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Respondent-driven sampling on sparse Erdos-Rényi graphs

Anthony Cousien!  Jean-Stéphane Dhersin!  Viet Chi Tran! Thi Phuong Thuy Vo?
June 7, 2021

Abstract

We study the exploration of an Erdds-Rényi random graph by a respondent-driven sampling
method, where discovered vertices reveal their neighbours. Some of them receive coupons to reveal in
their turn their own neighbourhood. This leads to the study of a Markov chain on the random graph
that we study. For sparse Erdos-Rényi graphs of large sizes, this process correctly renormalized
converges to the solution of a deterministic curve, solution of a system of ODEs absorbed on the
abscissa axis. The associated fluctuation process is also studied, providing a functional central limit
theorem, with a Gaussian limiting process. Simulations and numerical computation illustrate the
study.
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1 Introduction

Discovering the topology of social networks for hard to reach populations like people who inject drugs
(PWID) or men who have sex with men (MSM) may be of primary importance for modeling the spread of
diseases such as AIDS or HCV in view of public health issues for instance. We refer to [15, 2, 7, 29, 28] for
AIDS or to [9, 8, 20] for HCV, for example. To achieve this in cases where the populations are hidden, it
is possible to use respondent-driven sampling methods, where respondents recruit their peers [17, 19, 25].
These methods are commonly used in epidemiological or sociological survey to recruit hard to reach
populations: the interviewees (or ego) are asked about their contacts (alters), where the term “contact”
depends on the study population (injection partners for PWID, sexual partners for MSM ...) and some
among the latter are recruited for further interviews. In one of the variant, Respondent Driven Sampling
(RDS, see [19, 34, 16, 18, 23, 10]), an initial set of individuals are recruited in the population (with
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possible rules) and each of them is given a certain number of coupons. The coupons are distributed by
recruited individuals to their contacts. The latter come to take an interview and receive in turn coupons
to distribute etc. The information of who recruited whom is kept, which, in combination with the knowl-
edge of the degree of each individual, allows to re-weight the obtained sample to compensate for the fact
that the sample was not collected in a completely random way. A tree connecting egos and their alters
can be produced from the coupons. Additionally, it is also possible to investigate for the contacts between
alters - which is a less reliable information since obtained from the ego and not the alters themselves.
This provides a network that is not necessarily a tree, with cycles, triangles etc. For PWID populations
in Melbourne, Rolls et al. [30, 31] have carried such studies to describe the network of PWID who in-
ject together. The results and the impacts from a health care point of view on Hepatitis C transmission
and treatment as prevention are then studied. A similar study on French data is currently in progress [14].

We consider here a population of fixed size NV that is structured by a social static random network
G = (V, E), where the set V of vertices represents the individuals in the population and E C V? is the
set of non-oriented edges i.e. the set of couple of vertices that are in contact. Although the graph is
non-oriented, the two vertices of an edge play different roles as the RDS process spreads on the graph.
At the beginning, there is one individual chosen and interviewed. He or she names their contacts and
then receives a maximum of ¢ coupons, depending on the number of their contacts and the number of the
remaining coupons to be distributed. Distributing coupons allows to control the growth of the number
of people that are to be interviewed. If the degree D of the individual is larger than ¢, ¢ coupons are
distributed uniformly at random to ¢ people among these D contacts. But when D < ¢, only D coupons
are distributed. We assume here that there is no restriction on the total number of coupons. In the
classical RDS, the interviewee chooses among their contacts ¢ people (who have not yet participated
to the study) to whom the coupons are distributed. When the latter come with the coupons, they are
in turn interviewed. Each person returning a coupon receives some money, as well as the person who
distributed the coupons and depending on how many of the coupons he or she distributed were returned.
To the RDS we can associate a random graph where we attach to each vertex the contacts to whom they
have distributed coupons. This tree is embedded into the graph that we would like to explore and which
is unknown. Additionally, we have some edges obtained from the direct exploration of the interviewees’
neighborhood. This enrich the tree defined by the coupon into a subgraph (not necessarily a tree any
more) of the graph of interest. Here we do not consider the information obtained from an interviewee
between their alters.

RDS exploration process We would like first to investigate the proportion of the whole graph dis-
covered by the RDS process. Thus, let us first define the RDS process describing the exploration of the
graph. We sum up the exploration process by considering only sizes of —partially— explored components.
We thus introduce the process:

X, =(An,B,) €{0,...N}*, neN. (1)

The discrete time n is the number of interviews completed, A,, corresponds to the number of individuals
that have received coupons but that have not been interviewed yet, B,, to the number of individuals cited
in interviews but who have not been given any coupon. We set Xy = (Ao, By): Ao > 1 individual is
recruited randomly in the population and we assume that the random graph is unknown at the beginning
of the study. The random network is progressively discovered when the RDS process explores it. At time
n € N, the number of unexplored vertices is N — (n + A, + By).

Let us describe the dynamics of X = (X,,)nen. At the time n + 1, if A,, > 0, one individual among
these A, people with coupons is interviewed and is given a maximum of ¢ coupons that he/she would
distributed to his/her contacts. If A, = 0, then either the process stops, or a new individual is chosen
from the unexplored population and recruited, no coupon is distributed, and we continue the survey. In
this case, the process stops at n = N, when all vertices in the population have been explored. Thus,
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Figure 1: Description of how the chain-referral sampling works. In our model, the random network and
the RDS are constructed simultaneously. For example at step 3, an edge between two vertices who are
already known at step 2 is revealed.

An+1 :An - 1{An21} + Yn+1 AN C, (2)
Bn+1 =B, + Hn+1 - (Hn+1 + Kn+1) ANc

where Y, 11 is the number of new neighbors of the (n + 1)th—individual interviewed; H, 41 is the number
of the (n + 1)-interviewee’s new neighbors, who were not mentioned before, and K, is the number
of the (n + 1)*-interviewee’s new neighbors, who are chosen amongst the individuals that we knew but
do not have any coupon. Of course, Y, 11 = H,41 + Ky +1. At this point, we can see that the transitions
of the process (X, )nen depend heavily on the graph structure: this will determine the distributions of
the random variables Y, 11, Hyt1 and K, and their dependencies with the variables corresponding to
past interviews (indices n, n — 1..., 0).

Case of Erdos-Rényi graphs If the graph that we explore is an Erdés-Rényi graph [5, 11], then the
process (X, )nen become a Markov process. In this first chapter, we carefully study this simple case
and consider an Erdos-Rényi graph in the supercritical regime, where each pair of vertices is connected
independently from the other with a given probability \/N, with A > 1.

In this case, we have, conditionally to A,,_1 and B,,_1 at step n, that



Y, LBin(N —n— A1, %) (3)
A
H, YBin(N —n— Ay_y — Bo_1, ) (4)
A
K, LBin(B,_,, =) (5)

As we can notice in the presentation of the RDS process (X, )nen, the exploration of the Erdos-Rényi
random graph is done by visiting it with non-intersecting branching random walks. This idea is not new
(see e.g. [6, 12, 27]).

Plan of the paper In Section 2, we show that the process (X, )nen is a Markov chain and provide
some computation for the time at which the number of coupons distributed touches zero, meaning that
the RDS process has stopped and should be restarted with another seed. In Section 3, the limit of the
process (X, )nen, correctly renormalized, is studied. We show that the rescaled process converges to the
unique solution on [0, 1] of a system of ordinary differential equations. The fluctuations associated with
this convergence are established in Section 4.

This work is part of the PhD thesis of Vo Thi Phuong Thuy [33]. The law of large numbers (Theorem 2)
can be seen as a particular case of the result of one of her other paper [32] where the considered graph
is a Stochastic Block Model (see e.g. [1]). In the present work, the result is stated more clearly in this
simplified setting (Erdés-Rényi graphs being seen as Stochastic Block Models with a single class) and is
completed with the computation of the fluctuations (Section 4). We also considered the computation of
several quantities of interest in Section 2.2 using the properties of Markov chains.

Notation: In all the paper, we consider for the sake of simplicity that the space R? is equipped with
the L'-norm denoted by ||.||: for all 2 = (z1,...,24) € R, ||z|| = Zle ;.

2 Study of the discrete-time RDS process on an Erdos-Rényi
graph

2.1 Markov property and state space

When the graph underlying the RDS process is an Erdos-Rényi graph, the RDS process (X,,)nen becomes
an inhomogeneous Markov process thanks to the identities (3). It is then possible to compute the
transitions of this process that depend on the time n € {0,... N}.

Proposition 1. Let us consider the Erdos-Rényi random graph on {1,... N} with probability of connec-
tion A\/N between each pair of distinct vertices. Consider the random process X = (Xpn)neqo,..n} defined
in (1)-(3). Let Fp, := o({Xi,i < n}) be the canonical filtration associated with the process (X, )nefo,...N}-
The process (Xn)neqo,...N} 5 an inhomogeneous Markov chain with the following transition probabilities:
P(X, = (a,V) | Xn—1 = (a,b)) = Py((a,b),(a',V)).

Palfa () = 3 () (T e, ©)

where the sum is ranging over (h, k) such thata' =a—1g>1+ (h+k)Acandd =b+h— (h+k)Ac.

Proof. For n < N, we compute P(X,, 11 = (¢/,0') | F) using (2) and (3). The fact that this probability
depends only on X,, shows the Markov property and provides the transition probability (6). O



Of course, Ay, By, € {0,... N} but there are more constraints on the components of the process (X,,).
First, the number of coupons in the population plus the number of interviewed individuals cannot be
greater than the size of the population N, implying that:

A, +n <N &= Ap <N —n. (7)

Also, assume that at time m > 0, X,,, = (£, k). Then, the number of coupons distributed in the population
can not increase of more than ¢ — 1 at each step and can not decrease of more than 1. Thus,

L—(n—m) <A, <l+(n—m)x(c—1). (8)

Thus, the points (n, A,), for n > m, belong to the grey area on Fig. 2. Let us denote by S this grey
region defined by (7) and (8).

S = {(n,a) € {m,...,N}x{0,..., N=¢} | max{l—(n—m),0} <a < min{€+(n—m)x(c—1),N—n}}. (9)

An
Ap,=mn—-—m)(c—1)+¢
N

no

Figure 2: Grey area S: Set of states susceptible to be reach from the process (Ay) started at time m with A, = ¢,
as defined by the constraints (7) and (8). The process (Ar) can be stopped upon touching the abscissa axis, which
corresponds to the state when the interviews stop because there is no coupons in population any more. The chain
conditioned on touching the abscissa azis at (no,0) can not cross the dashed line, which is an additional constraint

on the state space.

2.2 Stopping events of the RDS process

We now investigate the first time 7 when A, = 0, i.e. the time at which the RDS process stops if we do
not add another seed because there is no more coupon in the population. Let us define by

7:=inf{n > 0,4, =0} (10)



the first time where the RDS process touches the abcissa axis. This stopping time corresponds to the
size of the population that we can reach without additional seed other than the initial ones.

Our process evolves in a finite population of size N, and we have seen that the process A, < N —n.
Thus, 7 < N < 400 almost surely.

For (ng,m,f) € N3, let us define the probability that the RDS process without additional seed stops
after having seen n vertices and discovered ng other existing potential vertices:
Uny(m, ) =P(T =ng | Ay, = 0). (11)

By potential theory, u,,(.,.) : S — [0,1] is the smallest solution of the system which, thanks to the
previous remarks on the state space of the process, involves only a finite number of equations:

Ung (’I’L07O) =1, vn 7é no, Un, (7’L, 0) =0, (12)

Ungy (N, a) = Z Py(a,a)uny(n+1,a"), n<ng—1,1<a<N, (13)
a’ | (n+1l,a’)€S

where P, (a,a’) = P(Anﬂ =d | A, = a) In fact, the support of u,, is strictly included in S, defined
as follows, when ng < IV:
Spy = {(n, a) € {m,...,N}x{0,...,N—/} | max{{—(n—m),0} < a < min{l+ (n—m) x (c—l),no—n}}

(14)
since the maximal number of interviewed individuals (and hence of distributed coupons) is ng on the
event of interest (see dashed line in Fig. 2).

For Erdos-Rényi graphs with connection probability A/N, we have more precisely:

(N-(niDmay (AR (g AN ek if —1<a' —a=k—-1<c—1
Palad) = 1S [ ()0 ) —am e
0 otherwise

Let us define for n > 0:

Upy (N, 1)
Ug;) = Uny (M, @) (15)
Ung (12,100

and Pg{é) the ng X ng matrix with entries (P,(a,a’);1 < a,a’ < ng). Then, for n < ng — 1, the solution
of the system (13) can be solved recursively with the boundary conditions (12) and:

n n n+1
UM =PHult.

We can compute solve the above equations, as represented in Fig. 3.
Starting from 1 coupon at time 0, we can also compute the probabilities that P(7 > ng | Ap = 1) as
seen in Fig. 4

3 Limit of the normalized RDS process

In this section, we consider the RDS process stopped at the time 70V defined for every N € N* as

o = inf{t > 0, A =0}. (16)
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Figure 3: Left: Numerical computation of un,(n,a) =P(r =no | An = a), with ng = 50 and for a and n varying
between 0 and 50. Right: Numerical computation of the probability P(T > no | An = a), with no = 50. We can
see that if a > n then, this probability is equal to 1. We can use these numerical results for n = 0: this provides
the probability, given the number of seeds, to reach a sample of size at least ng.

P>NAS)

Figure 4: Numerical computation of the probability P(T > no | Ao = 1) of obtaining a sample of size at least ng
starting from 1 coupon at time 0 (ordinate), with ¢ varying from 1 to 10 (colours) and no varying between 1 and
100 (abscissa).

This time corresponds to the proportion of population explored by the RDS.

For an integer N > 1, let us consider the following renormalization X~ = (AN, BY) of the process
X:

Ay By
N ' N
Notice that X is constant by part and jumps at the times t,, = n/N for n € {1,..., N + 1}. Thus the
process XV belongs to the space D([0,1], [0, 1]?) of cadlag processes from [0,1] to [0,1]* embedded with

the Skorokhod topology [4, 22]. Define the filtration associated to X as (FN)icp,1] = (F|ne))eefo,1]-
We aim to study the limit of the normalized process XV = (AN, BY) when N tends to infinity.

1
X = (AY, BY) = 5 X w) = ( ) €[0,1]*, telo,1]. (17)

Assumption 1. Let ag,bg € [0,1] with ag > 0 and by = 0. We assume that the sequence Xév =L X,

N
converges in probability to the vector xg = (ag,by) as N tends to infinity.



Theorem 2. Under the assumption 1, when N tends to infinity, the sequence of processes XN =
(AN BN) converges in distribution in D([0,1],[0,1]?) to a deterministic path x = (a,b) € C([0,1],[0,1]?),
which is the unique solution of the following system of ordinary differential equations

t
Ty = Xg +/ f(s,x4)ds, (18)
0
where f(t,xy) = (f1(t,x¢), f2(t, x1)) has the explicit formula:

c—1

filtz) = filt,anb) = c= > (e = k)pi(t + ar) = La,50 (19)
k=0
c—1
falt,xe) = falt,an,b) = (1=t —a; —b)A + > _(c— k)pi(t + ar) — (20)
k=0

with . .
AR (1 —
pr(z) = %e‘k(l_z), ke {0,...,c}, (21)
and c is the mazimum value of coupons distributed at each time step.

Remark 3. Since the limiting process x € C([0,1], [0,1]?) is deterministic, the convergence in distribution
of Theorem 2 is in fact a convergence in probability. The limiting shape is illustrated in Fig. 5.

It can be seen graphically that after the time to = inf{t > 0, |a;| = 0}, the solution of the ODE remains
constant (see Prop 12) and that this time is approzimated by & = inf{t > 0, AN = 0}. This time
corresponds to the proportion of population explored by the RDS. We have simulated the RDS on the
graph of size N = 1000, A = 2 and for various values of c: ¢ = 1,2,3,4, and have computed 7. We
obtain the approrimated values of ty in the table below:

c | 1 2 3 7 5 6
to | 0.426 | 0.775 | 0.818 | 0.827 | 0.829 | 0.829

The proof of Theorem 2 follows the steps below. First, we enounce a semi-martingale decomposition
for (X™)ny>1 that allows us to prove the tightness of the sequence (X~)x>1 by using Aldous-Rebolledo
criteria (Section 3.1). Then, we identify the equation satisfied by the limiting values of (X)x>1 (Section
3.2), and show that the latter has a unique solution (Section 3.3). A difficulty lies in the fact that when
a; touches zero, the solution stops and remains constant. Indeed, the solution of (18) describes how the
number of coupons distributed in the population evolves. When a; = 0, this gives the size of the cluster
reached by the RDS without the introduction of additional seeds.

As explained, the proof of Theorem 2 relies on the Doob’s decomposition of (X¥)y>1 as follows.

Lemma 4. The process XV, for N € N*, admits the following Doob decomposition: X}N = X + AN +
M}, or in the vectorial form
XN,I AN AN’l MN,I
() = (%) + (B ) + (3w ) (22)
The predictable process AN is

Nt
AP _ 1 LZJ EYn Ac| Fooa] = 1a, 1 (23)
A]{V72 N n=1 E[Hn - Yn Ae | ]:nil]

The square integrable centered martingale M has quadratic variation process (M™N) given as follows:

LVt

_ Var(Y, Ac | Fnoi) Cov(Yn Ae,H, — Y, Ac)
(M0 = N2Z(COUY ANesHy = Yo Ac) Var(H, — Yo Ac| Fuor) ) (24)
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Figure 5: Simulations of the process (AN, BN) (red/green lines) compared to solution (a,b) of the ODE’s system
(dashed lines) for the graph of size N = 1000, the value of X is fized: A = 2 and various values of ¢c: ¢ =1,2,3,4.

Notice that the quantities in (23) and (24) can be computed as functions of A = A,_1/N and

BN

tn—1 T

B, _1/N for n € {1, ..., N} with the results of the following lemma:

Lemma 5. We have the following expressions for the expectations and variances appearing in (23) and

(24).

(i) For the moments of Yy, :

where

E[Y, Ac| Foa] =c— cz_:(c —k)P(Yn = k| Fn1) (25)
k=0
E|(Ya A o) [Faa| = 4 D (K = )B(Y, = k| Fu); (26)
k=0

(N=Ntoy = NAY  —1)!
(N =Nty — NAY _ —1—Fk)INF Kl

N(1—tn,1—A§:_1) —k—1
(1-2) (-2 o

P(Y, = k| Fn_1) =



(i) For the moments of Hy:

1 tn—1

E[Ho|Foa] = A (1= ta = AN~ BY_) (28)

A
Var(Hp,| Fp_1) = A (1 b, AN B{j_l) (1 - N) . (29)

(iii) And for the cross moments:

E[Hy (Y A )| Fr]

c

Bg:{,—l 2 N
_ (1 f M) [Z(k — ck)P(Yy, = k|Fn_1) + e (1 —tn — Atn_l)

n—1 k=0

(30)

Proof of Lemma 5. Most of the computation comes straightforward from (3). For the conditional expec-
tation of Y,, A ¢, we have:

E[Y, A ¢|Fp_1] = Z kP(Y,, = k| Fpn_1) + cP(Y,, > | Fp1)
k=0

= Z kP(Yy, = k| Fno1) +c(1 = P(Y,, < ¢|Fz1))
k=0

=c—Y (c—k)P(Y, = k|Fu1),
k=0

where

k N N
(N — Nt,, — NAg\TfL —1)! ()\ )k( A )NthanAf;flfk

(N —Nt, — NAY —1—k)EI\N

P(Y, = k|Fo_1) = (N — Nt, — NAY — 1) ( A )k(l A )N—Ntn—NA{‘:L_l_k

N

= s

N

which yields (27).
Let us detail the proof of (30).

N*TL*An_l
E[H, (Yn A ¢)|Fn-1] = Z (kANCQE(H, Y, = k)P(Y, = k| F.-1)
k=0
¢ N-n—-A,_1
N_n_Anfl_anl Z 2
- FP(Y, =k|Fa)+ Y ckP(Y, =k|Fa1)
N-—n—An k=0 k=c+1
Bn—l - 2
=(1-—"nt — ck)P(Y,, = k|F,_ R[Y,,|F,,_
( N—n—An1> Lz_%(k: ck)P( k|Fp_1) + cE[Y,|F, 1]1
Bn—l - 2 n An—l
( NnAn_l)LZ:;(k RB(Y, = )+ (1- 5 = 2 )] (31)

With the expressions obtained in Lemma 5, we can now prove Lemma 4.

10



Proof of Lemma 4. Since the components of XV take their values in [0, 1], the process X¥ is clearly
square integrable. It is classical to write X}V as

LNt]
1
XtN:X(J)V‘FN E (Xn*Xn—l)
n=1

[N
=X5 + 5 > E[X, — Xpoa | Faci]
n=1

[Nt
> (Xn = X1 — B[Xp — Xpa| Fua))-

n=1

L1
N

Let us call AY the second term in the right hand side, and M} the third term. We will prove that AN
is an FV-predictable finite variation process and that MY is a square integrable martingale.

Let us first consider (AN)g<;<1. For each n € {1,..,N}, E[X,, — X,,_1|Fn_1] is F,_1-measurable.
Hence, A is F|nt)—1-measurable. The total variation of AN is:

[Nt
vay) =Y 1ay —ay_ |
n=1

n—1

[Nt
1
= N E |E[An —An | -Fn—IH + |]E[Bn — B, | -Fn—lﬂ
n=1

< (2c+ M\t < 400,

by using (2), as Y, A ¢ < c and E[H, | Fr—1] < A
Furthermore, using (2), we have that for the first component:

1477,—147171:}/’77,/\6—].{14717121}7 Bn—anlen—Yn/\C,

and we can recover the expression (23) of AY announced in the lemma with the results of Lemma 5.

Let us now show that (M)o<;<1 is a bounded F}¥-martingale and let us compute its quadratic in-
tegration process. For every ¢ € [0,1], M} is F}N-measurable and bounded and hence square integrable:

IMN| = | XN =X =AY <24 2c+ A\t <2+ 2c+ X < +oo.

For all s < ¢,
[Nt]
E[MN|J—_'N] —F i Z (X —X,l—E[X _X71|~F*1])FN ]
t s N n n n n n [NVs)
n=|Ns|+1
L sl

+ E N nz::l (Xn - Xn—l - E[Xn - XTL—1|‘F’H—1])‘]:LNSJ

1 [Ns]

R S M WS
n=1

Then M} is an (F})-martingale.

11



Let us denote X! = A,, and X2 = B,,. The quadratic variation process is defined as:

<MN> — <MN?1,MN71>t <MN’1aMN’2>t
t <MN’2,MN’1>,5 <MN’2,MN’2>t ;

where for k, ¢ € {1,2},

LINt]
1
(MR MY, = 5 3B [(XE = XE_) (X = Xf )| Faci]
n=1

Using (2), we have:

LNt
1
(M) = 5 ST E |(An = Aney = Ay — Apot] Fat)? [ o |
n=1

[Nt] 2

= < Z:l Var(Y, A el Foo1) < 5

Proceeding similarly for the other terms, we obtain

1 A
N2\ _ _ Al
(M%) = N2 ngil Var(H, — Y, Ac|Fn_1) < I
[Nt
1 VA
N1 a7N.2y _ b
(MY MYy, = N T;:l Cov(Yo Ae,Hyp =Yy Ac | Fro1) < N

This finishes the proof of the Lemma.

3.1 Tightness of the renormalized process

Lemma 6. The sequence (X™)n>1 is tight in D([0,1],[0,1]2).

(34)

(35)

Proof. The proof of tightness is based on the classical criterion of Aldous-Rebolledo (|24, Theorem 2.3.2]
and its Corollary 2.3.3). For this we have to check that finite distributions are tight, and control the modu-
lus of continuity of the sequence of finite variation parts and of quadratic variation of the martingale parts.

For each t € [0,1], |AN| + |BY| < 2, implying that (A}, B}¥) is tight for every ¢ € [0, 1].
Let 0 <s,t <1,

IAY = A = 1A = AT+ AT = AT
v
< N Z (‘E [An - An—1|-7'—n—1]| + |]E [Bn - Bn—1|}—n—1”)
n=|Ns]+1

< (2e+ Nt —s|

Thus, for each positive € and 7, there exists §y = 5 E_Z \ such that for all 0 < § < &,
c
1 2c+ A)o
P| sup HAivaéVH>n <-E| sup HA){VfAiVH §w§5, VYN > 1.
[t—s|<d n |[t—s]|<d n
0<s,t<1 0<s,t<1

12
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By Aldous criterion, this provides the tightness of (AY)yen.
Similarly, for the quadratic variations of the martingale parts, using (34) and (35), we have for all
0<s<t<,

[Nt 2

Z Var (Y, A ¢|Fno1) < N\t = s;
n=|Ns|+1

LNt]
1
(M2 = (M2 = 5 >0 Var (Ho = Yo Ac[Foa)
n=|Ns|+1

20+ )
N

1
[, = (M), = 5

AN

It —sl;
[Nt]
|<MN,1’MN,2>t . <MN,1,MN72>S| < £ Z (Var(Yn /\C|~Fn71))1/2
n=[Ns|+1
x (Var(H, — Yy, A c|Fp_1))*/?
c(VA+¢)

<=y lt—sl

Thus, using the matrix norm on Mayo(R) associated with ||.||; on R,

sup [[(M™), — (MY),[ < sup <|<MN’1>t — (M) (M2 — (M2) |
[t—s|<d |[t—s|<d
0<s,t<1 0<s,t<1

2 MY, = (4502, )

< A +40+A) + (VA +0)
- N

5. (37)

A 4+40+A) + (VA +o)
niN

Consequently, for any € > 0,7 > 0, choose § such that 0 < e, we have

P| sup [[(MY), —(MN) || >n]| <e, VYN=>1,
t—s|<d
(l)gs,ltél

which implies that (M%) is also tight. This achieves the proof of the Lemma. O

3.2 Identification of the limiting values

Since (X )n>1 is tight, there exists a subsequence (¢x)n>1 in N such that (X)y>1 = (AN, B y>q
converges in distribution in D([0, 1], [0, 1]?) to a limiting value (a,b) € D([0,1],[0,1]?) (e.g. [3]). In the
whole section, we will denote this sequence again by (XY )n>1 = (AY, BY)x>1. We now want to identify
that limiting value.

3.2.1 Convergence of the martingale and predictable process

Proposition 7. The sequence of martingales (M™)n>1 converges uniformly to 0 in probability when
N — o0.

13



Proof. With a computation similar the one leading to (37), we get

(6¢ +4\)t
M)l < [N o] 4+ [(MV2)] 21 (M) [2 (M V2), ]2 < — (38)
By Doob’s inequality,
6c? + 4\
B[ sup M) < 4E[I (M) ] < 42—
t€(0,1]
For every € > 0,
1 4(6¢% + 41
lim P | sup |[MN|*>>¢e| < lim ~E[sup |[MY]? < lim 4(6c” +4%) =0.
N—o0 te[0,1] N—oo € te[0,1] N—o0 eN
O

The remaining work is figuring out the limit of finite variation part AY. Recall the function f defined
in (19)-(20).

Proposition 8. There exists a constant C = C(X,¢) > 0 such that for all N > 1,

LVt]
1 n—1 An,1 Bn,1 C
sup AN =3 f( et )Hs 39
el - N —~ N N N N (39)

Proof. Recall the equations for AY in (23) and (27). Using (28), we have that:

|t
1 n—1 A,_1 B,_
HAéV_NZf( N Nl’ Nl)H

=1

(&

LNt
LS (e e B =k Fact) — 14, 01)
n=1 k=0

(=t~ B (7 Ly A}‘V’l) - 1%»)‘

k=0
| v .
1 S (Bl | Faca) + D (e = RP(Ya = | Fast) —c)
n=1 k=0
n—1 An,1 Bn,1 ° n—1 An,1
*<A(1* N N N )*;}(C*k)p’“( N TN ))’
INt] ¢
2 n—1 An—l
<25k |P(Ynk ) - (B )‘ (40)
N ; kz::o N TN

We are thus led to consider more carefully the difference between P(Y,, = k | F,—1) and pi(tn—1+ A} ).
We have

(N = Nty — NAY _ —1)!
(N = Nt, | — NAY  —1—Fk)INk

1 2 k
= (=t =AY = A=t =AY = D) (=t =AY - ©)

= Qk(l —tn-1— Aﬁ71)7

14



where for k£ < ¢,
k

k
Hm—xn —Z( Drdey_ja

7=0

is a polynomial of degree k, with the notation z,, = n/N, eg = 1,¢; = Zl<i1<...<ij<k Tiy i, 1 < j < k.
Since B B

oo | ket o kol (k= 1)\
1Qx(z Z Tepjal | <Y e ylla?] <D ( ) |21,
j=0 j=0 j=0
this yields:
N — Nt; — NAN —1)!
( (2 ~ t4q ) _(1_tl_AiV)k
(N—Ntl—NA —k—1)INFk ‘

SN T )

Secondly, we upper bound the difference between (1—)\/]\7)]\[(1 tn-1=45 1) and exp(=A(1—t,—1—A] ).
Using a Taylor expansion, we obtain that:

) = exp (N(l —tp_1 — Ai]YLA) log (1 B %))

= exp (N(l —tp—1 — Ai]YLA) log (1 B %))
2

“A(1—tp_ A A
ey (- (s 42)

where there exists some constant C' = C()\) > 0 such that 0 < ry < C/N3. Using that for x > 0,
1 —z < e ™ < 1, we obtain that for some constant Cy = Cy(A),

)\ N(l_tn_A{V ) C
< e Mmta=AY) _ ( - 7) e 20 42
0<e 1 N SN (42)
Lastly, there exists a constant C; = Ci(c, A) > 0 such that
A — (k1) Cy
1< (1-4) <14-2L 43
< N Si+ (43)
Gathering (27), (41), (42) and (43), there thus exists a constant Cy = Cy(c, \) such that
Cy (A, e
‘P(Yn = k|Fuct) = prltna + AN )| < % (44)
As a result, from (40) and (44) we have for some constant C' = C(\,¢) > 0
L t]
—1 An Bn O\,
o St A B s <
This proves the proposition. O
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3.2.2 [Equations satisfied by the limiting values
First, let us start with a useful lemma.
Lemma 9. The limiting value (a,b) is continuous.

Proof. The jumps of the component AN are uniformly bounded by ¢/N. However the component BY
may have jumps of order 1. To obtain the result, we will use the Proposition 3.26(iii) in [13] and prove
that these big jumps tend to zero in probability when N — +oo. We will use (3). The random variables
H,, for n € {1,... N} do not have the same distribution, but we can couple them with i.i.d. dominating
random variables H,, ~» Bin(N,\/N). Then, for & > 0,

}P’( sup |BY — BN | > 5) §IP’< sup |Hy| > Na—:)
te[0,1] ne{l,..N}
SIP’( sup  |H,| > NE) =1 —IP’( sup  |H,| < Na)
}

ne{l,..N ne{l,..N}

=1 - P(|i| < gN)N =1- (1P| > EN))N

—1- <1—P(ﬁ1—A>aN—A)>N. (45)

By Hoeffding’s inequality,

2

—2(eN — \)? 2eA
= N > < exp (—2€2N + 45)\) .

N

P(ﬁl—)\ZEN—)\) Sexp( ) = exp <—252N+48)\—

The right hand side of (45) is less or equal to

N
1- (1 —exp (— 22N + 46)\)> — 1= exp (Nn (1 - 72N H4e) )

Thus,

lim P( sup |BYN — BN | > 5) < lim [1—exp (Nln (1 - 67252]\”45)‘)) =0.
N—=+oo  \ig(0,1) - N—r+00

O

With the above results, we can now identify the equations satisfied by the limiting values of (X*V),
and we will prove in the rest of this section that

Proposition 10. The limiting values of (X™)n>1 are solutions of (18).

A difficulty in the proof comes from the change of the dynamics when the component AN touches
zero. Because of the indicator in (19), f1 is not continuous when its second argument touches zero. We
separate the proof into several steps.

Step 1: Recall the stopping time 7 defined in (16). This time corresponds to the proportion of the
graph discovered by the RDS when starting from the initial seeds at time 0 and without introduction of
new coupons (see Remark 3). Also, we define for the limiting value:

to := inf{t € [0,1] : a; = 0}. (46)
Lemma 11. We have that
lim P(r) > to) = 1. (47)
N—+o00

16



Proof of Lemma 11. For € > 0, let
N =inf{t > 0,AN <&} (48)

€

and
te :=inf{t > 0,a; < e}. (49)

Because A" is cadlag and a is continuous, infcjo,17ar < A}im infieo,1] AN Then for any 0 < € < &/,
—00

t/\TEIV :

by Fatou’s lemma:

1=P( inf AN < P( li inf AN = lim PN ).
(te%,ts,] t > = (Ngnoote%(l)l,ts/] MTEN>€) Ngnoo (TE > ter)

Let ¢ — 0, we have

lim P(ry >tg) = 1. (50)

N —oc0

O

Step 2: we now prove that on [0, %), (@, b) satisfies the ODEs (18). From (22), Propositions 7 and 8, we
obtain that the process

V]

(-5 X

converges uniformly to zero when N — +o00. A difficulty is that f is discontinuous when A®) touches
zero, but this happen with large probability after time t; when N — 400 (see Lemma 11). Hence, by
continuity, for t < t:

1
(nN A Bin), e W”)

LNt
1 n—1
(% 2 (A i)t 0.1])

converges uniformly to the process

t
(/ (5,5, by)ds, t € [0, 1]).
0
We deduce from this that the limiting value of (X~)x>1, (@,b) is necessarily solution of (18) on [0, o).
In the sequel, we denote by (a,b) the solution of (18) and will prove that (a,b) = (a,b).

Step 3: We now study the time ¢y at which the first component a of the solution of (18) touches zero.
We first prove that:

Proposition 12. For allt > tg, we have a; = 0.
Before proving the proposition, let us start with a lemma.

Lemma 13. Denote

d(z):=c— Z(c - k)[)\(ll;'z)]ke_k(l_z), c>2,A>1 (51)

Then there exists a unique zo € [0,1] such that ¢(z0) =1 and zo > 1 —1/A.

17



Proof. For all z € [0,1],

c—1 _
P'(2) = —che M2 4\ ;(c - k:)()\((lk_zl);:’C : e M1=2)

)\ 22;11(6 _ k)()‘(lk;!z))keﬂ\(lffr)

c—2 — k c—1 —Z k
k=0 k=1

_ e S~ A0=2)F (A=)

= de 172 [1’; k!  (e—1)! 1 <0

which gives that ¢ is decreasing. Furthermore, we have ¢(1 — 1/X) > 1 for ¢ > 2 and ¢(1) = 0. So the
equation ¢(z) = 1 has unique root, denoted by zg € (1 — 1/A,1). O

Proof of Proposition 12. For ¢ =1, (19)-(20) gives that

—e Ml=t=a) = ifqg>0
1—e 2=t 50 ifaq=0.

da
=1—p0(t+a)—1a>0={

dt
Recall also that for all ¢ € [0,1], a; + ¢ € [0, 1] since it corresponds to the proportion of individuals who
have received a coupon (already interviewed or not). The right hand side of (19)-(20) has a discontinuity
on the abscissa axis that implies that the solution stays at 0 after ¢;. Notice that this was expected since
when ¢ = 1, {0,1} is an absorbing state for the Markov process (AN)n>1.

Let us now consider the case ¢ > 1. We have then that

d
== 6(a+1) = Lo,
where
c—1 c—1
o(z)i=c— Z(c —k)pr(z)=c— Z(c - k)#e‘”\(l_z). (52)
k=0 k=0 ’

By Lemma 13, ¢ is a positive function on (0,1) and there exists a unique z. € (1 — 1/A,1) such that
¢(2.) = 1. For all ¢ such that 0 < ¢ < to, we have

d(at + t)
dt

It implies that t — t 4 a; is a strictly increasing function on [0,tg] and thus

=¢lat+t)—1+1=c(a+1t)>0.

ag < t+ay <o, Vit € (O,to).

If z. > to, then 1 = ¢(z.) < ¢(to) < ¢(t + a;) for all t € (0,ty). It follows that 4% > 0. Hence, a;
is strictly increasing in the interval (0,%). Notice that ¢ + a; is continuous function on [0, 1], and since
t + a; is strictly increasing, we deduce that 0 < ag < at, = 0, which is impossible.

If 2. < ap < tg, then 1 = ¢(z.) > ¢(t+ay) for all t such that ¢t +a; > 2z.. And thus % =¢(t+a;)—1<0

whenever ¢t + a; > z. and a; > 0.

If z. € [ag, to], then there exists a unique t. € [0, to] such that t. +a;, = z.. It follows that there is a value

t. in the interval [0, to] such that ¢(t. +ar,) = 1. Then ¢(t +ar) > 1 for all ¢ € (0,¢.) and ¢p(t +ar) < 1

for t € (t.,1). Thus,
dat

pTke 0 when t € (0,¢.) and

day

pm < 0 when t € {t > t.:a; > 0}.
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After the time tg, there is again a discontinuity in the vector field (¢,a) — ¢(t + a;) — 14> which is
directed toward negative ordinates when a > 0 and positive ordinate when a < 0. This implies that the
solution of the dynamical system stays at 0 after time ¢q. O

Step 2, Prop 12 and Lemma 11 ensure that (X™V)y>1 converges uniformly to (@, b) on [0;to).

Step 4: We now precise the result of Lemma 11 by showing that 78’ converges to tq in probability. This
results from Lemma 11 and:

Lemma 14. For all o > 0,

. N < -1
Nl_lg_loo P(ry <tg+o)=1 (53)

Proof. Let 0 > 0 and 6 > 0 be small positive numbers,
= lim P( inf A} >0)
Nooo ‘M t<to+o

= lim P( inf AY >0 A} <0)P(A] <9)

Nooo M t<toto

lim P(rd > to + o)
N—oo

: N N
< Jim P(AG L, >0 Af <9),
since Aé\g converges to at, = 0 in probability, in the second line. Using Lemma 4,
1
N N N1 N1
Ao = Ay = > (EYnAc| Fact) = 1)+ My — M.
n: to<§ <to+o

For n such that tg < £ <ty + o, there exists € > 0 such that

E(YoAc| Fuot) — 1< —¢,

n
N

since E(Y, Ac | Fooq) — 1 = (22 + A?\fl) — 14 o0(%) and since ¢(t) —1 < 0 for all ¢ > t., where
t. € [0,t¢] is defined in the proof of Lemma 11. Thus,

N
P(AN, >0 A <6) gP(ijjoM,?}lML]\;’on)

N
P(M;jfa — MY > I']VO-JE—(5>

SP(M;:fU—Mt]X’I >Ue—;f—(5>.

For § < o€, there exists Ny such that o€ — 6 — 5= > 0. Thus, using Markov’s inequality and then using
(38), we have that for all N > Ny,

N1 N1
6 (|, - o)
]P’<MZX_’:UM£’1 >06N5> <

=~ 2 — 27
<ae—5—]§0> N<o*e—5—;,0>

which tends to zero when N — +oo. O

Step 5: Conclusion. We have proved that X” converges uniformly to the solution (a,b) of (19)-(20)
on [0,%]. The stochastic process is frozen at the time 7 that converges to to in probability. After that
time 78, X remains constant by construction with AY = 0. So, AV converges uniformly on [0,1] to
the solution a of (19). The continuity of the process AV yields the continuity of the process BY that
hence also converges uniformly to the solution b of (20) on the whole time interval [0, 1]. This concludes
the proof of Proposition 10.
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3.3 Uniqueness of the ODE solutions
To prove Theorem 2, it remains to prove the uniqueness of the limiting value, i.e. that:
Proposition 15. The system of differential equations (19)-(20) admits a unique solution.

Proof. Suppose that (19)-(20) have two solutions (a',b') and (a?,b?), then for all t € [0, 1],

t t
la; —a?| < / lg(s,al) — g(s,a?)|ds —|—/ 1fa150) — 1{a2s0y|ds, (54)
0 0
where
c—1
g(t,at,by) == C‘Z(C_ k)pr(t + ay). (55)
k=0
In the first term of the right hand side of (54), we have
l9(s,a3) = g(s,02)| < |0ag(s, &)llag — aZl, (56)

1 2 Ll 2 12
for some real value & between al and a3, i.e. min{al,as} < &; < max{al,az}.

For the second term, we want to prove that for all ¢ € [0, 1],

t
/ ’1a§>0 - 1a§>0| ds = 0. (57)
0

In order to do so, we first prove that all the solutions of (19) touch zero at the same point and that after
touching zero, they stay at zero. Consider the equation:

da
th = g(t,a) — 1. (58)

Because the function (¢,a) — f1(t,a) — 1 is continuous with respect to ¢ and Lipschitz with respect to a
on [0,1], Equation (19)’ has unique solution a; for ¢ in [0, 1]. Let us define

2?0 = 1nf{t >0: a; = O}
Since the two equations (19) and (58) coincide on [0, g A to], a; = a; for all ¢ € [0,%g A &g]. Thus, o = o
and a; = a7 = a, for all t < ¢y implying that fot 114150 — La2s0| ds =0, for all ¢ < t.

To conclude the proof of (57), it remains to show that a' and a? stay at zero after time tq. Indeed,
this fact is claimed by the Proposition 12.

Consequently, from (56) and (57), we have

¢
al = a2l < [ 1oug(s.€.)o} — aZlds. (59)
0
And because f3(.,.,b) is differentiable, we also have

t
by — 07| < max, 105.f2(s, @, C) by — blds, (60)

o0 a€[o

where (, is a value between bl and b2, that is min(bl,b?) < ¢, < max(b!,b?). Applying the Gronwall’s
inequality, we obtain

la; — af| + b — 0]

t
< (lag — ag| + lby = bgl) exp ( /0 {mafl(s,sm + max |abf2(s,a,gs>] ds) =0,
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for all ¢ in [0,1]. That means the equations (19)-(20) have at most one solution. O

Every subsequence (X*V)n>1 C (Xn)n>1 converges in distribution to a solution of the differential
equations (19)-(20). And because of the uniqueness of the solution of (19)-(20), which is proved above, we
conclude that the sequence (XV)n>1 = (AN, BY)y>1 converges in distribution to that unique solution.

4 The central limit theorem

When the underlying networks are supercritical Erdés-Rényi graphs: ER(N,A/N), A > 1, the size of
the largest and the second largest components ([11]) is approximated as [Cpae| = O(N) and |Cig)| =
O(log(N)) as N tends to infinity. The probability that one of the initial Ay individuals belongs to the
giant component converges to 1. Indeed, we can consider that our initial condition consists of the first
nodes explored until | ||zo||V| individuals are discovered. Each time there is no more coupon, a new seed
is chosen uniformly in the population, of which the giant component represents a proportion (. Hence,
the number of seeds S until we first hit the giant component follows roughly a Geometric distribution
with parameter (). Since for seeds outside the giant component, the associated exploration trees are of
size at most log(NN), the number of individuals discovered before finding the giant component is of order
log(N) < [||zo]|N]. Under the assumption 1, there is a positive fraction of seeds belonging to the giant
component of ER(N,\/N) with a probability converging to 1.

For the central limit theorem, we are interested in the limit of the RDS process in the giant component
of ER(N,A\/N),\ > 1. By the lemma 11, we see that the Markov process (A})y>1 absorbs just after
the time ty with probability approximately 1 as N tends to infinity. Thus, in the sequels, we work
conditionally on {7&¥ > #;} and all the processes are treated only in the interval [0,%y]. We hence
consider the following process, for ¢ € [0, to]:

X|ne) — N(ag, b
WA = LN \/N(at W _ VN(XY = z,),t €[0,0), N € N*. (61)

Assumption 2. Let Wy = (W}, W) be a Gaussian vector: Wy ~ N(0;%). Assume that WY =
VN(XN — x0) converges in distribution to Wy as N — 0o.

Theorem 16. Under Assumption 2, the process (W™N)n>1 converges in distribution in D([0,to],R?) to
Y, which satisfies

t
Wy =Wy + /G(s,as,bs,Ws)ds + M(t,a,by) (62)
0
where
— ¢'(t +a)w' .
G(t,a,b,w) := ()\(wl Fw?)— ¢+ a)wl ) (63)
c—1
Ak(l — z)k —A(1-z
9(z) = c =Y (e = k) e N0, (64)
k=0
and ¢’ (z) is the derivative with respect to z of ¢; M is a zero-mean martingale with the quadratic variation
t
(M(-ya.,b.)) := /mij(s,as,bs)ds , (65)
0 i,je{1,2}
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in which

c c 2
my1(t,a,b) == Z(c — k)?pi(t +a) — (Z(c — k)pr(t + a)) ; (66)
k=0 k=0

mag(t,a,b) ;= A1 —t—a—>b)+2A\(1 -t —a—b)

X <c()\ -1+ ipk(t + a)) + mi1(t,a,b); (67)
k=0
mia(t,a,b) : = A1 —t—a—>b) (c()\ -1+ Zpk(t + a)) —ma1(t,a,b). (68)
k=0

The performance of fluctuation process VN (AN — a) is illustrated in Fig. 6.

M |
4 ~ Il W \J "M |

B r M \ f AV \ ‘\}Iﬂ l\w"“‘\

Al L

l .W
' W M

I

g2

Figure 6: Fluctuation process v N(AYN — a;),t € [0;t] for N = 1000, A = 2 and ¢ = 3.
The proof is divided into several steps: first, we write W in the form of a Doob’s composition;
then we claim the tightness of the sequence (W)xs1 in D([0,%], R?) by proving the tightness of both
terms: the finite variation part and the martingale; next, we identify the limiting values of the sequence

(WN ) ~>1; and finally we demonstrate that all the limiting values are the same.

Recall from Lemma 4 that:

XN Ay N AN N MM
XtN,Q - Bé\f A%N’Q MtN,Q )

where

22



and where

Ny <MN’1,MN71>,5 <MN’1,MN’2>t
<M >t - [(MN’2,MN’1>t <MN’2,MN’2>15 (69)
From the proof of Lemma 4, we recall the equation (39):
1 A B C
N - n—1 n—1 < =2
o L s e By € m
where f is defined in (??): f(¢,a,b) = (f1(t,a,b), f2(t, a,b)),
c—1
filt,a) ==c— Z(c —Ek)pr(t+a)—1
k=0
c—1
fo(t,a,b) = (1—t—a—b)A+ > (c—k)pr(t+a) —c.
k=0

and recall the components of the quadratic variation (M), given by (24):

V]

1
<MN’1>t =7 Z Var(Y,, A ¢|Fn-1),
n=1
L
(N N2y, — = Z Cov(Y, Ac,H, =Y, Ac| Fu_1),
n=1

LNt]
1
(MY2), = <5 > Var(Hy = Yo AclFoa).
:1

Notice that in this section, we work conditionally on {7V > o} and that all processes are defined in the
time interval [0, #o], thus all the terms 14, ,>1,1 <4 < [Nto|, 1450, La,>0 are replaced by 1
For all N € N* and for all ¢ € [0,¢], W} is written as:

N A ANl—f fi(s,as,bs)ds ( Nl)
W, —\/N(Bz —bo>+\F<AN2—f2f28as, S)ds>+\/7 M

=W + AN + M.
We prove tightness of the process in D([0, o], R?) and then identify the limiting values.
4.1 Tightness of the process (W")y>

Proposition 17. The sequence (W) n>1 is tight in D([0, 1], R?).

Proof. To prove that the distributions of the semi-martingales (W) y>; form a tight family, we use the
Aldous-Rebolledo criterion as in Lemma 6. To achieve this, we start with establishing some moment
estimates that will be useful.

Step 1: moment estimates
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From (38), we have
E[[(MN)]l] < (6¢* + 4A)t.

For the term Aiv

LN” c .
AN N1 1 i—1 A
A < A I {c— (c—k)pk( N + N -1
i=1 k=0
| Nt| c .
1 1—1 Azfl
R4
i=1 k=0
[Nt i/N c
_Z / C—Z(C k)pk(s—i—as)—l)d
1—1(2 1)/N k=0
t c
+VN / (C—Z(C—k)pk (s—l—as)—l)ds
|Nt]/N k=0
Thanks to (70), we have that
[Nt] c .
N,1 1 1—1 AZ',1
VN |A] _N§{c_l§(c_k)pk(N+ 1)
LNt
—1 A B, C
<\/N AN—f ( 11— 1 1— 1> < =
. 2 N )| =R

(71)

Because f; is continuous and is defined in a compact set [0, 1], then the third term in the r.h.s. of (71)

maxX, , p)efo,1]3 | f1(t,a,b)]

is upper bounded by RN

For all s € {le’ K,),

(5+as) — i—1+Ai_1 <
Pr(S T as Pk N N =

z€[0,1]

LA
(Y
VN

z€[0,1]

The second term in the r.h.s. of (71) is bounded by

& n -1 A
\/NZZ(C—k pk(s—l—as)—pk( ~ + ;V1>‘ds
=1 k=0 (i—1)/N

c(c—l)( 1 /t N1
< sup |p —_ 4+ Whhds ) .
ze[01‘k ’ 2 VN 0| |
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) sup. [ (2)|

) sup_[ph(2)]-

(72)

(73)



Thus,

c(c—1
AN < C + max(y,q,p)ef0,1]2 | f1(t, a,b)| + sup, (o 1) |2, (2)] L5
t o VN
-1 t
+ sup ()| “5H [ as
2€(0,1] 2 0

Using the similar argument, we have that

C+Sup(tab yepo,pe [f2(t a,b)] +Supz€[0 1 |pi(z )45+

t t
-1
+ ( sup |pj (2 | e )—|-/\> /|W5V’1|ds+)\/|WSN’2|ds.
2€[0,1] 2 ) )

C’()\

AN,2
|A;

Hence,

1AV < L / (W |ds (74)

Then for every t € [0, to],

E[[WN (] < E[JAN] + E[| MM

/
< (62 +ant+ Z (A e /IE W (1ds
0
And thus by the Gronwall’s inequality, we deduce that
sup E[|[WN]] < (6¢% +4X + C' (A, )" ™) =™ YN > 1. (75)

t€[0,to]

Let 0 < s <t <ty,

t

~

CANE=5) | (62 4 an)(t—s) + C" (M) /E[IIWJVII]dU

S

E[|w¥ —wl] <

2

< (C'(A ) 4+ 662 + 4N+ C"(X,)C)(t — s)

1"

Then for given &€ > 0,7 > 0, choose § such that § < ne(C’(\,¢) + 6¢2 + 4\ + C"(\,c)C )7L,

Pl sup [WYN-WN[>n|<n'E| sup (WY -WN|| <e (76)
[t—s|<d |t—s|<&
0<s<t<1 0<s<t<1
y (75) and (76), we can conclude that (W) y>1 is tight in D([0, 2], R?). O

Proposition 18. The martingale (MN)Nzl converges in distribution to a Gaussian process (My)o<i<t,
on [0, to].

25



Proof. Keeping in mind that A, — A,_1 =Y, Ac—1and B, — B,—1 = H, — Y, Ac and by (33), we have

vy, = L % (B[4 n 0 [Fuca] - (B [ nefFai])?) ()
N | v
(M), = = 1 {Var(Hy| Fo-r) = 2(E[Ha (Yo A O Faci]
- — B[Ho | Fo aEYa A clFaa)) b+ (1), (78)
(EVL RV, — % g:” {E [Ho (Yo A €)| Fu ]
- E[Hp|Far] E Yo A c|Fi] } — (M1, (79)

From (77), (26) and (44),

— 1
<MN,1>t o N 2

<Y (e- k)QC(]AV,k) s ((c— k?\?()\,k) N (c—fﬁ(m)) - Dlx,c).
k=0 k,0=0

From (78), (29), (30) and (44),

V]

— 1 i—1 Ay Bi_ Dy(\¢)  Di(Xc)
N.2 i—1 i—1 2\, 1Ay

MY E < +

< )t N P m22< N’ N’ N ) - N N

where Da(X,¢) = A+ 2> _(k* — ck)C(\ k) +2cA+ 14+ Y7 _(c — k)C(\, k) and from (79), (30),

N N 1 [Nt]
<MN’1,MN’2>t - N Z Mmio
i=1

i—1 Ai—l Bi—l < D3()\7C) D1(>\,C)
N’ N’ N -

where D3(\, ¢) = Y5 _(k*—ck)C(\, k)+cX. And since the vectorial function (myy)1<k, ¢<2 are continuous,
— ¢
then (M), converges uniformly in distribution to [(my (s, as,bs))keeq1,2yds. By Theorem 2 in [26],
0
we can conclude that (M*)y>1 converges uniformly in distribution to the Gaussian process (My)ie(o.40],
¢

which is identified by its quadratic variation (M); = [(m;(s, as,bs))i je(1,21ds- O
0

Proposition 19. The finite variation (ﬁfv,t € [0, to]) converges in distribution to the process (A, t € [0, o)),
N>1

which is the unique solution of the stochastic differential

t
A, = / (s, s, b, Wy)dt (80)
0
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Proof.

_ [Nt] i—1
AY =VN ANZf< LAY, B

( Wfffc_l AY,.B

:Dév"‘Et )

where

f(t,a,b) =

(1—-t—a—->b)A —c+z c—k

From (70), we have

LNt

IDY| = f(AN—Zf('

We need to find the limit of E.

c—1 )\k
C—Z(C—kj)k' (1—t—a)fe M7tma) _
k=0

1 —t— )kef)\(lftfa)

AN, BYL) — f(s,a0b ))ds—f/fsas,

INt]
TN

(83)

Because f is continuous function, defined in the compact set [0, 1]3, the second term in the r.h.s. of (83)

. max , , 3 || f(t,a,b)|
is bounded by (t.a.nyefoys I (Ea bl

and thus converges to 0 as N — oo.

VN
We write f as
f(t,a,6) = <w(t+a+b)¢>(t+a))
c—1 k
where ¢(z) = ¢ — Z(c - k)w ~M1=2) and 4(z) = A(1 — 2). Then
k=0 ’
¢<ZN _|_A1,ivl) o(s+ as)
¢ (5 ) (G -0t o)
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where &; ; takes the value between % +AN iea and s+as; ¢'(&5) (resp. ¢”(&.s))) is first derivative (resp.
the second derivative) of ¢ at &; 5. And

¢(iN1+A{§§Vl +B£‘J’V1) — (s + as + bs)

=\ ((i]_vl s) + (AL \ —as)+(B£V,T1 —bs))
;o N,1 N,2

:_)\<(1N1 5+ W, +W >

VN TN

So the first term in the right hand side of (83) can be written as

>y Ve (1 1)

)\(vallJrW ) (%JFA%)W%}
LN1] _le{\/N 5o (Gt + A%, ) b ds

T T e (2 ean) ) o

+220) ) s
i=1 ﬁN i—1 w2 iz
,;fl W{((zN —s) + W) ¢ (fi,s)}ds

Because (W¥)y>1 is tight, there exists a subsequence of (W™)y>1, denoted again (W¥)y>1, which

converges in distribution to W = (W', W2) e D([0,to],R?). The second and the third term of (84)
converge in distribution to 0 since

(84)

i

LNt

> / V| o0 (St Al ) s < s

z€[0,1]

and with WV = @ WN defined as in the Skorokhod’s representation Theorem, WwN converges uniformly

almost surely to w2 W, we have (WN)Nzl is bounded and that

% . N1\ 2
S| 0+ ) e o

S( sup |¢"(z) wh. )N‘l/z.
2€[0,1] N>1

Then (AN )N>1 converges in distribution to a process, which satisfies equation

t
- & (s + a) W
o= / (—A(W; +W2) —¢'<s+as>wsl> ds (85)
0
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4.2 The uniqueness of the SDEs

Since the process (W )xn>1 defined in a closed interval: [0,%o] and tight in D([0,1];R?), so uniqueness
of the solution of the SDE (62) is proved if the criteria in Theorem 3.1 of [21, page 178] is verified. We
need to justify that the functions G(t,w;) and o(¢t,w;) = (M(-,w.)); are Lipschitz continuous, i.e. for
every N > 1, there exists K > 0 such that:

Gt u) = G(t, w)|| + [o(t,u) — ot w)]| < Kn|u—wl], Vu,we By,

where By = {z : ||z|| < N}. Indeed, this condition holds because

[G(tw) = Gt w)] < (2 mae [/(2)|+ 1) fu = .

and o(t,w) does not depend on w. Hence, the pathwise uniqueness of solutions holds for the equation(62).
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