‘Y+ (Ln2/3tj> n 138 (Ln2/3tj) > 0) LON <U+Bt, o Bt > 0)

in D(Ry,R)? and
(n—2/35,; (Wﬁﬂ) t> 0) © (ot t > 0)
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in D(R4,R) as n — oo.

Proof. This follows from the convergence under rescaling of Y+ and Y~ shown in Corollary 3.4.2

and Lemma 3.4.6, and the expressions
STk+1)=YT(k+1—Py(k+1))— P,(k+1),

and

S (k+1)=Y (k+1—-Py(k+1)—Py(k+1)—I"(k)+1.

3.4.2.2 Convergence of the height process

In this subsection, we will extend Lemma 3.4.7. We will show that, under rescaling, the height
process of the forest with dummy leaves converges jointly with the other encoding processes of
the forest with dummy leaves. Let (H, (k),k > 1) be the height process corresponding to the

forest with dummy leaves. Set

(Rt > 0) = (Bf—inf{Bgzsgt},tzo>.

Proposition 3.4.8. We have that

(n*1/3Y+ (LnQ/?’tj) n13g (WWStD T VBHT (LnQ/StJ) > 0)

2
), <U+Bt, o B, Rt > o>
0+

in D(R+7R)37 and
—2/3 q— 2/3 (p)
(” Sn (Ln tJ),tZO)—>(u,t,t20)

in D(R4,R) as n — oo.

The difficulty in proving this proposition is the fact that the forest with dummy leaves is not
a Bienaymé forest, because the probability of sampling a dummy leaf changes as the exploration
is performed. The theory of convergence of height processes under rescaling is well-developed

for Bienaymé processes (see e.g. Duquesne and Le Gall [50]), but this is not the case for more
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e True vertex
B Dummy vertex

Q Tree consisting of filler vertices

Fig. 3.9: Given a component of the forest with dummy vertices (left), we modify it by sampling
independent Bienaymé trees with offspring distributed as Z* consisting of filler vertices and
identifying each dummy leaf with a root of such a tree. The resulting tree (right) is a Bienaymé
tree, and the resulting forest is a Bienaymé forest.

general processes. We will adapt a technique that Broutin, Duquesne and Wang developed in
[29] to show the convergence of the height process of an inhomogeneous random graph under
rescaling. The key idea is that the forest with dummy leaves itself is not a Bienaymé forest, but
we can embed it in a Bienaymé forest that does not depend on n. We call the extra vertices
filler vertices and call the resulting forest the forest with dummy and filler vertices. We then
show convergence under rescaling of the height process corresponding to the forest with dummy
and filler vertices, and use this to obtain height process convergence for the forest with dummy
leaves.
We start by defining the forest with dummy and filler vertices. Informally, we obtain it by mod-
ifying the forest with dummy leaves in such a way that a sub-tree consisting of the descendants
of a dummy vertex has the same law as a sub-tree consisting of the descendants of a true vertex.
We do this by sampling extra Bienaymé trees with offspring distributed as Z*, whose vertices
are all filler vertices, and then identifying their roots with the dummy leaves. The resulting
forest is a Bienaymé forest containing true, dummy and filler vertices, in which the forest with
true vertices and dummy leaves is embedded. This is illustrated in Figure 3.9.

The formal procedure is as follows. Suppose we are given (Y (k), S (k), P,(k),k > 1),

which encodes the forest with dummy leaves.

1. Let (Yf(k),k > 1) be an independent copy of (Y (k),k > 1), which will encode the
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pendant subtrees that consist of filler vertices.
2. Define 0,,(k) = k — Py(k — 1) + min{j : Yi(j) = =P, (k — 1)}
3. Set Ap(k) = max{j : 0,(j) < k} — Py(max{j: 0,(5) < k}).

4. We now define

(YU (), k> 1) = (Y (An(k)) + YTk — Ap(k)), k > 1) (3.14)

and we let the forest with dummy and filler vertices be the forest with Lukasiewicz path
(Y¥(k),k > 1), in which P,(max{j : 6,(j) < k}) of the first k vertices are dummy
vertices, Ay (k) of the first k vertices are true vertices, and the rest are filler vertices. We
let (H¥(k),k > 1) be the height process corresponding to the forest with dummy and

filler vertices.

By removing the filler vertices from the forest with dummy and filler vertices, we obtain the

original forest with dummy leaves. We make the following observations.

1. We claim that 6,,(k) is equal to index in depth first order of the kth true or dummy vertex
in the forest with dummy and filler vertices. Indeed, note that min{j : Y!(j) = —P,(k—1)}
is equal to the number of vertices in the first P, (k — 1) trees in the forest encoded by Y¥,
so that

min{j : YI(j) = =P,(k—1)} — Py(k — 1)

is equal to the number of filler vertices in depth-first order until the kth true or dummy

vertex.

2. Note that A, (k) is the number of true vertices amongst the first k& vertices. This follows
from the fact that max{j : 6,,(j) < k} is the number of true or dummy vertices amongst

the first k& vertices.

3. By the previous remark, (A, (k),k > 1) only takes steps of size 0 or 1. Both (Y (k),k > 1)
and (Yf(k), k > 1) are random walks with steps distributed as Z —1, so, by construction,
(Y¥(k),k > 1) is a random walk with steps distributed as Z+ — 1, so the forest with

dummy and filler vertices is a Bienaymé forest with offspring distributed as ZT.
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4. By construction, (HY¥(6,,(k)), k > 1) is the height process corresponding to the forest with

dummy vertices. Moreover,
(S (k). k > 1) = (Y0 (k) — E(6u(k)), k > 1), (3.15)

where E(k) counts the number of children of the kth vertex in the forest with dummy and

filler vertices that are filler vertices.

In order to prove Proposition 3.4.8, considering the construction above and Lemma 3.4.7, it is

sufficient to prove the following lemma.

Lemma 3.4.9. There ezists a process (D¢, t > 0) such that

(n_1/3 [Ydf (9n (LnQ/?’tj)) _E <Ln2/3tj>] V3 e (9n <Ln2/3tj)) > 0)

2
9, <0+Dt, 2 (D —inf{Dy,s < t}),t> 0>
O+

in D(Ry,R)? asn — oo and <£ (Dy —inf {Ds, s < t}),t > 0> is the height process correspond-

ing to (0+Dy,t > 0).

The next lemma show that the pathwise construction of (Y4 (&), HY¥(k),k > 1) converges

to its continuous counterpart.

Let (By,t >0) and (Bf,t > 0) be two independent Brownian motions and let

G(t) = t+lnf{8 >0: O'_|_B£ < —;_tQ},
1

and A(t) =inf{s > 0:60(s) > t}. Define
Rdf — (B Bt

and set

(R ¢ > 0) := <B§1f ~inf{BY s <)t > o) .

Lemma 3.4.10. We have that ((2/o4)R$t,t > 0) is the height process corresponding to (o1 Bit, t > 0).

Moreover,
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(v 9 (1251]) o= B (n21)) 1 > 0) s <U+Bff, inf,t > 0> (3.17)
in D(Ry,R)?, jointly with
(=22 (23] n /3" ([n2%4]) > 0) @, (04Bu 04 B 1> 0)
in D(R,R)? and
(2300 (1n2/34)) 020, (1n24)) > 0) <5 (A@0), 0(), ¢ > 0)

in D(R;,R)? as n — oo. Moreover,

<n_1/3Ydf <0n (Ln2/3ﬂ)) V3t <9n (Ln2/3tj>) > 0) @, <a+Bg(ft), :Jng(ft),t > 0)
(3.18)

in D(Ry,R)? as n — oo jointly with the other convergences.

In the proof of Lemma 3.4.10 we use the following straightforward technical result that
follows immediately from the characterization of convergence in the Skorokhod topology given

in Ethier and Kurtz [53, Proposition 3.6.5], .

Lemma 3.4.11. Suppose h, — h in D(R;,Ry) and f, — f in D(R4,R) as n — oco. Then, if

hyn and h are non-decreasing and h is continuous, or if f is continuous, then
frnohn— foh

in D(R4,R) as n — oo.
We also use the following technical result, that is proved in Appendix 3.8.

Lemma 3.4.12. If f,, — f in D(R4,R) as n — 0o, and f is a continuous function that is not

bounded from above, with f(0) =0 and with unique local mazima, then
(inf{t : fn(t) > s}, s > 0) — (inf{t: f(¢) > s},s > 0)

in D(R4,R) as n — oo.
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Proof of Lemma 3.4.10. Firstly, note that since (Y4 (k),k > 1) encodes a critical Bienaymé
forest with offspring variance ai, the proof of Theorem 1.8 in Le Gall [76] gives us that for

(B¥,s > 0) a Brownian motion,

(nfl/Sydf (Ln2/gsj> /3 prat (Ln2/3sj> 5> 0)

2
), <o+B;, 2 (B —mf{B*u<s)),s> 0> (3.19)
0+

in D(Ry,R)? as n — oo, and that (%(B;" —inf{B},u < s}),s > 0) is the height process
corresponding to (o4 B¥, s > 0). Then, we note that since (Y1 (k),k > 1) 4 (Y (), k> 1), so
that also

(n2v* (1n221)) 2 > 0) D, (04 Byt >0)

in D(R4,R) as n — oo. Then, since also (Y (k),k > 1) 4 (Yf(k),k > 1) and by Lemma 3.4.12

and the almost sure uniqueness of the local minima of Brownian, we get that

(n—1/3yf (an/:zSJ) 023 inf {k Y (k) < —x} 820,22 0> (3.20)

ﬂ <U+B£,inf {u : O’+B£ < —a:} ,s >0, > 0>

in D(R;,R)? as n — oo.

Since (P, (k),k > 1) is non-decreasing, applying Lemma 3.4.11, and combining the conver-

gence in Eq. (3.20) with Lemma 3.4.6 gives that also
—2/3;4 vyt 2/3 @ (. . £ V_
n inf<k:Y' (k) <—-P,(|n“"t]-1)¢,t>0) — [inf u.0+Bu<—2—t ,t>0
o
in D(R4,R) as n — oo jointly with the convergence in Eq. (3.20). Therefore,
(n*men (anﬂ) > 0) 9D o), > 0) (3.21)

in D(R4,R) as n — oo jointly with the convergence in Eq. (3.20). Recall that

An(k) = max(j : 6,(j) < k} — Pu(max{j : 6,(j) < k}).
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By definition, for all n, (6,(k),k > 1) and (6(¢),t > 0) are strictly increasing, so
(n~2/3 max{j : 6.(j) < [*/*t]}),2 > 0) 9D (A),t > 0)

in D(R4,R) as n — oo jointly with the convergence in Eq. (3.20) and Eq. (3.21). Since
max{j : 0,(j) < |n*?t]} is of order n?/3, and, by Lemma 3.4.6, P,(|n?/3t|) is of order n'/3, we
get that

(n=22 0 (152 1t > 0) Dy (A@), ¢ > 0)

in D(R4,R) as n — oo jointly with the convergence in Eq. (3.20) and Eq. (3.21).
To finish the proof, we examine the construction of (Y4 (k),k > 1) in Eq. (3.14) and the

construction of (B, s > 0) in Eq. (3.16). Again, by Lemma 3.4.11, this implies that
(n—1/3Ydf (Ln2/3tj) > 0) LON (B?f,t > 0)

in D(R;4,R) as n — oo jointly with all earlier mentioned convergences. Combining this with
the convergence in Eq. (3.19) proves Eq. (3.17). The fact that (B, ¢ > 0) is continuous almost

surely and Lemma 3.4.11 then imply Eq. (3.18). O

Lemma 3.4.13. We have that

(n—1/3s+ (Ln2/3tj>),n_1/3H+ (W/%J) > o)

@, <U+Bg(ft), i (Bl —int{BS s < 00)) .t > 0>

in D(R,,R)? as n — oo.

Proof. By Eq. (3.15), and by Lemma 3.4.10, it is sufficient to show that for any ¢ > 0,

~1/3 max E(k)—(g)%(].

k<[n2/3t]

n

We remind the reader that F (k) counts the number children of the kth vertex in the forest with

dummy and filler vertices that are filler vertices, so

n % max E(k)<n Y% max (YR -Yik-1)+1),
k<[n?/3t] k<6n([n?/3t])
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which converges to 0 by tightness of (n_2/39"(Ln2/3tJ))n>1 and the fact that

<n_1/3Yf (Ln2/3sj) ,8 > 0)

converges in distribution to a continuous process in D(R,R) as n — oc. O

The following lemma is the last ingredient in the proof of Lemma 3.4.9.

Lemma 3.4.14. We have that with probability 1,
2 (oar . dr . (2 (par . ar
(0‘+ <B9(t) — lnf{Bs .S S G(t)}) ,t S T) = Z <B9(t) — lnf{BH(s) .S S t}) ,t S T s

which is continuous, and it is the height process corresponding to (JJng(ft), t < T).

Proof. From [76], we know that (%R?f, t> 0) is the height process corresponding to (U+B?f, t> 0).
By definition of the height process, it is sufficient to show that, firstly, with probability 1,
(Bg(ft),t > 0) is continuous, and, secondly, for all ¢ > 0, and all s such that 0(t—) < s < 6(t),
we have B > Bg(ft).

Recall that (B, t > 0) and (Bf,t > 0) are two independent Brownian motions,

G(t) = t+lnf{8 >0: O'+B£ < —I;tz},
i

we have A(t) = inf{s > 0:0(s) > t}, and

Firstly, note that the jumps of § correspond to excursions above the infimum of Bf. With
probability 1, for each of these excursions, the minimum on the excursion is only attained at
the endpoints. This can be seen by the almost sure uniqueness of local minima of Brownian
motion. We will work on this event of probability 1.

Now fix ¢ such that 6(t—) # 6(¢) and let s € ((t—),0(t)). Observe that A is equal to ¢
on [0(t—),6(t)]. For [0(t—),0(t)) this follows by definition of A, and for 6(t) it follows since

(0(u) : u > 0) is strictly increasing. This implies that

s—A(s) <0(t) — A(A(t)) = inf {u >0:0.B < —;;ﬁ} .
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By our assumption on the minima of the excursions above the infimum of Bf, this implies that

£ V— 9  of
By x5 > *ﬂt = Bysy—not))

where the last equality follows from continuity of Bf. Combining this with A(s) = A(6(t))
implies that B > Bg(ft).
Finally,

Bg(ftf) - BA(O(t—)) + Bg(tf)fA(H(tf)) =B+ Bé(t,H

and by continuity of (Bf,s > 0),

. v_
Bg(ti)it =Bt <lslgllnf{u - B! < _2M82}>

= lim Bf (inf {u : Bi < —V_s2}>
st 21

df __ pdf
SO Be(t_) = Be(t). (]

3.4.3 Proof of Proposition 3.4.1

We will now combine the convergence of the measure change under rescaling, which is the
content of Corollary 3.4.2, and the convergence of the encoding processes of the forest with

dummy leaves, which is the content of Proposition 3.4.8, in order to prove Proposition 3.4.1.

Proof of Proposition 3.4.1. Recall that Pn(k:) denotes the number of dummy leaves amongst
the first k vertices in the forest with dummy leaves. Then, as shown in Proposition 3.2.4, the
probability that the (k + 1)th vertex in the out-forest is purple, given the degrees in order of
discovery and the dummy leaves amongst the first k vertices is equal to

S (k) L
S D —k— Lt (k) {IF (k=1)=0} (k) }

dk+1 =

where I (k) = min{S;" (1) : I < k}. In order to use the results on the forest with dummy leaves,
we need to replace the term )" ; D in the denominator by pn. Therefore, define a new forest,

the approximate out-forest, in which the degrees in order of discovery are the same as in the
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out-forest. However, in this forest, the probability that the (k + 1)th vertex is a dummy leaf,
given the degrees in order of discovery and the dummy leaves amongst the first k& vertices, is

equal to
.5 () N )
BT k= (k) (=0}

where S’; (k) is the number of unused in-edges of previously discovered vertices in the approx-
imate out-forest up to time k£ and —IN;L" (k) is the number of components in the approximate
out-forest up to time k. We let ]E’n(k) denote the number of dummy leaves amongst the first &

vertices in the approximate out-forest. We claim that there exists a coupling such that

2/
S g -al Do
=1

as n — 0o. Indeed, by the convergence in Proposition 3.4.4,

[n?/3T
w2 S Dy
=1 n>0
is tight. Moreover, with a slight adaptation to the proof of Lemma 3.4.5, we can show
that (nil/ 3P, (LnQ/ 3TJ)) . is tight. This, combined with the convergence under rescal-
n>
ing of (Y;f(k),k > 1), implies that also (71_1/3I~,‘1F (Ln2/3TJ)) . is tight. Since Dy ,...,D,
n>
are i.i.d. random variables with mean g and finite variance, (n_1/2 (Z?Zl D; — ;m))n>0 is
tight. By using the trivial identity a/b — ¢/d = (b(a — ¢) — ¢(d — b))/bd, this implies that
<n2/ 3 MaX}, | ,2/37| lqr — (jkD . is tight, which implies that there exists a coupling such that
- n>
(maxk<tn2/3TJ 1P, (k) — ﬁn(k)\) and (maxkqnz/gﬂ I+ (k) — f;(@;) are tight, which im-
= n>1 = n>1
plies that, again by a/b — ¢/d = (b(a — ¢) — ¢(d — b)) /bd, <n5/6 maxy,|,,2/37 |k — cjk\) . is
- n>
tight, which implies that

2/
S g —al o
=1

as n — oo. Therefore, under the right coupling,

P < max | B, (k) — P,(k)| > 0) — 0.
k< |n?/3T

In other words, we can couple the out-forest and the approximate out-forest in such a way that

we do not see any difference on the scale of interest. Therefore, we can show convergence under
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rescaling of the encoding processes of the approximate out-forest instead. To avoid further

complicating notation, we will from now on refer to its encoding processes as

A~ A~ A~

(SF(k), Hy, S (K), Po(k),1 < k < |[n?/3T)).

n

Then, these processes are constructed out of sample paths of (Y1(k), Y~ (k),1 < k < [n?/3T))

and independent randomness in exactly the same way as the sample paths of

(corresponding to the forest with dummy vertices) are constructed out of sample paths of
(Y+(k), Y~ (k),1 < k < [n?3T]) and independent randomness. We will use the following

notation:

Let f: D([0,T],R)®> = R be a bounded, continuous test-function. Then, for m = [n?/3T|

21 (V80 Hon) | =2 |1 (V)80 B ) .o | +000)
—E[E [ (V)88 Hon ) [ Duts -+ Do 1,2 +01)

_E :@(n,m)E [f (Y(Z),S(J;),H(J;))‘ zl,...,zmH +o(1)

=E :@(n,m)f <Y(:),S(';),H&)>] + 0(1),

where we use that E [f <Y(:),5’&),f[(n)> ’ ]f)ml, . ,]f)nm} and 1R, >y, are bounded, adapted

functions of ]A)nyl,...,]jnym, and that ®(n,m) is the measure change from (Zi,...,Z,,) to

A~

Dy, - ,f)nm) Then, if we repeat the proof of Proposition 3.4.4, using Proposition 3.4.8 to
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include the convergence of S(tl ) and H ('; ) We obtain that

A~

. 2
E [f (Y(:),S(J;),H(n))] ) [(I)(T)f <O’+Bt,O'+Bt+, ZRj,o <t< T)] :

Since

B t>0 —(B - = t2,t20>,
(By ) " S

Proposition 3.4.3 implies that the limit object has the right law. By Proposition 3.4.8, S,
converges in distribution under rescaling to a deterministic process, which will not be affected

by the measure change. This completes the proof. O

3.4.4 Conditioning on simplicity

In this section, we will first show that, with high probability, there exists a simple graph
with the degree sequence that we sample and we show that the multigraph resulting from the
configuration model is simple with probability asymptotically bounded away from 0. Then, we
show that when we sample the configuration model according to Algorithm 1, we do not see any
loops or multiple edges far beyond our time scale of interest. We will then use an argument by
Joseph [70] to show that this implies that Proposition 3.4.1 holds conditional on the resulting
multigraph being simple.

We start by showing that with high probability, there exists a simple graph with the degree

sequence that we sample. For this, we need the following lemma.

Lemma 3.4.15. On the event {31, D; =Y.' | D}, for all integersi and j with 1 < i+j <3
or {i,j} = {1,3} it holds that
n

> _(D)DEY HE[(DT)(DTY].
k=1

1

3|

Proof. First, for I,m € N, define p,,(I) = P (34 (Dy — D;f) =1). Then, since the second
moment of D~ — D7 is finite, the discrete local limit theorem implies that there exists a C' > 0
such that pp, (1) < Cm~Y2 for all I, m. Moreover, again by the discrete local limit theorem and
because D~ — D is strongly aperiodic, there exists a ¢ > 0 such that p,,(0) > em ™12 for all

m large enough.
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Now, let 7,5 be as in the statement of the lemma. Fix € > 0. Then,

- k=1 k=1
1n/2) )
<F %Z<<D,;>Z<D,:>J—E[(D—www s | Sop =S
- k=1 k=1
(D)D) —E[(D7)(DY)])| > €/2 p; =Y D
k= Ln/2J+1 r 2

by the triangle inequality, so by symmetry it suffices to show that the second term goes to 0 as

n — 00. Denote

n

Ay = Ay oD =4 2| S (Y —E (D7 (D)) > /2
k=[n/2]+1

so that P(4,) — 0 as n — oo by the weak law of large numbers. We note that

P (An = Zplj)
E _ﬂAnP( (D - D) = > heing2)+1(Df = Dk_)‘ Dynsajt1s--- 7Dn>j|
P (ZZ:l(DI; - Dl—:) = 0)
Pln/2] (ZZ:Ln/sz(D;J{ - D;;))
Pn(o)

=FE 1,4,

where we use the definition of conditional probability and the tower property in the second

line and the independence between {D1,...Dy,/5} and {D|,/2|41,... Dy} in the third line.

However, by our observations above, there is a C’ such that %2(]0@ < ' for all n large enough

( _ZD+> < C'P(A,)

which tends to 0. O

and for all k, so

This yields the following proposition.

Proposition 3.4.16. Let (Dy,,...,D,,) be a progression of sequences of i.i.d. samples from
v, conditional on the event that {zzzl D, =30 D,‘:n} Then, the probability that there

exists a simple digraph with degree sequence (D1, ..., Dy ) tends to 1 as n — oo. Moreover,
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the probability that the configuration model on (D1 y,...,Dy.y) yields a simple graph tends to

1 BUD7)?) = p)(E[(DH)?] — )
eXp( : p? )

as n — oQ.

Proof. By Lemma 3.4.15, we may work on a probability space where for all non-negative integers

iand j with 1 <i+j <3 or {i,j} = {1,3} it holds that

LS (DD, (D) (D]
k=1

almost surely as n — oc.

Now, let (dip,...,dnn)n>1 be a progression of sequences with dy,, = (d,;n, d,‘:n) € Nx N
for each k,n. Assume that for each n it holds that, firstly, >, dipp = > ory d;n, secondly,
maxy<p d,;’n\/d;;n = o(y/n), and, finally, for all non-negative integers 4, j such that 1 < i+j <2
there exist positive a; ; such that

1 & . .
= (d ) (df,) = aiy.

n
k=1

Then, for S, the number of self-loops and M,, the number of directed edges with multiplic-
ity exceeding 1 in the directed configuration model on vertex set [n] with degree sequence
(din,-..,dnn), it holds that (S, M,) converges in distribution to (S, M), for S and M two
independent Poisson random variables with means a1,1/a1,0 and (a2 — a1,0)(ag2 — a071)/a%70
respectively. This follows from a trivial adaptation of the proof of [101, Proposition 7.13], where

an analogous property is shown for the undirected configuration model.

Therefore, on the coupling on degree sequences that we consider above, almost surely,
the number of self-loops and multiple edges in the configuration model on degree sequence
(Din,...,Dyp) converges in distribution to (S, M) for S and M two independent Poisson ran-
dom variables with means E[D~D*]/E[D~]| = 1 and (E[(D~)?|-E[D~])(E[(DT)?]-E[D*])/E[D~]?
respectively, and in particular, almost surely, the asymptotic probability of sampling a simple
graph is bounded away from 0. Here we use that the almost sure convergence of % pya (Dk_’n)3

implies that max{D; " } = o(y/n) almost surely and, similarly, we have that max{D,:n} =o(y/n)

almost surely. The result follows. O
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We will now show that when we sample the configuration model according to Algorithm 1,
we do not see any loops or multiple edges far beyond our time scale of interest. We let B,, (k) be
the number of ‘bad edges’ up to time k; to be precise, it equals be the number of self-loops and
edges created parallel to an existing edge in the same direction as that edge, up until discovery

of the kth vertex of the out-forest. Following [37], we call these anomalous edges.

Proposition 3.4.17. Suppose 8 < 1. Then we have
P (Bn(LnfBJ) > o) =0

as n — 0.

Remark 3.4.18. We adapt the proof of [70, Lemma 7.1] and of [37, Proposition 5.3] to the

directed setting. A significant complication is caused by the conditioning on

(5o -%mr)

We observe that in both papers, the proof of the aforementioned result is not fully correct,
because the authors use the wrong expression for the probability of sampling an anomalous edge.

However, the argument below can be adapted to the setting of [70] and [37] to yield a correct

proof.

Proof. We distinguish between the following types of anomalous edges.

Self-loops occur when the out-half-edge of a vertex is paired to an in-half-edge of the same
vertex. Let B} (k) be the number of self-loops that are found up to time k. For v explored up to
time |n” |, a vertex with in-degree d; and out-degree d;, there are d d possible combinations
of an in-half-edge and an out-half-edge that form a self-loop connected to v. Any of these

combinations of half-edges is paired with probability bounded above by

1
Z;’L: [nf|+1 Dz_
Parallel edges occur when an out-half-edge of a vertex is paired to an in-half-edge of one of its
previously explored children. Let B2(k) be the number of parallel edges that are found up to
time k. For any vertex v with in-degree d;;, and a parent p(v) with out-degree d;(v), there are at

most d,; d;r(v) possible combinations of an in-half-edge and an out-half-edge that form a parallel
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edge from p(v) to v. Again, any of these combinations of half-edges is paired with probability

bounded above by
1

Z?:Lnﬁj+1 Di_.
The last type of anomalous edges is a surplus edge with multiplicity greater than 1. Let B3 (k)
be the number of surplus edges with multiplicity greater than 1 that are found up to time k. For
a vertex w with out-degree d}, and a vertex v with in-degree d;, a multiple surplus edge from
w to v can only occur if v is discovered before w. In that case, there are at most (d.})?(d;)?

possible pairs of combinations of half-edges, and each of these pairs appears with probability

2
< )

Let p(i) denote the index of the parent of the vertex with index i. Also, denote

bounded above by

Then, by the conditional version of Markov’s inequality,

Ztnﬁj ’D*
S o1 D
S HoE [D+ }
S ine 1 Di
S (DD
(Zi:[nﬂjﬂ ﬁi_>2

A1,

P(BA(n")) > 0|g") <

P (B2(n)) > 0/g") < AL,

A1,

IP(BS;(WJ) >0|G" )

where we note that p(i) is not adapted to G", because ancestral relations in the tree also depend

on the surplus edges. However, we observe that by the Cauchy-Schwarz inequality,

17 18] Y2 f1n8 ) 1/2
D/ E [[);(Z.) g"} < | D (D;)? ZE[ ]
=1 =1
8] Y2 f1n8) 108 1/2

= | 207 2; ZE j=p()| "]
J
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1n] 1/2 1n] 1/2
<[ (D7) > (Df)?
i=1 i=1
We will show that
P (Bi(n")) + BA(n)) + B(Ln")) > 0| g") B0 (3.22)
as n — 0co. We note that
n n I_TL*BJ—].
> Dy=) D;- > Dy,
i=|nf|+1 =1 =1

and by the weak law of large numbers, 1 3" | D 2 pin, so Eq. (3.22) follows if we show that
L Ly br Bo,
2. 15 D7 Df Lo,
3. L (H)2 2 0, and
4 L B

as n — 0o. The proposition will then follow from the bounded convergence theorem.

Note that we can only show the convergence of the Radon-Nikodym derivative ®(n,m)
under rescaling for m = O(n?/3), so it is not straightforward to use the measure change to
prove results on the time scale O(n?) for 8 > 2/3, such as the convergences above. Therefore,
instead, we will use Poissonization to sample (f)ml, e ,f)Rn,n)- This technique was also used
by Joseph in [70].

Let R, be as before, and, conditional on R,, let D?’Jr, . ,Dngn i.i.d. random variables
with the law of D conditional on the event {D~ = 0}, and set S,, = S7= D" Suppose

R, =rand S,, = s. Let
ﬂo(dt, k1, kQ) = T]P)(Di = kq, Dt = kg‘Di > O)kl exp(—klt)dt

be a measure on Ry x N2, and let Iy be a Poisson point process with intensity measure
conditional on IIp(R,N,N) = r. We view the first coordinate as the time coordinate, and refer
to the second and third coordinate as the point. Then, the points in Iy ordered by time have

the same law as (D, 1,...,D,,) (before conditioning on the event {37 D; = ", D}).
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The intensity of this process is not constant in ¢, so we perform a time change. Define
Lp(z,y) =E [exp(—aD~ — yD+)‘ D~ >0],
and set

o(t) = (1~ Lo(-,0)7",

so that, by a trivial adaptation of [70, Lemma 4.1}, for
T (dt, k1, ko) := P(D™ = k1, DF = k2| D™ > 0)ky exp (—k1(t/r)) ¢ (t/r)dt
on (0,7) x N2, we have that for ¢t € (0,7), there exists a probability measure P; on N2 such that
7 (dt, k1, ko) = Po(D™ = k1, D" = ko)dt.

Let II" be a Poisson point process with intensity m,. Define N, = IL.((0,7),N,N) and A, =
f(oyr)xNQ(kl — ko)II"(dt, k1, k2) = s. Then, let II"® have the law of II, conditional on the
events {NN, = r} and {A, = s}. Then, the points of II"* ordered by time are distributed as
(Do, Dn.r,) conditional on the events {37, D; = 37 D}, {R, = r} and {S, = s}.
Let A} be the marginal density of II"™* in ¢, so that there exists a probability distribution

P"*(k1, k2) on N2 such that for m;"°(k1, k2) the marginal intensity measure on N? of I1"* in ¢,
m % (k k) = AP (b, ko)

for all k1, ko € N.

For any L > 0, define
& = {|Rn CE[R]| < InY/2,|S, — E[S]| < Ln1/2} .

Then, note that

P % iﬁﬁ;ﬁj >e| <P(ES) +P (HR,“S” ((o,znﬁ),NQ) < nﬂ) 5L)

1

+P <n/( - k‘lk‘QHRmsn(dt, l{il,k‘z) > €
0,2nP)x

5L>
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Fix € > 0. By the central limit theorem, we can pick an L such that P(£f) < e for all n. We
condition on &;,. Suppose R, = r and S, = s. Then, for P a Poisson random variable with

rate 2nﬁ,
P (P <n”)
P(A, =s,N, =1)

P (H ((o, 2n5),N2) < nﬁ) <

We note that the numerator is the probability of a large-deviation event and decreases expo-

nentially fast in n®, while the local limit theorem yields that the denominator is of order n=1/2

uniformly in all » and s that we consider on £r,. This implies that
P (Mg,.s, ((0,20°),N?) < 0| &) =0

as n — 0o. Now, note that for F;"* denoting the expectation with respect to P,**,

1 1

E|= / koL, (dt, b, o) | = = / AP ENS (D D |dt,
(0,2n8)x N2 (0,2n8)

n n

so we start by bounding E;"*[D~D*]. We note that

P[A, =s, N, =r|IL(¢t,D7,D") =1]

E*[D"D'| = E] [D"D*|A, =s,N, =7| = Ef [D‘D* P[A =5 N, =1]

By the fact that I, is a point process, we have that for kq, ko in N,
]P’[Ar = s, N, :T’HT(t,kl,kg) = 1] :]P)[AT =s+ky—ki,N. =1 — 1],

so that, since N, ~ Poisson(r), and since on the event {N, = r — 1} (resp. {N, =71}), A, — s
is the sum of » — 1 (resp. r) i.i.d. random variables with finite variance and mean at most

O(n~1/?), we observe that, by the local limit theorem,

P [Ar = s,N, =r|D; =k, D} =ky| = O(n~Y/?), and

P[A, = s, N, =r] = ©(n"'/?)

for any k1 and ko, and any r and s that we consider on £5. Therefore, there exists a c¢; such

that
P[A, =5, N, =r|Df =k, Df :1@}

P[A, = s, N, =1]

< C1
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for any ki, ke, t and n, and any r and s that we consider on &;,. If we show that for some cy
E} {]_A?_ZA)"'} < c2

for all 7 in the interval that we consider and all ¢ < 2n?, it follows that there is a ¢ such that
B [f)—zﬂ <3

for any ki, ko, t and n, and any r and s that we consider on £,. We note that by definition of

Wr(dt, k‘l, kl),
7dzd;dy Lo (2, Y)l(wpt/r),0)

E'|D-D*| =
¢ [ } A Lo (@, 9) (wit/r).0)

Careful analysis of Lp(z,y) and 1 (s) implies that this quantity is bounded uniformly for all n,
all 7 in the interval that we consider and all ¢ € (0,2n”). We refer the reader to the proof of
[70, Lemma A.1] for the details of a similar argument in the undirected setting. This implies

that

1
1 / ke koIl o (dt, Ky, ko)
(0,2n8) xN2

n

C

E <—E [H ((o, 2nﬁ),N,N>} .

Then, we note that for any 2 > 0, for P a Poisson random variable with rate 2n?,

P[P > (z +1)2n”]
P[A, =5, N, =71]

P (T, ((0,20%),N,N) > (2 +1)20%) <

Then, by the local limit theorem and the exponential tail of the Poisson distribution, we obtain

that there exist ¢4, c5 > 0 such that for all n, all » and s in the interval of interest and all x > 1,
P (Hr,s ((O, 2n°), N, N) > (x + 1)2n6> < cyexp(—csan’).
This implies that there is a constant cg such that
E [HT’S ((O, 2n5),N,N>} < egn”
for all n and all » and s that we consider under £;. It then follows that

1
E|> / Fuko Lo (dt, k1, ks) | — 0
(0,2n8)x N2

n
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as n — oo uniformly in all r and s of interest, so for n large enough,

1
P / klkZHRn,Sn(dta k1, k‘Q) >e|l&n | <e
T J(0,2n8) x N2
This implies that
1 [n” ]
LS p-p+ 2o
" =1
The other convergences are proved similarly, and the result follows. O

Proposition 3.4.19. Proposition 3.4.1 holds conditionally on the resulting multigraph being

stmple.

Proof. Let p(n) = inf{k > 1: B,,(k) > 0}, and note that the event that the multigraph formed
by the configuration model on n vertices is simple is equal to {p(n) = oco}. Proposition 3.4.17
shows that we do not observe any anomalous edges far beyond the timescale in which we explore
the largest components of the out-forest. This allows us to conclude that all of the results we
prove using the exploration up to time O(n%?) are also true conditioned on {p(n) = oo}. This

follows from the proof of Theorem 3.2 in [70]. O

The results that follow are all obtained by studying the exploration up to time O(n%/3), so

will also be true conditional on the resulting directed multigraph being simple.

3.5 Convergence of the SCCs under rescaling

In this section, we will use the convergence of the out-forest that we obtained in Section 3.4
to show that the SCCs ordered by decreasing number of edges converge under rescaling in the

dé—product topology.

3.5.1 Convergence of the out-components that contain an ancestral surplus

edge

In this subsection, we will prove that the out-components that are explored up to time O(nQ/ 3)
that contain an ancestral surplus edge converge under rescaling. Recall the definition of
(An(k),k > 1) from Subsection 3.2.1.3, and recall that the out-components that contain a
non-trivial SCC are the out-components on which (A, (k),k > 1) increases. Moreover, if

(An(k),k > 1) increases on a component, the law of the first increase time corresponds to
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the position of the tail of the first ancestral surplus edge in the component.
We first study the convergence of (HY(k),k > 1) under rescaling. This is an extension of

Proposition 3.4.1. Recall that for (B;,t > 0) a standard Brownian motion, we defined

(Bt >0) = <Bt—g++yt2,t20>,
2041

and its reflected process

(Reyt > 0) = <Bt—inf{BS:s§t},t20).

Proposition 3.5.1. We have that

(=285 (1n234)) o0 2 d (10200)) o0 0 ((025)) 0 < T)

@, <0+]§t’2gt’2((f—++y—)gt’t < T>
0+ o4+ p

in D([0,T],R)3, jointly with

(n”/i”ég (Ln2/3tj) ,n1/3p, (an/?’tD < T) EN (u_t, ;—;tZ,t < T)

in D([0,T],R)? as n — .

Proof. We use de Raphélis [43, Theorem 1], which states the convergence of the height process
of a Bienaymé forest with edge-lengths under a few conditions on the degree and edge length
distribution. We will apply this result to the Bienaymé forest with dummy and filler vertices,
as defined in Subsection 3.4.2.2.

We equip this forest with edge lengths similarly to how we equipped the out-forest with
edge-lengths when we described how to sample the candidates in Subsection 3.2.1.3. We do this
as follows. For a dummy or filler vertex with out degree d*, sample its in-degree with law Z~
for Z conditional on the event {Z+ = d*}. The in-degree of the true vertices is encoded by
(Y~ (k),k > 1). Then, for a vertex with in-degree d™, let the edges connecting it to its children
have length d~ — 1 (unless it is the root of the component, then let the edges connecting it to
its children have length d=). Let (H(k),k > 1) be the height process of the resulting forest.

We will translate the conditions of Theorem 1 in [43] to our setting and check them. The



172 CHAPTER 3. THE DIRECTED CONFIGURATION MODEL
conditions are as follows.

1. E[Zt] =1

2. 1 <E[(Z7)?] < >

3. E [Z+IL{Z_>I}] =o(z7?) as z — oo.

Under these conditions, using the notation from Subsection 3.4.2.2,

(n—1/3ydf (Lth/SJ) B (Lth/S n—1/3 prdf.t (LWQ/?’J) > 0)

1)
(d—)> <U+337 iRsa 2(U+_ ki V_)

Rg,t > O) (3.23)
0+ Mo+

in D(Ry,R)3 as n — oo. Then, we observe that the rest of the argument in Subsections 3.4.2.2
and 3.4.3 can be extended to include the height process with edge lengths. This yields the

result.

Therefore, to finish the proof, we need the conditions of Theorem 1 in [43] to hold. The

conditions are equivalent to
1. E[D*D~]| =E[D™]
E[(DT)?D]

3. E[D*D 1p-+,] =o(z72) as z — oo.

Note that the first and second conditions follow directly from the assumptions, and the third

condition is implied by E[D*(D™)3] < . O
Proposition 3.5.2. We have, jointly with the convergence in Proposition 3.5.1,
2/3 (d)
Ap (|tn*2| )t <T) — (A, t <T),

as n — oo, where (A, t > 0) is a Cox process of intensity

200, +v_) -
(=4 )
O+H

at time t. The convergence is in D(]0,T],R).
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Proof. By definition, (A, (k),k > 1) is a counting process with compensator

k7o
com, Hz(z)
A (k) = Z b i) Bati-1)=1)

>
S
—
~
~—

By Daley and Vere-Jones [41, Theorem 14.2.VIII], the claimed convergence under rescaling of
(A (k), k > 1) follows if we show that

t
comp (|4 @, (Ao—stvo) [
(An (Ltn J) t> 0) — ( P~ i Rydv,t >0 (3.24)

in D(R4,R) as n — oo jointly with the convergence in Proposition 3.5.1. Therefore, we will

now prove that Eq. (3.24) holds. Since
(n—1/315n (an/%J) > 0) LA (;_tz,t > 0)
w
in D(R4,R) as n — oo, we get that

(n*2/3 min{l > 1:n 3B, (1) > t},t > 0) 5 <min {5 >0: ;—’52 > t} b2 0>
17

=: (7(t),t > 0)

in D(R4,R) as n — oo, because (;—;tQ,t > O) is strictly increasing. Then, Proposition 3.5.1,

Lemma 3.4.11, Slutsky’s lemma and the continuous mapping theorem imply that

3] g -
Himin{l: () 2 k) ) @, (2(J+—|—1/) /t Rys)
0

—— = ,t > ds,t > 0)
= Sy (min{l : P,(l) > k}) o4 fb v_7(s)

in D(R4,R) asn — oo. If we combine this with the convergence under rescaling of (P, (k),k > 1)
from Lemma 3.4.6 and apply Lemma 3.4.11, some simple analysis then yields Eq. (3.24), which

proves the statement. ]

3.5.2 Finding the important components in the out-forest

In this subsection, we will show that, conditional on the convergence under rescaling in Propo-

sition 3.5.2, the sequence of intervals that encode the trees with ancestral surplus edges sampled
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up to time |Tn?/3/2] converges as well under rescaling. We want all of the trees that contain
such an ancestral surplus edge to be fully explored by time LTn2/ 3], so we let T be large enough
so that this is likely. To be precise, fix € > 0 and, from now on, let T" be large enough such that
inf{By,t < T} < inf{By,t < T/2} with probability at least 1 — e.

Lemma 3.5.3 is a statement about extracting excursion intervals from deterministic functions
with marks, which we will apply to the sample paths of (5”; (k),k > 1) with the increase times
of (A (k), k > 1) playing the role of the marks. The lemma tells us that if the sample paths and
increase times converge under rescaling, then the beginnings and endpoints of the excursions

above the running infimum that contain the increase times converge as well.

Let (fn(t),t <T) for n > 1, and (f(t),t <T) be functions in D(R,R), such that

(fu(),t <T) = (f(1),t <T)

in D([0,T],R) as n — oo. Assume that (f(¢),t < T') is continuous and that the local minima of
(f(t),t > 0) are unique. Moreover, let (z')1<i<m, forn > 1, and (z;)1<i<m be elements of [0, T]™
such that for all i € [m], ' — z;in [0,T] as n — oo, and such that f(z;)—inf{f(s) : s < x;} >0
for all ¢ € [m]. Moreover, assume that inf{f(¢t) : t < T} < inf{f(t) : t < z,,} and that
inf{f,(t) : t <T} <inf{f,(t):t <z} . For i € [m],n > 1, let g} be the left endpoint of the
excursion of f,, above its running infimum that contains z}', and let o' be the length of this

excursion, i.e.

gl =inf {t >0: f,(t) = inf{fn(s): s < xl'}},

o = inf {t > 0 inf{fu(s) : 5 < g + 1} < Inf{fa(s) 5 < a7}

Similarly, let g; be the left endpoint of the excursion of f above its running infimum that

contains x;, and let o; be the length of this excursion, i.e.

gi=inf{t >0: f(t) =inf{f(s) : s < xi}},

o =inf{t > 0:inf{f(s) : s < g; +t} <inf{f(s) :s <z;}}.

For S = {(ai,b;),i € [m]}, let ord(S) be a sequence consisting of the elements of S put in
decreasing order of a;, with ties broken arbitrarily, and concatenated with (0,0);>1 so that

ord(S) € (R?)*°.
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Lemma 3.5.3. We have that
ord ({(g/*,0l"): 1 <i<m})— ord ({(gs,0:) : 1 <i<m})
in (R?)> equipped with the product topology as n — 0o.

Note that if a given excursion of f above its running infimum contains multiple marks, only
one instance of its left endpoint and excursion length will appear in ord ({(g}*, o) : 1 <i < m}).
Therefore, the number of non-zero entries of ord ({(g/*,0l") : 1 <i < m}) can vary as n varies,
which is why we work in (R?)*°. This lemma is proved in Appendix 3.8.

We now apply this result to our process to extract the excursion intervals that contain
the marks representing ancestral backedges that are sampled up to time |Tn?/3/2|. We recall
the following definitions from Subsection 3.2.1.3. We have that G is the left endpoint of the
excursion of S‘; above its running infimum that encodes the out-component that contains the
1th ancestral surplus edge, and X7 is the length of this excursion. Moreover, G; and ¥; are their
continuous counterparts. Formally, for i € {1, oL Ag (LTn2/3/2J)},

G” = min {k >1: 85 (k) =min{SE+(1): 1 < X?}} and

()

s :min{k >1: min{ P11 < G?”rk} < min{gﬁ’+(l) RS Xin}}’
and fori € {1,..., A(T/2)},

G; = inf {t >0: J+Bt = inf{U+Bs 15 < XZ}} and

Y; = inf {t >0: inf{J+Bs s <G+t < inf{0+BS 15 < Xl}} .

We recall that the function ord sorts a set of elements by decreasing second coordinate and
appends an infinite sequence of zeroes; the formal definition was given before the statement of

Lemma 3.5.3.

Proposition 3.5.4. It holds that
ord ({(n*/?’(;y,n*?/%y) 1<i<A, (LTn2/3/2j> }) Wy ord ({(Gi, %) - 1< i < A(T/2)})

in the product topology on (R?)* as n — oo, jointly with the convergence in Proposition 3.5.2.
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Proof. By Skorokhod’s representation theorem, we may work on a probability space where the
convergence in Proposition 3.5.2 holds almost surely. We only consider the event on which the
convergence holds and inf{B;,t < T} < inf{B;,t < T/2} holds and claim that we can apply
Lemma 3.5.3 to the sample paths of (n_1/3§;{ (In2/3t]) ,t < T) with marks

(n—2/3Xi)
") 1<i<A, (| Tn2/3/2))

where we observe that by the convergence, for n large enough, also
inf{ Gt (Ln2/3tj) < T} < inf{ G+ <Ln2/3tj) < T/2}

holds. We check the conditions. Firstly, note that by A, (LTnQ/?’/QJ) — A(T)/2) as n — oo, we
can pick n large enough such that A, (LTnQ/S/ZJ) = A(T/2). By the local absolute continuity

of (Bt, t > 0) to a Brownian motion, its local minima are almost surely unique. Since
(An (wﬂ/ﬂ) < T/2> LT (A®R),t<T/2)

in D(R;,R) as n — oo, we observe that for all i € {1,..., A(T/2)}, n=2/3X? — X; almost
surely in R as n — oo. The intensity of the Cox process (A¢,t > 0) at time ¢ is proportional to
Ry, so R x, > 0 for all 7 almost surely. This allows us to apply Lemma 3.5.3, and the convergence

follows. O

3.5.3 Convergence of the set of candidates

By Lemma 3.5.3, we know that the intervals that encode the out-components that contain
an ancestral surplus edge converge under rescaling. This convergence holds jointly with the
convergence under rescaling of the first time-step at which an ancestral surplus edge is found
in each of these components. We will show that the positions of the other candidates in a
component converge as well under rescaling. Recall the procedure to sample candidates that is
described in Subsection 3.2.1.3.

We will now show convergence under rescaling of the sequence of candidates in a particular
component of (F,(k),k > 1) .

By Skorokhod’s representation theorem, we may work on a probability space where the con-

vergence in Propositions 3.5.2 and 3.5.4 holds almost surely. Let (g,0) € {(G;,%;) 11 < A(T/2)},
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so that, for each n large enough, we can find (gn,0n) € {(GF, X1 :i < A, (LTn2/3/2J)} such
that (gn,0n) — (g9,0). Set Vi = inf{t € [g,9 + o] : A(t) = A(g) + 1}, and similarly, set
V¥ = min{g, < k < gn + oy, : An(k) = A,(gn) + 1}, which are well-defined by definition of
g, 0, gn and o,. By construction, {g, + 1,..., gy + 0, } encodes an out-component. Call this
component Ti . We apply the procedure defined in Proposition 3.2.6 to find the candidates
in T;). Let V,(gn) denote the sequence of candidates in 7Tj . Similarly, [g,g + o] encodes a
component of the out-R-forest. Call this component 7, and apply the procedure in Subsection

3.2.2.2 to find the candidates in 7;. Denote the sequence of candidates by V(g).

Proposition 3.5.5. Jointly with the convergence in Proposition 3.5.4,

72V, (g0) s V(g)

in the product topology.

Proof. We will find a coupling such that n=2/3V,,(g,) “3 V(g). By the convergence in Proposi-
tions 3.5.2 and 3.5.4, n*2/3V1” 2 V1. In general, let V" denote the m!" candidate that is found
in Ty, and let V3, denote the mt* candidate that is found in T4. Suppose that, for some m, we
have found a coupling such that

nT2BVEL LV S (VL V). (3.25)

m

Then, V,?,, is distributed as the position of the first jump of a counting process K (k) on

[0, 00) with compensator

gomp,m+1(k) = Z ( g(l)) H{Pn(i) = Pn(i - 1) + 1}
i=Vn+1

for k € [V + 1,gn + on] and 0 otherwise, where T"™*

)

is the subtree of T} spanned by
{gn + 1, V", ..., V2 i}. Moreover, for T, the subtree of 7, spanned by {g,Vi,...,Vp, s}, and
|T| its length as encoded by (iﬁt,t > O), Vin+1 is the first jump in a counting process K,+1(t)

on [0, 00) with compensator

t
o_1+ +v_
N M
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for t € [Vi,g + o] and 0 otherwise. By the convergence under rescaling of (H.(k),k > 1)
in Proposition 3.5.1, and by Proposition 3.5.4, we get that the metric structure of 7, with
distances defined by (H.(k),k > 1), and its projection onto [n=2/3(g, + 1),n"2/3(g, + on)],
converge under rescaling to the metric structure of 7, with distances defined by

(2(0'_+ + V_)Rt . 0>
Oy p T

and its projection onto [g, g + o]. This, combined with Eq. (3.25) implies that

_ .mk s[04+ V-
(n 13y (Tﬁnw) Vi <t < g+a) g (/ﬂmmk\,vm <t §l+a>

in D([Vin,9 + 0],R;) as n — oo. Then, a similar argument to that used in the proof of

Proposition 3.5.2 implies that
( (?0mp,m+1 (Lth/?’J) Vi <t <g-+ U) =3 (Kecompm+1(t), Vi <t < g+o0),
D(R4+,R4) as n — oo. This implies that
(K ([0%/2]), 2 0) <2 (K (8), £ > 0)

in D(R4+,R4) as n — oo and, in particular, we can find a coupling such that K,,(occ) > 0 if and

only if K7 (c0) > 0 for all n large enough, and such that on this event,
2BV Vi,

If Kpp(oo) =0, set V(g) = (V1,..., Vi), Vulgn) = (VI*,..., V), and the statement follows.
If Kyn(oo) > 0, apply the induction step to (Vi,...,Viuq1) and (V{7,...,Vr ;). The fact
that |V(g)| < oo almost surely, as shown in Subsection 3.2.2.2, implies that the induction

terminates. O

The following proposition shows that also the law of the heads of the surplus edges cor-
responding to a candidate converges under rescaling. Moreover, we show convergence under
rescaling in the pointed Gromov-Hausdorff topology of an out-component with the location of

the candidates and the heads of their corresponding surplus edges.
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Proposition 3.5.6. Suppose the convergence in Propositions 3.5.2, 3.5.4 and 3.5.5 holds almost
surely. Then, for Vn(gn) = (Vi*,..., VR ), V(g) = (V1,...,VN), let W] be the index of the
vertex that the surplus edge corresponding to V" connects to. Similarly, let W; be the index of

the vertex that the surplus edge corresponding to V; connects to. Then,

(n_1/3Tg7:1, n_2/3(gn +1), <n_2/3V1”, n_Q/BWf) el (n_2/3VJGn,n_2/3W}\}n))

D (Tol, (Vi W), (Viv, W)

in the (2N + 1)-pointed Gromov-Hausdorff topology.

Proof. For S a subset of the vertices of T} , let T7! (S) denote the subtree of T spanned by S.
By definition, for m < N, W/ is the vertex corresponding to a uniform unpaired in-half-edge

of the vertices in Tj! ({gn + 1,V{",...,V;3}). By Proposition 3.5.1 and Slutsky’s lemma,

a7 2/3
t
1 (m*R) ag.<o_++u_’t20>
H,, ([tn2/3]) 2
in D(R4,R) as n — oo, which implies that the law of W] converges to the law of a uniform
vertex in T ({gn +1,V{",..., V2 }). Note that, by Theorem 3.4.1, Propositions 3.5.4 and 3.5.5,
we know that the height process of Ty converges under rescaling to the height process of 7y,

jointly with the convergence under rescaling of the positions of the candidates. By the proof of

Proposition 5.4 in [59], this implies that
(n_l/‘gT;n,n_Q/ggn + 1,072y n_2/3Vm") STy, 9, Vi, -, Vin)
in the (m 4+ 1)-pointed Gromov-Hausdorff topology. Since the relation
Ty {gn+ LV VD = | Tg (fgn + LV Vi W)

passes to the limit, with |-| denoting the length in the tree as encoded by (H, (k), k > 1), the limit
in distribution of n=2/ 3Wn is a uniform point on the subtree of T, spanned by (g, Vi,..., Vi),

which is equal to the law of W,,,. This proves the statement. O

The proofs of Propositions 3.5.5 and 3.5.6 imply the following proposition.

Proposition 3.5.7. By Skorokhod’s representation theorem, we may work on a probability space



180 CHAPTER 3. THE DIRECTED CONFIGURATION MODEL

where the convergence in Propositions 3.5.5 and 3.5.6 holds almost surely. Let T™™(g,) be the
subtree of Ty! spanned by {gn + 1, V",..., VY }, and similarly, let T™(g) be the subtree of Ty

spanned by {g,V1,...,Vn}. Then, also

(nil/?’T"’mk(gn),n*Q/‘g(gn +1), <n72/3V1”,n*2/3W1") el <n72/3Vﬁn,n72/3Wﬁ;n>>

N (ka(g), g, (Vi, W), ..., (Vw, WN))

almost surely in the (2N + 1)-pointed Gromov-Hausdorff topology as n — oo. Also the total

length in the trees converges, i.e.
n71/3 ‘Tn,mk(gn>’ N ‘ka(g)‘

almost surely as n — oo.

We now identify the candidates, as described in Subsection 3.2.1.3. In T™™k(g,,), set V;* ~
W for each 1 <i < Ny, and set My := T%(g,)/ ~. Moreover, in T™(g), set V; ~ W; for
each 1 <i < N, and set M, := T™%(g)/ ~. View both as elements of G in the natural way. To
be precise, in Mg , let the vertex set consist of g, +1, W/ for ¢ < N, and the branch points
Vit AV for i # 7 < N,. Similarly, in My, let the vertex set consist of g, W; for i« < N, and

the branch points V; AV for 7 # j < N. Then we have the following proposition.

Proposition 3.5.8. On the probability space where the convergence in Propositions 3.5.5 and

8.5.6 holds almost surely, n*1/3M;n S M,y in 5
Proof. The proof is analogous to the proof of Proposition 5.6 in [59]. O

Proposition 3.5.9. On the probability space where the convergence in Propositions 3.5.5 and
3.5.6 holds almost surely, the SCCs in n_1/3Mg”", listed in decreasing order of length, converge

to the SCCs in Mg, listed in decreasing order of length, in G almost surely as n — oo.

Proof. This follows from Proposition 5.3 in [59]. This proposition requires that the lengths
of the SCCs in M, have different lengths almost surely, which is the content of Proposition
3.2.10. -

Proposition 3.5.10. Let T > 0, and let (C¥'(n),i > 1) be the kernels of the SCCs that contain

a candidate with label at most [Tn?/3/2|, ordered by length. Similarly, let (CI,i > 1) be the
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kernels of the SCCs obtained from the out-R-forest with a candidate before time T/2, ordered
by length. Then,
(n13CT (n),i > 1) W i>1)

in the g—product topology, as n — 0.

Proof. This follows from Proposition 3.5.4, Proposition 3.5.9, and the fact that all SCCs in the

limit object have a different length by Proposition 3.2.10. O

Finally, we claim that we can choose T large enough such that the SCCs with the highest
number of edges are explored before time LTnQ/ 3|. This is the content of the following lemma.

The proof is in the same spirit as Aldous [12, Lemma 9].

Lemma 3.5.11. For § > 0 and I an interval, let SCC(n,1,0) denote the number of SCCs

1/3

whose vertices have at total of at least on'/> in-edges (including those which are not part of the

SCC) and whose time of first discovery is in n**I. Then,

lim limsupP (SCC(n, (s,00),6) > 1) =0 for all § > 0.

5—+00 n

Proof. Fix § > 0. Suppose there is an SCC C with vn!/3 total in-edges. Conditionally on this
fact, the in-edges that are paired up until the time the first in-edge of C' is paired are uniform
picks (without replacement) from the total set of in-edges. We use Z, to denote the time of
discovery of the first in-edge of C' multiplied by n~=2/3. Then, =, —@—> Exp(v). Fix e > 0. We

have that, by the memoryless property at time s,
P(SCC (n,(s,2s),0) = 0[SCC (n,(s,00),5) > 1)

is asymptotically bounded from above by exp(—sd) by the memoryless property at time s. So

that we can find an s > 0 such that for all n large enough,
P(SCC (n,(s,00),0) > 1 and SCC (n,(s,2s),0) =0) < e.
We claim that, by possibly increasing s and n, we also get that

P(SCC (n,(s,2s),0) =0) > 1 —,



182 CHAPTER 3. THE DIRECTED CONFIGURATION MODEL

which proves the statement. Firstly, we observe that the ratio of the length of an SC'C and

0',++I/,

om by the proof of Proposition 3.5.6. Then,

its total in-degree are asymptotically equal to

note that it is clear from the description of the limit process that, for s large enough, with

probability at most €/2, an SCC with total length at least a,+u+u, ¢ is discovered after time s.
By the convergence of the exploration process on compact time intervals, by choosing n large

enough, we can then ensure that
P(SCC (n,(s,2s),0) =0) >1—e.

We conclude that

P(SCC (n,(s,00),0) > 1) < 2e. O

Note that the number of edges in an SCC is bounded from below by the total number of
in-edges of vertices in the SCC.
We now show that for any j and any € > 0, we can pick 7" large enough such the j largest

components in (C;,i > 1) are contained in (C;,i > 1) with probability at least 1 — .

Lemma 3.5.12. For all j holds that

Thgop(w <jCe(C,i>1)=1
Proof. Fix € > 0. By [59, Proposition 5.10] adapted to our limit object, for k large enough,
with probability 1 — €/2, the j largest components of (C;,i > 1) are contained in the k largest
components of the out-forest with identifications. Moreover, for T large enough, with probability
1—€/2, the k largest excursions above the infimum of a Brownian motion with negative parabolic

drift occur before time T' (see [15, Section 3]). This implies the statement. O

Theorem 3.1.1 then follows from Proposition 3.5.10, Lemma 3.5.11 and Lemma 3.5.12.

3.6 Open problems

Our work contains the first quantitative results on the directed configuration model at criticality,
and is the second metric space convergence result for a directed graph model (after the directed

Erdés-Rényi graph was studied in [59]), and many interesting unresolved questions remain.
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1. The law of our limit object is defined by three parameters that are functions of the (mixed)
moments of the degree distribution. Does a different choice of parameters always give a

different limit distribution? If so, are the laws absolutely continuous to one another?

2. Our methods show that the diameter of the configuration model at criticality is Q(n'/3)
in probability, which is in contrast with the off-critical cases (for deterministic degrees),
in which the diameter is ©(log(n)) in probability [30]. We conjecture that the diameter
is in fact ©(n'/3) in probability. Goldschmidt and Maazoun are working on this question

for the directed Erdds-Rényi graph at criticality.

3. In [59], the authors show convergence of the sequence of SCCs in the ¢;-sense, which is
stronger than the product topology as considered by us. This for example implies that for
the directed Erdds-Rényi graph, under rescaling, the total length in the SCCs converges
in distribution to some finite random variable. Also for undirected configuration models,
there are no results that show metric space convergence in a topology on the sequence of

components that is stronger than the product topology [24, 37, 23].

4. We conjecture that, just like the directed Erddés-Rényi graph [59], the directed config-
uration model gives rise to a critical window, that in some sense interpolates between
subcritical and supercritical models. It would be interesting to adapt our methods to the

critical window.

5. In future work, we plan to extend our understanding of the SCCs by studying the directed
graphs in which they are embedded. A first step would be to study all vertices that can
be reached from the non-trivial strongly components. This would illuminate connections
between the SCCs and expose the fractal structure of the directed graph, which is not

observed when only studying the SCCs themselves.

6. Another natural next step is to study the model under weaker moment conditions. The
first condition to eliminate would be E [(D™)(DT)7]| < oo for (i,7) = (1,3) and (i,j) =
(3,1). Removing the former condition would in some sense make the identifications less
uniform on the ancestral lines. To be precise, (H’(k)/H(k),k > 0) will not necessarily
converge to a constant process under rescaling of time, which means that the in-edges that
can be used to form surplus edges are spread out less uniformly on the out-components.

We have reason to believe that this would place the model in a different universality class,
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but further research is needed to confirm this. Removing the latter condition requires
an adaptation of the proof of Proposition 3.4.17 that does not use the Cauchy-Schwarz
inequality. Also the heavy-tailed case is not well-understood, but given our results, it is
natural to expect that a potential limit object would be embedded in a tilted stable tree
as defined in [37]. Moreover, one could define hybrid models by letting the tail-behaviour

of the in- and out-degrees be different.

7. We conjecture that the rank-1 inhomogeneous directed random graph model under suitable
conditions is part of the same universality class as the directed Erdés-Rényi graph [59]
and the model we consider in this work. We believe that our methods and the methods of
[59] can be adapted to obtain a metric space scaling limit for the inhomogeneous directed

random graph model, and we intend to pursue this in future work.
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3.7 Multivariate triangular local limit theorem

The goal of this section is to prove Theorem 3.3.16. This can be deduced from Mukhin [87,
Corollary 1]. However, Mukhin’s result is more general than is needed to prove Theorem 3.3.16.
As a result, the conditions which we need to check in order to apply Mukhin’s result are rather
complicated. Instead, we offer here an elementary proof.

First, we recall some definitions. An R%valued random variable X is lattice if it is non-
degenerate and is supported on the translation of some lattice. The symmetrisation of X is
given by X* = X; — Xy where X; and X5 are independent copies of X. If X is lattice, the

main lattice of X is given by
o0
A= U {30 nixt i n; € Z and x} € supp(X*) foralli =1,...,m}.
m=1

Now we restate Theorem 3.3.16.

Theorem 3.3.16. For each n > 1 let X,, be an R% valued random variable and

Xn,bXn,Qa cee 7Xnn

)

be i.i.d. copies of X,. Assume that the following holds:

1. There exists a random variable X such that X, ﬂ X as n — 00.

2. (|IXnll*)n>1 is a uniformly integrable sequence of random variables. Explicitly
Llim sup E [|| X, [*1 {[|Xx[* > L}] = 0. (3.10)
—00 n

3. For alln, X,, and X are lattice with common main lattice A.

Then X has finite second moment. Further, for each n let ¢, be an arbitrary element in the

support of Y1 Xy ;. Then uniformly fory € c, + A,
n — _ —nE[X,
P(Zi:l Xpi= y) =n9/2 det(A) f (xp(y)) + 0 (n d/Q) where  xp,(y) = %i]
and f is the density of a N(0,Cov(X)) distribution. This means that

lim sup ’nd/2P< Yo X = Y> — det(A) f(xn(y))| = 0.

n—o0 yEanrA
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Before we prove Theorem 3.3.16, we first prove a sequence of lemmas. Our proof of the local
limit theorem will use characteristic functions. Let X be R%valued. We use the convention

that the characteristic function of X is given by

The following lemma shows the points at which the characteristic function of a lattice random
variables attains 1 in absolute value can be precisely characterised when the main lattice is

known. This is an adaptation of [96, P.67, T1].

Lemma 3.7.1. Suppose X is lattice with main lattice Z¢ and characteristic function ¢. Then

|p(a)| = 1 if and only if u € (2wZ)%.

Proof. If every coordinate of u is a multiple of 27, then u - X has support in ¢t + 277 for some
t € R. Therefore ™ is constant and hence |¢p(u)| = 1.

For the converse, note the characteristic function of the symmetrisation X* satisfies
. « . . . 2
E |:ezu~X ] ) [ezuxl} E [e—quQ} = |E [equH —1

Thus ¢™*" € 27Z for all x* in the support of X*. Since the fundamental lattice of X is Z<,

there exists xJ,..., X}, in the support of X* and kq, ...,k € Z such that

> kixi = (1,0,...,0).
=1

Therefore,

m
ut) = Zkiu - X; € 217
i=1

Repeating this argument for the other coordinates of u shows all coordinates of u are multiples

of 2. O

The next lemma shows convergence of the means and covariance of X,, to that of X, and
moreover shows the uniform integrability condition still holds after centering the random vari-

ables.

Lemma 3.7.2. Suppose conditions (1) and (2) of Theorem 3.3.16 hold. Then, as n — oo,

EX,] = E[X] and Cov(X,)— Cov(X).
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Further for each n, let X,, = X,, — E[X,,], and X = X — E[X]. Then the uniform integrability

condition in Eq. (3.10) holds for the centered random variables (Xp,)n>1. This means that
lim supE [HXnHQ]I {HXHHQ > LH =0.
L—oco pn

Proof. By Skorokhod’s representation theorem, we can assume without loss of generality that
(X,)n>1 and X are in the same probability space and X,, — X almost surely as n — oc.
Then, the condition in Eq. (3.10) gives uniform integrability of (||Xy||3),>1. Thus, by Vitali’s
convergence theorem, X,, — X in L? as n — oco. Therefore, X has finite second moment and
the mean and covariance of X,, converge to that of X.

Since the means converge, the centerings X,, — X in L? as n — oo also. Thus, (||X,[|3)n>1

is uniformly integrable by the converse statement in Vitali’s theorem, as required. O

The following lemma shows that we have a normal central limit theorem.

Lemma 3.7.3. Suppose we are in the setting of Theorem 3.3.16. Then

N 3 (X — E[X]) % N0, 3)
i=1

as n — 00.

Proof. We use the Lindeberg-Feller central limit theorem. We will use the notation ¥ = Cov(X),
Y, = Cov(X,), Xn,i =X, ; —E[X,,] and X, =X, — E[X,,]. We will reduce the problem to the

one-dimensional case. By the Cramér—Wold device it is sufficient to show that

Il . - @

— Y u-X,; — NO,u-Xu)
Ja X
i=1

for all u € R%. Define

1 A~
An,i = ﬁu : Xn,i-

Then by the version of the Lindeberg—Feller central limit theorem stated by Durrett in [52,

P.128-129, Theorem 3.4.10], to complete the proof it suffices to check that
L limy o0 iy E[42 ] = u- Su.

2. For all € > 0, limy-yo0 7y E[ 42,1 {|4n] > ¢} | = 0.
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To check condition (1),
n
. 2 _ . . S 2 _ . . — .
nh_)rgoz;E[Am] —nh_{goE[(u X5) ] nh_}r&u You=u-Xu
=

by Lemma 3.7.2. To check condition (2), for all € > 0

JL%O;E{AZJI{ (| Ani| > e}} = lim E[(u - X,)%1 {(u X% > eQnH

n—oo
X2 {W 12> <
X, ll71 X, >n}
[l

~ ~ 62
1%21 {kaw > n}
e

IN

[ul* lim E
n—oo

< [ul* lim supE

=0

by Lemma 3.7.2. O

The last lemma we prove provides bounds on the absolute value of the characteristic func-

tions of X,,. This will be used to apply the dominated convergence theorem in the main proof.

Lemma 3.7.4. Suppose we are in the setting of Theorem 3.3.16. Moreover assume that the
common main lattice A is Z2. Let ¢n(u) be the characteristic function of X, = X, — E[X,].

Then there exist ,¢ > 0, p € (0,1) and N such that for alln > N
1. |pp(u)] <1 —c||ul? for all u € S(5), and
2. |pn(u)| < p for allu e S(m) \ S(9)

where, for all v > 0, S(r) = [—r,r]¢.

Proof. Firstly we use a analytical lemma stated by Durrett in [52, P.116, Lemma 3.3.19]. By

that lemma, there exists a constant A > 0 such that
e — (1 + iz — 32%)| < Amin{|z|,1}2?
for all x € R. Then applying this with z = u - (X,, — E[X,,])

|pn(u)| < ‘1 - %u . Cov(Xn)u‘ + Ry (u)
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where

Ry (u) < AE [min{|u Xnl, 1} (u- Xn)ﬂ .
We provide bounds on R, and |1 — u- Cov(X,)u|, starting with |1 — Ju - Cov(X,)ul.

Let Aminn, and Apax, be the minimum and maximum eigenvalues of Cov(X,,) respectively.

Then, by standard theory for quadratic forms,
Aming |1l < u- Cov(Xp)u < Apaxn |[ul?.

Moreover, let Apin and Apax be the minimum and maximum eigenvalues of Cov(X) respec-
tively. The eigenvalues of a matrix are continuous in its entries and Cov(X,,) — Cov(X) by

Lemma 3.7.2. Therefore Apin, — Amin and Amaxn — Amax as 1 — 00.

We have assumed that Cov(X) is non-degenerate thus Ay, > 0. Hence, there exists N such
that for all n > N,

1
iAmin S )\minn S Amaxn S 2>\max-

There also exists d; > 0 sufficiently small that Apayx|lul|? < 1 for all u € S(6;). Then for all

n > N and u € S(d1),
11— tu- Cov(Xp)u| =1— tu- Cov(X,)u<1-— i)\minHuHQ. (3.26)
To bound R,,, by the Cauchy-Schwarz inequality

Rp(u) < AEq(u)[ul®  where By (u) = Emin{uf| X, 1}{|Xx]|).

Then for all L > 0, splitting the expectation into the case where ||X,,||? < L? and the case when

Xl > L2,

sup En(u) < L2 min{L|[u|, 1} + supE [I!Xn!Pﬂ {Hxnuz > LQ}]

— stTllpE [HXnHQﬂ {HX””2 > LQH

as u — 0. This holds for all L > 0, hence taking the limit L — oo and using Lemma 3.7.2 we
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obtain that limy_,osup,, F,(u) = 0. Thus, there exists do such that for all u € S(d2)

Rp(1) < = Amin]|ul?. (3.27)

col

Thus setting § = min {d1, d2}, for all n > N and u € S(9)
[én(w)] < 1 —c|ulf?,

where ¢ = ékmin.

We now address the second bound. let ¢ be the characteristic function of X. We assume
X has main lattice Z¢, thus |¢(u)| = 1 if and only if every entry of u is a multiple of 27 by
Lemma 3.7.1. In particular |¢(u)| < 1 for all u € S(m) \ S(J). ¢ is continuous and S(7) \ S(0)

is compact. Therefore there exists e > 0 such that supues(ﬂ)\s(é)\d)(u)] <l-e

d
Since X, Q X as n — 00, ¢ — ¢ uniformly on compact sets. Therefore there exists NV
such that for all n > N

sup  |gn(w)] < p=1- ke a
ueS(m)\S(9)

We are finally ready to prove Theorem 3.3.16

Proof of Theorem 3.3.16. We first address the case where the main lattice of X and all X,, is

Z%. The main trick in the proof is to notice that if n is integer valued then

|
ﬂ{nzO}:%/ e du.

-7

Forally € ¢, + Z4, >0 | X,,; —y € Z¢, s0

1 - n— Xni_
(27)d /s@r)ell(zu Y

n
P (an = y> —E
=1

1 n_—iu-(y—n
= gy O

where ¢, (u) = E[e™Xn—EXal)] and S(r) = [—r, 7] for all 7 > 0. Recall

X, =n" 2 (y — nE[X,]).
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Then, changing variables with s = y/nu,

n 1 .
n?/2p Xi=y| = / On(s/\/n)"e ®*n ds.
> X, o [ )

By the Fourier inversion theorem,

1 —18-X
109 = g [ vl s

where 1) is the characteristic function of the N (0, Cov(X)) distribution. Therefore

sup ‘ndﬂP i Xni=y) — f(xn(y»‘
yGCn+A

= sup
yEcn+A

< [ [istem®)on(s/ v = 6| s

We apply the dominated convergence theorem. To dominate the integrand, first note that

/Rd <ﬂ5(ﬂ\/ﬁ) (s)pn(s/vn)" — w(S)) e~ %n(y) qg

is integrable. Secondly let d, ¢, p and N be as in Lemma 3.7.4. For all n > N and for all
s € S(6y/n),
|6 (s/v/n)|™ < (1= cl|s]|?/n)" < e=cllsl,

Let C = —log(p). Note if s € S(my/n) then [s|* < xdn. Thus for all n > N and s €
S(my/m) \ S(dv/n)
|fn(s/V/R)|" < O < el

Hence for all n > N,

Loy (8)0n(8/ V)" — (8)| < e I 4 & 5 4 (o)

where, in particular, the right hand side is integrable. By Lemma 3.7.3,

Pn(s/V/n)" = ()

as n — oo for all s € R%, Thus for all s € R?

L (rym) (8)(s/v/n)" = 1) (s)
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as n — oo. Hence by the dominated convergence theorem

lim sup nd/2p i Xni=y) — f(xa)| =0,
n—oo yecn+A

as required.

Finally we generalise to any main lattice A. Suppose that A is generated by the columns of
the invertible matrix A. Then A, viewed as a linear transform, is a isomorphism mapping Z¢
to A. Thus A~!'X,, and A~'X will have common lattice Z¢ for all n. Moreover we can check
the remaining assumptions of Theorem 3.3.16 still hold, thus uniformly for y in the translation

of A containing the support of Y- | X, ;,

P(ZA_IXTL,Z' = A_1y> — ;’v exp (_;(A—lxn)Ti—l(A—lxn)) + O(?’L_d/z).
i=1 (27n)d det 2

where ¥ = Cov(A~'X). This simplifies to

exp <—1XT(ASAT)1Xn> + o(n™?),
(2mn)d det

We have that
> = Cov(A™1X) = A~ Cov(X) (41T,

Therefore
det(X) = det(A) ™2 det(Cov(X)) = det(A) 2 det(Cov (X))
and so
- det(A) < L7 -1 ) —d/2
P Xni= = exp | —=x,, Cov(X) "x, | +o(n ,
(2 ’ y) J@mmidet(CovX) T\ 2 X) (=)
as required. O

3.8 Proof of technical lemmas

Proof of Lemma 3.4.12. Denote gy (s) = inf{t : f,(t) > s} and g(s) = inf{t : f(t) > s}. By
Proposition 3.6.5 in the book by Ethier and Kurtz [53], it is sufficient to show that for any

s > 0, for any s,, — s,



3.8. PROOF OF TECHNICAL LEMMAS 193

1. max{|gn(sn) = 9(5)], [gn(sn) — g(s=)[} = 0;
2. fuy, < s, for all n, s, = s, up, — s and g,(s,) = g(s—), then g, (u,) — g(s—);
3. If up, > sy for all m, s, = s, up, = s and gpn(sn) — g(s), then g, (u,) — g(s).

Fix s > 0. If g(s—) = g(s), the result is straightforward, so we focus on g(s—) < g(s).

We start by proving the first property. Fix ¢ > 0 and suppose s, — s. We observe that
g(s—) < g(s) implies that f has a local maximum at g(s—) and that f(g(s—)) = f(g(s)) = s.
By the uniqueness of local maxima of f and the definition of g, there exists a §; > 0 such that
for all ¢ < g(s—) — €, we have that f(t) < s — ;. Similarly, there exists a d2 > 0 such that for

all g(s—) + e <t <g(s)—e¢, we have that f(t) < s — d2. Moreover, define

5 = sup {f(t) : g(s) < t < gls) + ¢} — s,

so that, by definition of g, we have that d3 > 0. Define § = min{dy, d2, d3}. Now, let n be large

enough such that sup,cpo g(s)4 [fn(s) — f(s)] < /2 and [s;, — s[ < §/2. Then, it holds that
L. fo(t) <s—46/2 <spforallt <g(s—)—g¢
2. falt) <s—0<syforall g(s—)+e<t<g(s)—e
3. There is a g(s) <t < g(s) + € such that f,(t) > s+ /2> sp.

These tree facts imply that g, (s,) C [g(s—) —€,9(s—) + €] U [g(s) — €, g(s) + €], which proves
the first of the three conditions.
Then, the second and third property follow immediately from the first property and the

monotonicity of g, and g. O

Proof of Lemma 3.5.3. First, note that ¢/*, o7, g;, and o; are well-defined for all i € [m], n > 1
by inf{f(¢t) : ¢t <T} <inf{f(t) : t < ap} and inf{f,(¢) : t < T} <inf{fn(t) : t < 2} }.

Fix 2. We will first show that g — g; and 0" — o0; as n — oo. Firstly, note that by the
assumption that f(z;) —inf{f(s) : s < z;} > 0 and the continuity of f, g; < z; < g; + 0;. Fix
0 < e < min{x; — g;,9; + 0; — x;}/2. We claim that the following conditions are sufficient for

g;" — g; and o}’ — 0; as n — oo. For all n large enough,
l.gg+e<al} <gi+o;—¢€

2. inf{fn(s):s€(gi— €09 +¢€} <inf{fn(s):s € [gi+€9g + o0 — €},
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3. inf {fn(s):s€(gi—€,09 +¢€)} <inf{fn(s):s€[0,9; — €|},
4. inf{fu(s) :s € (9i +0i —€,9i + 0i + €)} <inf {fn(s) : s € [0,9i + 07 — €]}

Indeed, conditions 1, 2 and 3 imply |g]" — ¢;| < €, while conditions 1, 2 and 4 imply |(¢]" +
o) — (gi + 0;)| < e. Note that condition 1 holds for n large enough by definition of € and the

convergence of 7' to x;. To show the other conditions, define

hh=inf{f(s):s€lgit+egi+oi—€}—inf{f(s):s€(gi—¢€9 +¢€}
do=inf{f(s):s€[0,gi — €|} —inf{f(s):s€(gi—€,9 +¢€}

d3 =1inf{f(s):s€[0,gi +0i —€|} —inf{f(s):s€ (¢gi+0i —€,9i+0i+¢€)}.

By uniqueness of local minima and the definition of g; and o;, we have § := min{dy, d2, d3}/3 > 0.
Then, note that for n large enough, sup{|fn.(s) — f(s)| : s < g;+€} < ¢, which implies conditions
2, 3, and 4 for such n.

Since ¢ was arbitrary, and m is finite, we find that

(91", Ufl)lgigm — (9, 0’1;)1§i§m

in R?™ as n — oo.

We now claim that g;* — g¢; and g7 — g; implies that g;* = g for n large enough. Indeed,
by definition of g;*, g7 and o', we have that gi < g7 implies that ¢gi — g/ > 07", and by the
argument above, 07" = ¢; > 0, so g;" — g} — 0 can only hold if g; = g7 for n large enough. This
implies that

#{(g;',07") 1 <i<m}— #{(gi,0:) : 1 <i<m}.

Then, the result follows. O
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Chapter 4

Conclusion

In this section, I will discuss other research that I have undertaken during my doctorate but

which is not included in this thesis, as well as future research directions.

4.1 Random trees

In Chapter 2, we used the bijection between T (n) and [n]"~! that was introduced by Addario-
Berry, the author, Maazoun and Martin in [11], restricted to trees with a particular degree
sequence, to study the height of uniformly random trees with a given degree sequence. We
discuss some extensions and further applications of the bijection.

Firstly, as discussed in [11], for any n and k the bijection can be extended to unrooted trees
with vertex set [n], forests with with vertex set [n] and k trees, and rooted trees with vertex
set [n] and k marks on vertices, which yields a straightforward procedure to sample uniformly
random elements in these classes. This has some powerful applications. For example, when
we use the bijection to sample a uniform rooted tree with vertex set [n] and 1 mark, the path
between the root and the mark is encoded by the elements of the sequence up to the first repeat.
If we then consider the bijection between rooted trees with vertex set [n] and 1 mark and maps
f : [n] = [n], the path between the root and the mark encodes the cyclic structure of the map,
and we get immediate access to the law of the cyclic structure in a uniform map by studying the
law of the random sequence up to the first repeat. By further exploiting this encoding, we can
obtain easy new proofs for the results by Aldous and Pitman on the asymptotics of uniformly
random mappings in [17].

Furthermore, in [11], we define a growth procedure for random trees with a given degree

195
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sequence. To be precise, given a degree sequence d = (dy, ..., d,), a natural number d’ > 0 and
a Tq €y Tq, we define a procedure to obtain a rooted tree with the law of a uniformly random
element of 7q with degree sequence d’ = (dy,...,dy,,d’,0,...,0) by a random local regrafting
of Tq. This in particular gives a new straightforward method to grow uniformly random d-ary
trees with n vertices. The existence of a ‘nice’ growth procedure for uniformly random objects
in a class C, from objects in a class C,_1 is often an ingredient in showing that a Markov
chain defined on C,, with the uniform distribution on C,, as its stationary distribution mixes in
polynomial time, so the new growth procedure for trees with a given degree sequence may have
applications in this direction that the author and Caraceni will explore in future work.

A further application of the bijection, that is also discussed in Chapter 2, is to tree-rooted
graphs. Consider a multiset M of elements of [n] with size (counted with multiplicity) at least
n — 1. Then construct a sequence of length n — 1 by uniform sampling without replacement
from M, and consider the tree T on [n] encoded by this sequence via the bijection. (If M itself
has n — 1 elements then T has the law of a uniform tree with a given degree sequence, where for
i € [n], the multiplicity of ¢ in M is the degree of i in T. More generally, the number of copies
of 7 in the subsample is the degree of 7 in T, and T is a uniform tree with this degree sequence.)
It turns out that T has the law of a uniform spanning tree of a random tree-rooted graph with
degree sequence defined by M. In [5], a different sampling method is used to show that in
the finite variance regime, the spanning trees of large random tree-rooted graphs converge after
rescaling to the Brownian continuum random tree. In future work, Addario-Berry and the
author plan to build on the current work to study distances in and convergence of random

tree-rooted graphs for other degree regimes.

Other future directions of this line of research are discussed in Section 2.5.

4.2 The configuration model

In [46], we show joint convergence under rescaling of the height process and Lukasiewicz path
of forests of supercritical Bienaymé trees for which the Lukasiewicz path under rescaling lies in
the domain of attraction of a supercritical Lévy process. This extends the results by Duquesne
and Le Gall [50] that only cover forests for which the Lukasiewicz path under rescaling is in the
domain of attraction of a critical or subcritical Lévy process. Moreover, the limit object of the

corresponding height process is the height process of a supercritical continuous state branching
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process as constructed by Lambert [75], illustrating that his definition is consistent with the

discrete height process.

Then, in the second part of the paper, we use the result to obtain the metric space scaling
limit of a uniformly random graph with an i.i.d. degree sequence in the a-stable regime in the
critical window. This extends the result by Conchon-Kerjan and Goldschmidt [37], who show the
result at one point in the critical window. The limit object that they obtain is called the stable
graph. We show that the critical window that we consider corresponds to bond percolation
on a uniformly random graph with a supercritical i.i.d. degree sequence with power-law tail

behaviour.

In an upcoming work [47], we discuss a new critical window for the configuration model
that is defined via inhomogeneous site-percolation where a vertex with degree d is closed at a
rate proportional to its degree. We will now give a more formal definition of the model that
we consider. Let a € (1,2). We consider n vertices and let their degrees be i.i.d. samples
(D1,...,D,). We require, firstly, that P(D; = k) ~ ck=(®t2) for some ¢ > 0 so that we are
in the a-stable regime and, secondly, that E[D?] = 2E[D;] =: 2u so that we are at the critical
point. Then, we sample a uniform graph with this degree sequence, fix a A € 0 and then
close a vertex of degree d with probability 1 — e_%nil/(aﬂ)d. We then show Gromov—Hausdorff—
Prokhorov convergence of the largest components under rescaling. Notably, under this definition
of the critical window, the components of the limit object are independent conditional on their
sizes and are small copies of the components of the stable graph. A similar result cannot be
expected to hold when the critical window is defined with bond percolation. Namely, in the
stable graph, branchpoints are hubs with infinite degree with different local times. These hubs
are not affected by cutting according to the length-measure or bond percolation, so performing
such a procedure creates small components with atypically large hubs, which cannot have the
same law as small components of the stable graph. There are striking analogies between the
limit object as obtained by us in [47] and the limit under rescaling of the Erdés—Rényi graph
in the critical window, which suggests that the procedure as considered by us is the natural

definition of the critical window for the heavy-tailed configuration model.

For the model that we consider in [47], there is a natural coupling between the model at
different values of A that can be considered as a process in time, analogous to the coupling of the
critical window in the Erdés—Rényi graph. In future work, we want to show joint convergence

under rescaling in the critical window as a whole. As a first step, we want to show convergence of
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the component sizes as a process in time and we later want to extend this to GHP-convergence
of the components themselves as a process in time, echoing the results of Rossignol on the
Erd6s—Rényi graph [93].

Also many natural questions remain for the directed configuration model, as discussed in
Section 3.6. In particular, we are interested in studying the model under different moment
conditions, which will likely reveal as yet undiscovered limit objects and universality classes.
Furthermore, we will extend our understanding of the strongly connected components by study-
ing the directed graphs in which they are embedded. A first step will be to study all vertices
that are accessible from the non-trivial strongly connected components by a single directed path.
This will in particular reveal the oriented paths between the strongly connected components
and expose the fractal structure of the directed graph, which is not observed when only studying
the strongly connected components. These questions will be the content of future work of the

author, Goldschmidt and Xie.
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