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Abstract

The Holme—Kim random graph process is a variant of the Barabasi—Albert scale-free
graph that was designed to exhibit clustering. In this paper we show that whether the
model does indeed exhibit clustering depends on how we define the clustering coefficient.
In fact, we find that the local clustering coefficient typically remains positive whereas
global clustering tends to O at a slow rate. These and other results are proven via
martingale techniques, such as Freedman’s concentration inequality combined with a
bootstrapping argument.
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1. Introduction

The theory of random graphs traces its beginnings to the seminal work of Erdos and Rényi [8].
For about 40 years, most papers in this area were concerned with homogeneous models, where
vertices are statistically indistinguishable. The original Erd6s—Rényi model and random regular
graphs both fall into this category; see [2] and [11].

More recently, inhomogeneous random graphs have also gained prominence, as large-scale
networks of social, biological, and technological origins tend to be very far from homogeneous.
Research on models of such ‘complex networks” has attracted much interest in statistical physics,
systems biology, sociology, and computer science, as well as in mathematics. We will not
attempt to survey this huge area of research, but the interested reader is directed to [13] for a
broad survey of the nonrigorous literature and to [6], [7], and [15] for compendia of rigorous
results for many different models.

Two important complex network features are especially important for this paper. The first one
is the power-law, or scale-free, degree distribution. It is believed that many real-life networks
have constant average degree (relative to network size) but a highly skewed degree distribution,
where the fraction of nodes of degree k behaves roughly as k~# for some g > 1. This contrasts
with the Poisson degree distribution of sparse Erdos—Rényi graphs. A well-known scale-free
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model is the seminal Barabasi—Albert preferential attachment random graph model; see [1]
and [4]. In this case § = 3 is the power-law exponent, but any 2 < 8 < 3 may be achieved by
minor modifications of the process; see [5].

Another important feature of certain social and metabolic networks is so-called clustering,
meaning that ‘friends of friends tend to be friends’. That is, if a node v is connected to both w
and u then u and w are likely to be connected. This trait is not captured by the Barabasi—Albert
model, but the small-world model of Strogatz and Watts [16], which is also extremely well
known, does have this property (but has no power law).

1.1. The Holme-Kim model

In this paper we provide a rigorous analysis of a specific nonhomogeneous random graph
model, whose motivation was to combine scale-freeness and clustering. This model was
introduced in 2001 by Holme and Kim [10]. The Holme—Kim (HK) model describes a random
sequence of graphs {G;};cn that we formally define in Section 3. Here we provide an informal
description of this evolution. Fix two parameters p € [0, 1] and a positive integer m > 1, and
start with a graph G1. For ¢t > 1, the evolution from G;_; to G; consists of the addition of a
new vertex v, and m new edges between v, and the vertices already in G,_1. These m edges
are added sequentially in the following fashion.

e The first edge is always attached following the preferential attachment (PA) mechanism,
that is, it connects to a previously existing node w with probability proportional to the
degree of w in G,_1.

e Each of the m — 1 remaining edges makes a random decision on how to attach.

e With probability p, the edge is attached according to the triad formation (TF)
mechanism. Let w’ be the node of G;_; to which the immediately preceding edge
was attached. Then the current edge connects to a neighbor w of w’ chosen with
probability proportional to number of edges between w and w’.

e With probability 1 — p (p € [0, 1] fixed), the edge follows the same PA mechanism
as the first edge (with fresh random choices). That is to say, the random choice
of vertex w’ to connect to is made independently of all other choices made up to
this point.

The p = 0 case of this process, where only preferential attachment steps are performed, is
essentially the Barabdsi—Albert model [1]. The triad formation steps, on the other hand, are
reminiscent of the copying model by Kumar et al. [12]. Holme and Kim argued on the basis
of simulations and nonrigorous analysis that their model has the properties of scale-freeness
and positive clustering. Still regarding the HK model, Ostroumova et al. [14] argued that it has
vanishing clustering coefficient, although the argument lacks mathematical rigor.

Our rigorous results partly confirm their findings. The power-law degree distribution can be
checked by known methods. On the other hand, we show that there are aspects of the clustering
phenomenon (or lack thereof) that were not made evident in [10]. We will see that the question
of whether the HK model has clustering admits two different answers depending on how we
define clustering. In fact, we will argue that this same phenomenon should hold for a wide
variety of network models.
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1.2. Two distinct clustering coefficients

We start by providing some graph-theoretic definitions, valid for any graph G. We state
these somewhat informally below and give precise definitions in Section 2.

e A triangle in G is a set of three vertices that are mutually connected by edges.

e A cherry (or path of length two) in G is a set of three vertices {u, v, w} of G where v and w
are both adjacent to v (we call v the middle vertex). Observe that a triangle contains
three cherries.

e The local clustering coefficient GIGOC measures the average, over vertices v of G, of the
fraction of pairs of neighbors of v that are connected by edges. That is, if each pair of
neighbors of v counts as a ‘potential triangle involving v’, then @]GOC is the average over
the vertices v of the ratio of ‘actual triangles involving v’ to ‘potential triangles involving

b}

v.

e The global clustering coefficient Gglo measures the fraction of all cherriesu ~ v ~ w
in G that also sat1sﬁes u~ w. If we count each cherry u ~ v ~ w as a ‘potential
triangle’ in G then @g measures the ratio of actual to potential triangles in the whole
of G, multiplied by a factor of three so that 0 < @g ® < 1 (again, note that each actual
triangle contains three cherries, if vertex labels are taken into account).

Bollobas and Riordan [3] observed that C’gc and C’f;lo are used interchangeably in the nonrig-
orous literature. They warned that:

In more balanced graphs the definitions will give more similar values, but they will still
differ by at least a constant factor much of the time [3].

In fact, more extreme differences are possible for nonregular graphs.

Example 1.1. Building a graph G consisting of an edge e and n — 2 other vertices connected
to the two endpoints of e, it is stralghtforward to see that GIOC =1-2/n+4/n(n —1). On the
other hand, it is straightforward to see that G =3(n— 2)/(n —24+m—-1m-2)) =3/n.

1.3. Our results

The main results in this paper show that such a disparity between local and global clustering
does indeed occur in the specific case of the HK model, albeit in a less extreme form than
Example 1.1 suggests. We enunciate that formally below. For a formal definition of the
clustering coefficients involved at the statement of the two first theorems, we refer the reader
to Section 2.4.

Theorem 1.1. (Positive local clustering for HK.) Let {G, };>0 be the sequence of random graphs
generated by the HK model with parameters m > 2 and p € (0, 1). Then the local clustering
coefficients Gg’f of the graphs G, satisfy

loc (1 )m !
lim P|Cs;" > =
t——+00 ! (m +2)ym(m — 1)
Theorem 1.2. (Vanishing global clustering for HK.) Let {G};>0 be as in Theorem 1.1. Then
the global clustering coefficients Gélto satisfy

lim P<3(m —Dp/m>+m+1)

t—+00

<o - 3m(m —1)/(m* +m — 1) _1
log ¢ = G = log ¢t '
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Thus, for large ¢, one of the two clustering coefficients is typically far from 0, whereas the
other one goes to 0 in probability, albeit at a slow rate. This shows that the remark by Bollobas
and Riordan is very relevant in the analysis of at least one network model.

For completeness, we will also check that the HK model is scale free with power-law
exponent = 3; see Appendix A. The proof follows from standard methods in the literature.

Theorem 1.3. (The power law for HK.) Let {G;};>0 be as in the previous theorem. Also let
N;(d) be the number of vertices of degree d in G, and set

EN,(d
D;(d) = ;( )
Then
lim D,(d) = _2m+Dm P(IN,(d) — D,(d)t] > 16de/1) < (t + 1dme=¢
>0 T (d4+2)(d+ Dd’ ! ! = = :

1.4. Heuristics and a seemingly general phenomenon

The disparity between Glcoc and (?glo should be a general phenomenon for large scale-free
graph models with many (but not too many )triangles. This will transpire from the following
heuristic analysis of the HK case with p € (0, 1).

To begin, it is not difficult to understand why Theorem 1.1 should hold. By Theorem 1.3,
there is a positive fraction of nodes with degree m. Moreover, a positive fraction of these
vertices are contained in at least one triangle because of the TF steps. We can make a more
general observation.

Reason for positive local clustering. If a positive fraction of nodes have degree less than or
equal to d (assumed constant), and a positive fraction of these nodes are contained in at least
one triangle, then the local clustering coefﬁ01ent GIOC must be bounded away from 0.

We now argue that the vanishing of G should be a consequence of the power-law degree
distribution. The global clustering coefﬁment @gt is essentially the ratio of the number of
triangles to the number of cherries in Gy, the latter being denoted by C;. Now we can easily
show that the number of triangles in G; grows linearly in ¢ with high probability (w.h.p.), that
is,

@go ~ number of triangles in G, ~ i
, Ci Ci

To estimate C;, we note that each vertex v of degree d in G; is the ‘middle vertex’ of exactly
dd—-1)/2= d? cherries. This means

t

C N 1
RPN Laﬂngklogt,
f d=1 f d=1

noting that N;(d)/t ~ D;(d) ~ d—3 by Theorem 1.3. Our reasoning is not rigorous because
it requires bounds on N,(d) for very large d. However, we feel our argument is compelling
enough to be true for many models. In fact, considering the case where N,(d)/t ~ d~# for
0 < B < 3, we are led to the following statement.

Heuristic reason for the large number of cherries. If the fraction of nodes of degree d in G,

is &~ d~P for some 0 < B < 3, the number of cherries C; is superlinear in . More precisely,
we expect C;/t ~ 1378 for0 < g < 3 and C;/t ~ log1 for g = 3.
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The power-law range 0 < f < 3 corresponds to most models of large networks in the
literature. Likewise, we believe that the disparity between Gf;llo and G}%C should hold for all
‘natural’ random graph sequences with many triangles and power-law degree distribution with
exponent 0 < 8 < 3. We formulate the general message as follows.

Heuristic disparity between local and global clustering. Achieving positive local clustering
is ‘easy’: just introduce a density of triangles in sparse areas of the graph. On the other hand,
if the number of triangles in G; grows linearly with time, and the fraction of nodes of degree d
in G; is ~ d# for some 0 < B < 3, then one can expect a vanishingly small global clustering
coefficient.

1.5. Main technical ideas

At a high level, our proofs follow standard ideas from rigorous papers on complex networks.
For instance, suppose we want to keep track of the number of nodes of degree d at time ¢ for
d=m,m+1,..., D. Letting Ny = (N;(m), ..., Ny (D)), the basic strategy adopted in several
papers is to find a deterministic matrix M,_; and a deterministic vector r,_1, both measurable
with respect to Gy, ..., G;_1, such that

Nt = My Ny +ri—1 + &,

where E[e; | Go, ..., G¢] = 0. This can be seen as a ‘noisy version’ of the deterministic
recursion Ny = M;_1N;_1 + r;—1 with &; the ‘noise’ term. We can then study the recursion
and use martingale techniques (especially the Azuma—-Ho6ffding inequality) to prove that N;
concentrates around the solution of the deterministic recursion. Our own proof of the power-
law degree distribution follows this outline, and is only slightly different from the one in [6].

Once the degree sequence is analyzed, Theorem 1.1 is then a matter of observing that a
density of vertices of degree m will be contained in at least one triangle, due to a TF step.
On the other hand, the analysis of global clustering is more difficult, due to the need to estimate
the number of cherries C;. Justifying the heuristic calculation above would require strong
control of the degree distribution up to very large values of d. We opt instead to write a
‘noisy recursion’ for C; itself. However, the increments in this noisy recursion can be quite
large, and the Azuma—Hoffding inequality is not enough to control the process. We use instead
Freedman’s concentration inequality, which involves the quadratic variation, but even that is
delicate because the variation might ‘blow up’ in certain unlikely events. In the end, we use
a kind of ‘bootstrap’ argument, whereby a preliminary estimate of C; is fed back into the
martingale calculation to give sharper control of the predictable terms and the variation. The
outcome is a weak law of large numbers for C;, stated in the following theorem.

Theorem 1.4. (The weak law of large numbers for C;.) Let C; be the number of cherries in G;.

Then
Ct P m + 1
é 9
tlogt 2

where ‘—’denotes convergence in probability.

Opverall, our martingale analysis of C; is our main technical contribution.

1.6. Organization

The remainder of the paper is organized as follows. In Section 2 we review some standard
notation, introduce the relevant graph-theoretic concepts, and record martingale inequalities.
In Section 3 we present a formal definition of the model. In Section 4 we prove technical
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estimates for the degree distribution which will be useful throughout the paper. Sections 5
and 6 are devoted to proving the bounds for the local and the global clustering coefficients,
respectively. In Section 7 we present a comparative explanation for the distinct behavior of the
clustering coefficients. The proof of the power-law distribution is left to Appendix A since it
follows well-known martingale arguments.

2. Preliminaries

2.1. Set and multiset notation

Denote N = {0,1,2,3,...}. Forn € N\{0}, [n] := {1,2,...,n}. Given a set §, let
|S| denote its cardinality, and (i) denote the collection of all subsets of S of size k € N.
The binomial coefficient (Z) is the number of elements in ([Z]).

A multiset M consists of a base set My and, for each s € My, a multiplicity m; € N\{0}.
We say that a multiset M is contained in set S (and write M C S)if My C S,and wesays € M

if s € M.

2.2. Basic graph theory

Recall thatagraph G = (V, Eg) consists of aset Vi of vertices and amultiset Eg C (VZG ) of
edges. This implies that there might be multiple ‘parallel’ edges between any given v, w € V.
Given G and v, w € Vg, we say that v and w are neighbors, and write v ~¢ w, if {v, w} € Eg.
We also write ['g(v) = {w € V: w ~¢ v} for the neighborhood of v € Vi and e(I' (v)) for
the number of edges between the neighbors of v. Since we allow multiple edges, for all vertices
v, w € Vg, we let eg (v, w) be the number of edges between v and w. In this case, we may
define the degree of v in terms of eg (v, w), writing it as dg(w) = Y e (v, w), that is,
the total of edges where one of its ends is v.

wel'g(v)

2.3. Triangles and cherries

A triangle in a graph G = (Vg, Eg) is a subset {u, v, w} € (Vf) withu ~g v ~g w ~¢ u.
We denote the number of triangles contained in a graph G by Ag. For a fixed vertex v € Vg,
we denote the number of triangles sharing at least the common vertex v by Ag (v).

A cherry, or path of length two, is an element (v, {1, w}) € Vg x (VZG) withu ~g v ~g w,
or a pair (v,u) € V(z; with eg(u, v) > 2. We let Cg denote the number of cherries in G,

counted according to edge multiplicities, that is,

Cg = Z <dG2(U)).

UEVG

2.4. Clustering coefficients

We assume that G = (Vg, E¢) is a graph where |Vg| > 0 and all vertices have degree at
least 2.

Definition 2.1. (Local clustering coefficient in v.) Given a vertex v € G, the local clustering

coefficient at v is
Ag(v)

dg(v)\”
(“2")
Note that 0 < Cg(v) < 1 always, since there can be at most one triangle formed by v and
a pair of its neighbors. In probabilistic terms, Cg (v) measures the probability that a pair of

Cov) =
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random neighbors of v form an edge, that is, how likely it is that ‘two friends of v are also each
other’s friends’.
We define the two coefficients for the graph G as follows.

Definition 2.2. (Local and global clustering coefficients.) The local clustering coefficient of G

is defined as
> vevg Ca(v)

eloc — ,
¢ Vol
whereas the global coefficient is
A
Gélo =3 x =2,
Co

Observation 2.1. For our purposes there is no significant difference between taking or not
taking multiple edges into account in the above definitions. The key point is that our model
allows at most m edges between two vertices. Thus, all bounds considering multiple edges may
be carried over to the other case (and vice versa) at the cost of losing constant factors.

2.5. Sequences of graphs

We will often consider the sequence of graphs {G,}, defined by the HK model, which is
indexed by a discrete-time parameter + > 0. When considering this sequence, we replace the
subscript G; with ¢ in our graph notation so that V; := Vg,, E; := Eg,, and so on. Given a
sequence of numerical values {x;};>0 depending on ¢, we let A x; := x; — x;—1.

2.6. Asymptotics

We will use the Landau o/ O /® notation at several points of our discussion. This always
presupposes some asymptotics as a parameter n or ¢ of interest goes to +00. The parameter
will be clear from the context.

2.7. Martingale concentration inequalities

Recall that a supermartingale (M,,, F;,),eN consists of a filtration $yp C £1 C ¥ C - - - and
a family {M,,},en of integrable random variables where, for each n € N, M,, is #;-measurable
and E[M, 1 | F,]1 < M,,. If (—M,,, F,,)nen is also a supermartingale, we say that (M,,, F,,)neN
is a martingale. We recall two well-known concentration inequalities for martingales.

Theorem 2.1. (Azuma-Hoffding inequality; see [6].) Let (M,,, F,)n>1 be a (super)martingale
satisfying

IMit1 — M;| < a;.
Then, for all & > 0 we have

)\,2
i=1%

Theorem 2.2. (Freedman’s inequality; see [9].) Let (M, F,)n>1 be a (super)martingale.
Write

n—1

V=) El(Mis1 — M)* | Fil
k=1

and suppose that My = 0 and

[Miy1 — Myl < R forall k.
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Then, for all . > 0 we have

)\‘2
P(Mn > A, ‘/n < ngorsome 11) < eXp<—m>

3. Formal definition of the process

In this section we provide a more formal definition of the HK process (compare with
Section 1.1).

The model has two parameters: a positive integer number m > 2 and a real number p €
[0, 1]. It produces a graph sequence {G;};,>1 which is obtained inductively according to the
growth rule we describe below.

Initial state. The initial graph G, which will be taken as the graph with vertex set V| = {1}
and a single edge, is a self-loop.

Evolution. For t > 1, obtain G;41 from G, adding to it a vertex ¢ 4+ 1 and m edges between
t + 1 and vertices Y 1 € Vi, 1 <i < m. These vertices are chosen as follows. Let ¥; be the
o-field generated by all random choices made in our construction up to time 7. Assume we are
given independent and identically distributed random variables (EZ(QI) independent from ¥;.
We define 4w

PO =ul Py =
which means the first choice of vertex 1s always made using the preferential attachment
mechanism. The next m — 1 choices Yz +1, 2 < i < m, are made as follows. Let 3’7 @D
be the o-field generated by #; and all subsequent random choices made in choosing Y, il for
1 <j<i-—1.Then

d

zf(“t) ifx =0,
m

@O _ o _ -1y _ Y
PO =ul g =x 7 = a0 ifx = landu e T,(Y D),

d Y(, D) t+1
i t+1 )

0 otherwise.

In other words, for each choice of the m — 1 end points, we flip an independent coin of

parameter p and decide according to the outcome which mechanism we use to choose the end

point. With probability p, we use the triad formation mechamsm that is, we choose the end

point among the neighbors of the previously chosen vertex Y;J'r | - With probability 1 —

we make a fresh choice from V; using the preferential attachment mechamsm In this sense, 1f
(l) = 1 we say that we have taken a TF-step. Otherwise, we say that a PA-step was performed.

4. Technical estimates for vertex degrees

In this section we collect several results on vertex degrees. In Subsection 4.1 we describe
the probability of degree increments in a single step. In Subsection 4.2 we obtain upper bounds
on all degrees. Some of these results are fairly technical and may be skipped in a first reading.

4.1. Degree increments

We begin with the following simple lemma.
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Lemma 4.1. Forallk € {1, ..., m}, there exist positive constants cy, p k and Cm, p i Such that

dw| . dw)

P(Ad;(v) =k | G;) — Cm,p.k =< Cm,p,ktkT

In particular, for k = 1 we have ¢, p1 = %

Before proving the lemma, we start by proving the following claim involving the random
variables Y,(’).

Claim 4.1. Foralli € {0,1,2,...,m},

d;(v)

P =v|G)= — .1

Proof. The proof follows by induction on i. Fori = 1 we have nothing to do. So, suppose
the claim holds for all choices before i — 1. Then

P =v G =P =v. Y " =v | G+ P, =v. Y " £v1 G

t+1 = t+1 t+1 — +1
(1—p)d?(v) ~ i—1
= PR =0 GV # 0| G, “2)

For the first term on the right-hand side the only way we can choose v again is following a
PA-step and then choosing v according to a preferential attachment rule. Thus,

(1= p) d;(v)

(@) (-1
Py, =vY = G;) =
( Y vIG) am? 12

t+1 — t+1

For the second term, we divide it in two sets; whether the vertex chosen at the previous choice
is a neighbor of v or not. Thus,

P =0 Y50 £ vl G
= Z IED(Yz(-l;-)l =7, Yt(j-_ll) =ul G+ Z IED(Yz(j-)l =, Yt(j-_ll) =u|Gy)
uglc, (v) uelg, (v)
dy(v) di(u) e, (u, v) di(u)
= (1 — il
=poo 2 2 )l 2 diu)  2mi
u¢lg, (v) uel'g, (v)
(1 = p)d;(v) dy(u)
+ 2m t Z 2mt
uelc, (v)

_diw) (1= p)d})
T 2mt 4m? 27

where we used our inductive hypothesis and the fact that

dy (u) di(u) dy(v)
Z + Z 2mt =1- ’

mt 2mt
uelg, (v) u¢lg, (v)

Returning to (4.2), we prove the claim. ]
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Proof of Lemma 4.1. We will show the particular case of k = 1 since we have a particular
interest in the value of ¢;, .1 and point out how to obtain the other cases. We begin by noting
that the process of choosing is by definition a homogeneous Markovian process. This means
that in order to evaluate the probability of a vertex increasing its degree by exactly one, the k = 1
case, we just need to know the probabilities of transition. In this way, we use the notation P,
to denote the measure conditioned on G, and proceed to the computation of the probabilities
of transition. We start with the most challenging one, that is,

i1 .
IP;(Y(IJ’_ ) =v | Yt(_l|_)] # v)

t+1
» . . .
= Y P =v v =0 = v £
uelg, (v)
- . . .
+ Y RV =v v =P =u Y £y @)
u¢lg, (v)

When u € I'g, (v), we can choose v by taking either a PA-step or a TP-step. This implies that

d; (v) e (u,v)
omt P d )

P,y = v® =y = - p)

41 1= “4)

but when u ¢ I'g, (v), the only way we can choose v is following a PA-step, which implies that

; ; d;(v)
(i+1) @) !
IE”,(YI_'H =v | Ytjrl =u)=(1-p) ot 4.5)
We also note that the following equation holds since # # v and Claim 4.1:
: ‘ Py (YY) = u) dy(u)
PY =u| v #v) = f(;l - = . (4.6)
P (Y, #v)  2mtP (Y, #v)
Claim 4.1 also implies that
1 1 N ((di(v) )"
> = =1+Z<2[( )) . 4.7)
P(Y #v) 1 —di)/2mt PN
Combining (4.4)—(4.6), we obtain
i+1) ) d) | di(v) o ((di(w))"
l _ l _ _
di (v) d? (v)
= 0 ) 4.8
2mt + ( 12 (4.8)

If we chose v at the previous choice, the only way we select it again is following a PA-step,

meaning that

d; (v)

2mt

From these two probabilities of transition we are able to obtain the remaining ones.
To compute the probability of {Ad;(v) = 1} given G;, we may split it in m possible ways

to increase d;(v) by exactly one. For each of these we have an index i € {1,...,m} that

" .
Py =v v =v)=0-p)

t+1 “4.9)
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indicates v has been chosen at the ith step and avoided at the other m — 1 choices. This means
that each of these m ways has a probability similar to

A (EOVWNTH AW (BN dw @\
2mt t2 2mt 2 2mt 2

Expanding the products and summing oni € {1, 2, ..., m}, we find a positive constant ¢, p |
which does not depend on v or ¢ and satisfies

| _  d*)

= Cm,p.1 2

’P(Adz(v) =1[Gy) -

For the sake of simplicity, we write the above statement as

2
P(Ad,(v) = 1| Gy) = Q) o(d’ (”)).

2t 12

The k > 1 cases are obtained in the same way, considering the (’Z) ways of increasing d; (v)
by k. O

4.2. Upper bounds on vertex degrees

To control the number of cherries C;, we will need upper bounds on vertex degrees.
The bound is obtained applying the Azuma—Hoffding inequality and Theorem 2.1 to the degree
of each vertex, which is a martingale after normalizing by

t—1

1
X0 :=]’[(1+§>.

s=1

The following fact about ¢ (¢) will be useful: there exist positive constants b; and b, such that

bivt < ¢(t) < byy/t forallt.
Proposition 4.1. For each vertex j, the sequence (X ,(j )),3 j defined as
X9 o di (j)
¢ (1)
is a martingale.

Proof. Since the vertex j will remain fixed throughout the proof, we will simply write X;
instead of X ,(j ),
Observe that we can write d;41(j) as

m
de () = di () + > 15 = ),
k=1

where 1(-) is the indicator function on the event (). In addition, (4.1), proved in Lemma 4.1,
ensures that forall k € 1, ..., m, we have
di(j)

P =j1G)= o (4.10)
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Thus, the follow equivalence relation holds:

1
Eldi+1(j) | Gil = (1 + Z)d’(j)' (4.11)

Then, dividing the above equation by ¢ (¢ 4 1), the desired result follows. ]
Once we have Proposition 4.1 we are able to obtain an upper bound for d; (j).

Theorem 4.1. There is a positive constant bz such that for all vertices j,
P(d; (j) = byv/tlog(1) < 1~'%.

Proof. The proof is essentially applying Azuma’s inequality to the martingale we obtained
in Proposition 4.1. Again we will write it as X;.

Applying Azuma’s inequality demands controlling the X,’s variation, which satisfies the
following upper bound:

dy1(G) = (L+1/29)ds ()| 2m by

A% = PG+ 1) oG S O

(4.12)

Thus,

t
> 1AX, 1 < bslog(n).
s=j+1

We must note that none of the above constants depend on j. Then Azuma’s inequality yields

)\2
P(X; — Xo| >X)§2exp< )

B bs log(t)
Choosing A = 10+/bs log(t) and recalling X; = d;(j)/¢(t), we obtain
IP( di (j) — % > 10y/bs (1) 1og(r>) <10,
J

The reader may wonder why we need such a large exponent in the above inequality. For our
purposes, it will be useful to have the polynomial decay with a large exponent so that we can
make use of a union bound several times and still have all the bounds going to 0 polynomially
fast. We state other theorems in this way throughout the paper.
Finally, using the fact that b1/t < p(t+1) < by+/t, we have
me (1)

1P>< | > 10\/b_5b2leog(t)) <100
¢

implying the desired result. ]

di(j) —

An immediate consequence of Theorem 4.1 is an upper bound for the maximum degree of G

Corollary 4.1. (Upper bound to the maximum degree.) There exists a positive constant by
such that

P(dmax (Gy) > bn/;log(t)) < 1799.
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Proof. The event involving dmax (G;) may be written as

{dmax (G1) = biv/tlog()} = | J{di(j) = b1/ log(t)).

j=t
Using a union bound and applying Theorem 4.1 completes the proof. O

The next three lemmas are of a technical nature. Their statements will become clearer in the
proof of the upper bound for C;.

Lemma 4.2. There are positive constants bg and by such that for all vertex j and all time
to < t, we have

P(d,o () > b4\/§dt () + bs/o loga)) <10,

Proof. For each vertex j and fo < ¢, consider the sequence of random variables (Z)s>0
defined as Z; = X;,+,, which is adaptable to the filtration ¥ := Gyj4+.
Concerning the variation of the Z;, using (4.12) we have the upper bound

ba
|AZs| = [AX 4] =

/T

Thus,
1—1

D IAZ P < bslog(t).

s=0

Applying Azuma’s inequality, we obtain

)\‘2
P(Z;—; — Zo| = A) <2 e I 4.13
(1Z;— ol = A) < CXP( b5log(t)) ( )
However, the definition of Z, and the fact that ¢ (1) = ® (/1) means that the inclusion of events

by /1o
b/t

hold, which, combined with (4.13), proves the lemma if we choose A = 10./bslog(z). O

{dto(]) > bay/toh + ———=d;(j )} CllZi — Zol = 2}

Lemma 4.3. There is a positive constant bg such that

t t
P(U U i) > bsv/io logm}) <%,

Jj=l1=j

Proof. This lemma is a consequence of Theorem 4.1 and Lemma 4.2, which state, respec-
tively,

P(d; (j) > b3/t log(zr)) < 1'%, P(dmm > b4\/§d,(j> + bs/1o logm) <100

in which the constants b3, b4, and b5 do not depend on the vertex j nor do the times 7 and 7.
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Now, for each #p < t and vertex j, consider the events

Ato»j = {dy, (j) > bg%log(t)}, By, j = {dto(j) > b4\/?dt(j) + bsx/EIOg(t)},

Cr.j = {di(j) = b3/t log(t)}.

Now we obtain an upper bound for P(A,,, ;) using the bounds we obtained for the probabilities
of By, j and C; ;. Thus,

]P)(Af(),].) = P(At(),j ﬂ BtOsj) + P(Ato,j ﬂ Bc )

10, J
< P(By.j) +P(Ay,; N Bf, ;N Cr.j) + P(Ay ;N B NCE))
5 P(Bto,j) + I[D(Ct(),j) + P(At(),j ﬂ BZ‘L;),] ﬂ C;‘,J)

Howeyver, note that we have the inclusion of events

BS N CE C dy(j) < (babs + bs) /g log(n).

Thus, choosing bg = 2(bs4b3 + bs), we have Ay ; N Bl”;)‘j N ij = @&, which allows us to
conclude that
P(Ay ;) < 267199,

Finally, a union bound over fy followed by a union bound over j completes the proof. (|

5. Positive local clustering

In this section we prove Theorem 1.1, which says that the local clustering coefficient is
bounded away from 0 w.h.p.

Proof of Theorem 1.1. We need a lower bound for

1
CEe = - > €6, ).

veG;

Let v,, be a vertex in G; whose degree is m. Observe that each TF-step we took when v,, was
added increases e(I'g, (v,)) by 1. So denote by T, the number of TF-steps taken at the moment
of creation of vertex v. Since all the choices of steps are made independently, T, follows a
binomial distribution with parameters m — 1 and p. Now, for every vertex we add to the graph,
put a blue label on it if 7, > 1. The probability of labeling a vertex is 1 — (1 — p)"~! and we
denote it by py in order to simplify our notation.

By Theorem 1.3, with probability at least 1 — r~100

, we have

Ni(m) > bit — by+/tlog(t),

where by = 2/(m + 2) and b, = 160m. Thus, the number of vertices in G, of degree m which
were labeled, N tb (m) is bounded from below by a binomial random variable B; with parameters
bit — by/tlog(t) and py,. But, about B; we have, for all § > 0,

P(B; < 1E[B;]) < (1 — pp + ppe )P ~P2v/1108 W exp(18py (b1t — byy/tlog(1)))

and choosing § properly, we conclude that w.h.p.

NP (m) > L po(bit — bay/tlog(0)). (5.1)
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Finally, note that each blue vertex of degree m has Cg, (v) > 2/m(m — 1). Combining this

with (5.1), we have
> €6,
veNP(m)
t~INP(m)2
m(m — 1)
- 1~ pu(b1t — by /tlog(1))
- 2m(m — 1)
1 - -p"!
%
(m+2ym@m —1)
>0 ast— +oo,

loc
GG[ 2

~ | =

proving the theorem. |

6. Vanishing global clustering

This section is devoted to the proof of Theorem 1.2 which states that the global clustering of
G goesto O at 1/1og¢ speed. Since the proof depends on estimates for the number of cherries
C;, we first derive the necessary bounds and finally combine our results at the end of the section.

6.1. Preliminary estimates for number of cherries
Let

t
Cr=Y _d}(j)
j=1

denote the sum of the squares of the degrees in G;. We will prove bounds for C; instead of
proving them directly for C,. Since C; = %C ; — mt, the results obtained for C; directly extend
to Ct~

Lemma 6.1. There is a positive constant B3 such that

C ° dmax (G5)C
E[(Copt = Co? | Gyl < 33@.

Proof. We start the proof by noting that for all vertices j, we have
2 . 2, . 2
di1(J) = di(j) = 2mds(j) +m

deterministically. From this remark, it follows that

N
Cop1 — Cs <2m Y dy()) 1Ay (j) = 1) +2m°.
j=1

Since all vertices have degree at least m, we have m? < ij’:l ds(j) 1(Adg(j) = 1); thus,

)
Cor1 — G <4m Y _di(/) 1(Ads (j) = D).
j=1
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Applying the Cauchy—Schwarz inequality to the above inequality, we obtain

K 2
(Cop1 — C)* < 16m? (Z dy(j) 1(Ady(j) = 1) 1(Ads (j) = 1))
j=1

< 16m2<Z d? () 1(Ads (j) = 1)) (Z 1(Ady(j) = 1))

j=1 J=1

< 16m’ Yy di () 1Ad(j) = .

j=1
Recalling that
d(i
P(Ady() 211Gy = 2
s
we have i _
. - 43 (j) dmax (Gy)C,
BI(Coit = €% | Go] = By ) =0 < By = o,
j=1
concluding the proof. (]

Theorem 6.1. (Upper bound for C;.) There is a positive constant By such that
P(C, > Bjtlog?(1)) <t %,

Proof. We show the result for C +, which is greater than C;. To do this, we need to determine

Eld?,,(j) | G:].
As in the proof of Proposition 4.1, write

dis1() = d () + 317 %) = j)
k=1

and denote Y7, 1Y%, = j) by Ad;(j). Thus,

. . Adi(j)\? . o .
iy () = df(])<1 + Tf)) = d}(j) + 2d, (/) Ad; () + (Ad; ().
t
Combining the above equation with (4.10) and (4.11), we obtain
d7(j)

Eld7 () | G =di(j) + = E[(Ad;(j)* | G,].
Dividing the above equation by ¢ + 1, we have

E[d,il(j) G } . d*(j)  E[(Adi(j)? | G/]
17 =
t+1 t t+1

3

which implies

C m?
Gt =_t+ +
t t+1 ;

E[(Ad; (j)? | G

1 b

E[Ctﬂ
t+1

t

1
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It is straightforward to see that Ad;(j) < (Ad; (j))2 < mAd;(j), which implies

dt(j))
)

E[(Ad(j))* | G/1 = @(

Thus, (6.1) may be written as

Crt1 Cy 1
E G/ |l=—+06[-). 6.2
[r+1 ’} o <t> ©2
Now define _
C
X, = 41
t+1

Equation (6.2) states that X, is a martingale up to a term of magnitude ®(1/¢). In order
to apply martingale concentration inequalities, we decompose X; as in Doob’s decomposition
theorem. Then X; can be written as X; = M, + A;, in which M, is a martingale and A; is a
predictable process. By (6.2), we have

t t
1
At = E ]E[Xc | Gs—l] - Xs—l = E ®<;)a
s=2 s=2

that is, A; = ®(log(¢)) almost surely.

The remainder of the proof is devoted to controlling the martingale component of the X;
using Freedman’s inequality (Theorem 2.2). Once again, by Doob’s decomposition theorem,
we have

t
My = Xo+ ) X; —EIX; | Gyil.
s=2
Observe that M; 11 = M; + X;+1 — E[X:41 | G¢]; thus,

|AM;| = | X541 — E[Xs41 | Gyl

by
. |Xs+1 - Xs| + ?

|G =+ 199G by
- s+ 1 s
dmax (G C, b

< b]o—maX( ) + bll_zs + —97
S S S

since AC; attains its maximum when the vertices of maximum degree in G receive at least
a new edge at time s + 1. Furthermore, since dpmax(Gs) < ms and C’S < m?s2, there exists a
constant b5 such that maxs<¢|AM;| < by almost surely.

Combining

Cor1 — (L +1/5)Cs| | bo
+ p—
s+1 s
with the Cauchy—Schwarz inequality and Lemma 6.1, we obtain positive constants b3, bi4,
and b5 such that

[AM| <

E[(AC,)? | G C2 b
E[(AM,)* | Gy] < b13w + b14s—j + g (Cauchy—Schwarz)
dmax (G4) Cs C? b
< me + by + Sij (Lemma 6.1). (6.3)
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Now define V; as
1
Vii=) E[(AM,)’ | Gyl
s=2

and define a bad set as

t t
B, = | (J1d () > bsv/io log(n)},

j=110=j

observing that Lemma 4.3 guarantees P(B;) < 2t~%
Alsonote that CA < b17dmax (Gs)s almost surely and in Bf, we have dinax (G5) < bg+/s log(t)

for all s < ¢. Then outside B;, we have
! ~ A2
d G,)C C b
Vi < mew +biu— + —  (from (6.3))
= s s s

mebzbns log?(t) b14b175310g2(l) L bis

54 52
< b18 log* (1). (6.4)
So, by Freedman’s inequality, we obtain
3 32
P(M; > A, V; <biglog’(t)) < exp(— s logd (1) 1 2b12k/3>'

Therefore, if A = byg log?(¢) with large enough by9, we obtain

P(M; > biolog®(1), Vi < biglog’ (1)) < ¢~'%.

Inequality (6.4) guarantees the following inclusion of events:
Bf C {V; < bislog’ ()).
Also,
(X = by log* (0} C (M = (ba1 — b2o) log” ()}

since A; < byolog(t) and M; > X; — byolog(z).
Finally,

P(M, > biolog?(1))
=P(M, > biglog’(1), V, < biglog> (1)) + P(M, > biglog?(1), V; > biglog* (1))
<1710 L pB))
and
P(M; > biglog?(t)) < 3t™%,

proving the theorem. ]
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We note that from (6.1), we may extract the recurrence
~ 1 ~
E[C]=(1+ P E[C;—1] + co,

in which cg is a positive constant depending on m and p only. Expanding it, we obtain

r—1 t—11t—1

E[C] = 1—[(1 + %)E[é]] +COZH<1 + %>’

s=1 s=1r=s

which implies E[C,] = O(t log?). This means the upper bound for C; given by Theorem 6.1
is exactly E[C;]log(t).

6.2. The bootstrap argument

Obtaining bounds for C; requires some control of its quadratic variation, which requires
bounds for the maximum degree and C;, as in Lemma 6.1. Applying some deterministic
bounds and upper bounds on the maximum degree, we are able to derive an upper bound for C;,
which is of order E[C;]log¢. To improve this bound and obtain the correct order, we proceed
as in the proof of Theorem 6.1, but making use of the preliminary estimate just discussed. This
is what we call the bootstrap argument.

The result we obtain is enunciated in Theorem 1.4 and consists of a weak law of large
numbers, which states that C; divided by ¢ log ¢ actually converges in probability to a constant
depending only on m.

Proof of Theorem 1.4. In the proof of Theorem 6.1, we decomposed the process X; = C; /1
into two components: M; and A;. The first part of the proof will be dedicated to showing that
M; = o(log(¢)) w.h.p. Then we show that A; = (m?% + m) log(t) also w.h.p.

We repeat the proof given for Theorem 6.1, but this time we change our definition of a bad

set to
t

Bi= |J (G = buslog*(s)). (6.5)
s=10g1/2(t)

By Theorem 6.1 and a union bound, P(B;) < log=%7/?(¢). Observe that an upper bound for C
yields an upper bound for dpax (G5), since

délax(Gs) = és - dnax (Gy) < v és - dmax (Gy) < \/Elog(s)

when C:S <s 1og2(s).
Using (6.3), we have, in Bf,

t—1

~ ~2
dmax (Gv ) CS Cs b 14
Vi < Zbles—3 +bia Tt

s=1
10g1/2([)—1 t—1 2 2 4
s log(s)s log=(s) s log™(s)  bis
S X er L e TEOEDL,, T0,
s=1

S S S2
s=log!/2(t)

< bglog"?(1), (6.6)
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since dmax (G ) < ms and Cs < 2m2s? for all s and in Bf, dmax(Gs) < +/boslog(s) and

C s < byos log (s) forall s > logl/ 2 (t). Then, by Freedman’s inequality,

P(M, > log"*3 (1), V; < biglog"?(1)) = o(1).

Recall (6.1). Now, from Lemma 4.1, we recall that for all k € {1, ..., m},
k) _di(v)
P, =v|G)= ot

6.7)

Furthermore, there exists a positive constant ¢, , depending only on m and p such that for all

time ¢ and vertex v, we have

dz(v>

k -
PP =0, ¥ =v | G)) <y =

t+1 t+1

Thus, there exists another constant ¢;,, , with the same conditions as above such that

d@)| .  d)
2 t
‘E[(Adz(v)) | G¢]1— o | SCmp— 7
which, in turn, implies that
CZ—H ét m? +m ~ ét
E G/ |——— < —,
‘ [r+1 t} t fr 1| s

and, consequently, there exists a positive constant by such that

) t ~
m-+m Cs

A—E <Eb —.
‘ ! s+ 1 ‘_v—Z g3

s=2

Then, by the definition of the event B, from (6.5), we deduce that, in Bf,

log!/2(t) ~

! A 2
Cs Cs s log“(s)
E b11S—3 <bn E -+ E —a3 = b1z log(log(1)).
s=2 s=2 = log'/z(t)

Thus, in Bf,
= (m?* + m) log(r) + o(log(1)).

Finally, fix a small positive €. Then

M, + A
IP’( >e>=P<‘g—m2—m

log(7)
M, + A
= P<‘$ —m?—m
We also have Bf C {V; < b9 log!/2(r)}, which, combined to (6.7), implies that
(Fae =

log(#)
—m-—m
log(?)

é[ 2
—m“—m
tlog(t)

®

> g, Bf) +P(B)).

> g, M, > log"/** (1), B,C) =o(1).
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Observe that, in the event Bf, M; is bounded by logl/ 45(1), as assured by (6.6), and A; =
(m? + m) log(t) + o(log(t)); thus,

M A
p(|MetAe 2
log(1)

This proves that

> e, M, <log'/* (1), B;) =0 for large enough ¢.

C,
—>m2+m.

tlogt
Since C; = C;/2 — mt, as defined at the beginning of this section, we obtain

Ct P m+1
9
tlogt 2

which proves the theorem. ]

6.3. Wrapping up

So far we have devoted our efforts to properly controlling the number of cherries in G;.
Now we combine these results with simple bounds for the number of triangles in G, to finally
obtain the exact order of the global clustering.

Proof of Theorem 1.2. We begin by pointing out that the number of triangles in G;, Ag,, is
bounded from above by (’;’)t and that every TF-step we take increases Ag, by 1. Then

t
A, = Z =) T,
s=1

where T is the number of TF-steps taken at time s. Since all the choices regarding the types
of step we follow are independent, 7y ~ bin(m — 1, p) and Z; ~ bin((m — 1)t, p). Using
Chernoff bounds, we are able to obtain

IP(Z, < m—Dp l)pt> < e~ m=Dpt/8
. <

Combining the above inequality with the deterministic upper bound for Ag,, we have w.h.p.

(m_l)pthG[ Sm(m—l)t.
2 2
Now we proceed to bound C;. Taking ¢ = % in (6.9), we obtain w.h.p.

(6.10)

(m* +m — Y)tlogt < C; < (m* +m + Drlogt,
which implies that
%(m2 +m — %)tlog(t) —mt < C; < %(m2 + m + 1)t log(t) — mt,
which, for large enough ¢, may be written in the more symmetric and simpler form as
Tm?* +m — Dtlog(t) < C; < 1(m* +m + Drlog(t) wh.p.
Combining the above inequalities with (6.10), we prove that, also w.h.p.,

(m—1p - Ag, - m(m — 1)
m2+m+logt) — C; — (m2+m—1)logt)
Multiplying the above inequalities by 3, we conclude the proof. ]
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7. Final comments on clustering

We conclude this paper by comparing the two clustering coefficients from a different
perspective than in Section 1.4. Recall that Glc‘;’rc is an unweighted average of local clustering

coefficients, that is,
oF =~ Z Cg, (v).
veG,

On the other hand, C’g,o is a weighted average, where the weight of vertex v is the number of
cherries that it belongs to, that is,

C dr (v)
@gf) —3x ZUGG, G (;31)() 2 )
ZUEG[ ( [2 )

Thus, the weight of v in Gg is essentially proportional to the square of the degree. This
skews the distribution of wei ghts towards high-degree nodes. The clustering of the high-degree
vertices is the reason why the two coefficients present such distinct behaviors.

We will show below that Cg, (v) for a vertex v of high degree d is of order d— 1 which
explains why Géo goes to 0. Recall that the random variable ¢,(I",) counts the number of
edges between the nei ighbors of v. Due to the definition of our model, we can increase e; (")
by only 1 if d;(v) is also increased by at least one unit. Since e;(I",) can increase by only m
units in each time step, we have

e;(I'y) <md;(v),

which implies an upper bound for Cg, (v) ~ e;(I'y)/d;(v)? of order d,_l(v). In the next
proposition we state a lower bound of the same order.

Proposition 7.1. Let v be a vertex of G;. Then there are positive constants, by and by such that

P(@G,w) < L ‘ di(v) > by 1og(r>) <100,
dt(U)

This proposition does not prove our clustering estimates, but seems interesting in any case.

Proof of Proposition 7.1. Observe that if we choose v and take a TF-step thereafter, we
increase ¢;(I"y) by 1. Then, if we look only at times in which this occurs, ¢;(I";)) must be greater
than a binomial random variable with parameters: number of times we choose v at the first
choice and p. Since all the choices concerning the type of step we take are made independently
of the whole process we just need to prove that the number of times we choose v at the first
choice, denoted by d (v), is proportional to d; (v) w.h.p.

Recall that Y indicates the vertex chosen at time s at the first of our m choices. The random
variable d,( )(v) can be written in terms of the YV as

t

dPw =Y 1 =w).

s=v+1
We first claim that if d; (v) is large enough, a positive fraction of its value must come from dt(l) (v).

Claim 7.1. There exist positive constants by and b, such that

P (v) < bid;(v) | d;(v) = bylog(1)) < 1=,
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Proof. To prove the claim we condition on all possible trajectories of d; (v). In this direction,
let w be an event describing when v was chosen and by how many times at each step. We have
to note that @ does not record whether v was chosen by a PA-step or a TF-step. The event w

can be regarded as a vectorin {0, 1, ..., m) ~v~1 such that w(s) = k means we have chosen v
k-times at time s. For each w, let d,,(v) be the degree of v obtained by the sequence of choices
given by w.

Recall (4.8) and (4.9). For any w such that w(s) = k > 1, we may show, using (4.8) and
(4.9), that there exists a positive constant § depending only on m and p such that

PrD =v | w) > 4.

Furthermore, given w, the random variables I(YS(I) = v) are independent. This implies that,
given w, the random variable d,(l) (v) dominates stochastically another random variable follow-
ing a binomial distribution of parameters d,,(v)/m and 8. Thus, using Chernoff bounds, we
can choose a small »; such that

P(d" (v) < b1dy(v) | ©) < exp(—do ().

Since we are on the event D; := {d;(v) > b> log(?)}, all d,,(v) > by log(¢) for some b, can be
chosen in a way such that

P < b1dy(v) | w) <t7'%  for all w compatible with D;.

Finally, to estimate {dt(l)(v) < b1d;(v)}, we condition on all the possible history of choices w,
that is,

Pd;" (v) < bidy(v) | D) =Y P(d" (v) < bid;(v) | 0, D)P(w | Dy) <171

and this proves the claim. (]

Returning to the proof of Proposition 7.1, as we observed at the beginning, ¢; (I",,) dominates
a random variable bin(dt(l) (v), p)- And, from Claim 7.1, d,(l) (v) is proportional to d; (v) w.h.p.
Using Chernoff bounds, we obtain the result. O

Appendix A. Power-law degree distribution

Lemma A.1. (See [6, Lemma 3.1].) Let a; be a sequence of positive real numbers satisfying

the recurrence relation
by
a1 =11- " ar + c;.

Furthermore, suppose that by — b > 0 and ¢; — c. Then

. ay C
lim — = .
t—oo t 1+b

Proof of Theorem 1.3. We divide the proof into two parts: (a) is the power law for the
expected value of the proportion of vertices with degree d, and (b) is the concentration inequal-
ities N;(d).
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(a) The argument is essentially the same as that of [6, Section 3.2]. The key step is to
obtain a recurrence relation involving E[N;(d)] which has the same form of that required by
Lemma A.1. To obtain the recurrence relation, observe that N, (d) can be written as

Nipid)= ) 1(Ad(v) =0)

veN;(d)
+ ) 1A =D+-+ Y 1(Ad(v) =m).
veN; (d—1) veN; (d—m)

Taking the conditional expected value with respect to G, in the above equation, applying
Lemma 4.1, and recalling that N,(d) < t, we obtain

E[Ni+1(d) | Gi]
B d d? d—1 (d— 132\ 1
_N,(d)|:1—2—t+0(t—2>}+Nt(d—l)[ 5 +0( = >_+0<?>.

Finally, taking the expected value on both sides and denoting EN; (d) by a,(d), we have

2 _ 2/
4D _ [1_ d/2+ 0 /I)}at(d)+at(d1)|:(d /24 0(d—-1)7/1) +0(1>.

t+1 — t t

From here the proof follows by an induction on d > m and and application of Lemma A.1,
assuming that EN;(d — 1)/t —> Dg_1, which yields

a(d)  Da-1(d—1)/2 d—1
— = Dd—l = Dd
: 11d/2 2+d

leading to

2 li[ k—1 _ 2(m+Dm

T 24m AL k12T @@+ nd

Dg
=m+1
which proves part (a).

(b) The proof is in line with the proof of [6, Theorem 3.2]. For this reason we show only
that the process

@ ._ Nid) — Dat + 16dc/t
o 0

3

in which ¥4(¢) is defined as
t—1

d
Ya(t) = H(l - g)
s=d
is a submartingale and we state an upper bound for its variation.
As in [6, Theorem 3.2], the proof follows by induction on d.
Inductive step. Suppose that for all d’ < d — 1, we have

P(N,(d') < Dyt — 16d'cy/7) < (1 + ¥ Me <. (A.1)
Recalling that
d d? d—1)N,d -1
E[Ny+1(d) | Gi] = (1 —a+ o(t—z))zvtu) B
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we have the recurrence relation

Ela(t + DX | G,

d
> (l - 2—t>N,(d) +

The inductive hypothesis ensures that

Ni(d —1) > Dy_1t — 16(d — D)/t

(d —1DN:i(d - 1)

> +0@ Y +16det — Dyt +1).  (A2)

with probability at least 1 — (t + l)d_l_’"e_cz. Thus, returning to (A.2),

Elya(t + DX | G,]

> <1 — %)N,(d) + (d_l# — Dag(t + 1)+ 16dev/t + 0™ 1. (A.3)

However, observe that for the right-hand side of the above inequality, we have

d—1)Dy_ d
G Dy 1) +16dei+ 06 = (1 - 2—l>(—Ddt + 16dev/D)

(d—1)Dy_; 1 dD; 8d*c

L o piroaTh = =

) a + O( ) > 2 \/;

(d—1)Dg_y 8d*c —1 dDg

Ot )>Dg+——

5 + 7i +0G )z Da+ —

with the last inequality holding since we have Dy = 2(m + 1)m/(d + 2)(d + 1)d and
(d—1)Dy—1 = (d+2)D,. Returning to (A.3), we have just pzroved that X z(i)l is a submartingale
with fail probability bounded from above by (r + 1)?~e~¢". Its variation AX t(d) satisfies the

upper bound
ANg(d) 4+ Dg + 16des™"/? + dN(d)(25)"!

Yals + 1)
m+2/(d+2)+ 17des™ V2 +d)2
Yals +1)
2d 17dc
< + ,
Vals +1)  syals +1)
since ANs(d) < m, Ny(d) < s,and Dy < 2/(d + 2) for all s and d. Thus, there is a positive
constant M such that

|IAX D] <

164> Md*c?
2 + 2 '
Yis+1)  sysGs+1)
The lower bound for N,(d) is proved by applying [6, Theorem 2.36] on X ,(d), and setting

|IAX@D? <

(A4)

t+1
> 1axp.
s=d

The upper bound is obtained the same way, but considering the process
N;(d) — Dyt — 16dcA/t
V(1)

which is a supermartingale. ]

_X,(d) =

)
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