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Abstract. The purpose of this short article is to address a simple example of a game
with a large number of players in mean field interaction when the graph connection
between them is not complete but is of the Erdés-Renyi type. We study the quenched
convergence of the equilibria towards the solution of a mean field game. To do so, we
follow recent works on the convergence problem for mean field games and we heavily
use the fact that the master equation of the asymptotic game has a strong solution.

1. INTRODUCTION

Mean field game theory was initiated a decade ago in independent contributions by Lasry
and Lions [14-16] and by Huang, Caines and Malhamé [11,12].

The general purpose of mean field game theory is to address stochastic differential games
with a large number of players interacting with one another through the empirical marginal
distribution of the system, such a type of interaction being precisely called mean field. Numerous
works on the theory have been dedicated to the analysis of the asymptotic formulation of the
game, which is thus referred to as a mean field game. In his lectures at College de France, see
also the lecture notes by Cardaliaguet [2], Lions [17] exposed most of the background of the
analytical approach. Since then, alternative strategies, including probabilistic ones, have been
suggested, see for instance [4] or the forthcoming monograph [5,6] together with the textbook [1].

One key step in the study of stochastic differential games is to prove the existence of a con-
sensus between the players, which we also call an equilibrium. Whilst several types of equilibria
are conceivable in the literature, we focus below on the notion introduced by Nash, see [18,19].
Basically, each player is assigned a cost —or an energy— functional depending upon a time-
dependent control parameter which is proper to the player (think for instance of the control as
the velocity of a particle if players are particles); the cost functional is also allowed to depend
on the own state of the player together with the states of the others (in agreement with the
above explanation, the cost functional depends on the states of the others through the empirical
distribution only when the interaction is mean field); for instance, when the player is a particle,
the energy may read as the sum of the kinetic energy, which involves the own velocity of the
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particle, and of a potential energy, which may involve the own state of the particle together with
the states of the others. We then say that a configuration (evolving with time) is a consensus
between the players if there is no way for a player to decrease her/his own cost by deviating
unilaterally from the consensus, namely by changing unilaterally her/his control parameter. In
this framework, the rationale for regarding the mean field limit under the number of players may
be explained as follows: Generally speaking, games with a large number of players are known to
be of a high complexity, in the sense that solving for an equilibrium may be very costly; in case
when the underlying structure is of mean field type, equilibria are expected to be of a somewhat
simpler structure in the asymptotic regime. This is indeed a key feature of mean field particle
systems that, asymptotically, particles are not only statistically identical but become also inde-
pendent, this latter fact being usually known as propagation of chaos, see the seminal lecture
notes by Sznitman [21]. Equivalently, the limiting behavior of a mean field particle system may
be summed up through the dynamics of a sole representative particle interacting with its own
distribution. When recast within games with a large number of mean field interacting players,
propagation of chaos yields the following picture:

(1) First, an equilibrium (or a solution) of the asymptotic mean field game should consist
of a flow of marginal distributions (p:)o<t<r accounting for the statistical states of the
population (when in equilibrium) at any time ¢ € [0, 7], where T is the time duration
of the game.

(2) Second, it should suffice to focus on a typical (or representative) player (or particle) in-
teracting with the flow (ut)o<t<T instead of regarding the whole collection of interacting
players. Given (u¢)o<t<r, the typical player (or particle) aims at minimizing her/his
own cost functional with the prescription that, therein, the empirical distribution of the
system at time ¢ has been replaced by p;. In words, the typical player solves a standard
stochastic control problem within the environment (u:)oct<r. When the player is a
particle, the point is thus to tune the velocity in order to minimize the own energy of
the particle, which may be the sum of its kinetic energy and of some potential energy
(which may include the interaction with the environment).

(3) Last, the Nash condition underpinning the notion of equilibrium says that the environ-
ment (f14)o<t<r forms an equilibrium if there is no incentive for the representative player
to deviate —in a statistical sense— from (¢ )o<t<7. This holds true if and only if the best
response in the optimization problem under the flow (u;)o<t<T —as addressed in point
(2) right above— fits (ut)o<t<r exactly, namely if the collection of marginal laws of the
optimal state is (ut)o<t<r itself.

In short, an equilibrium is thus a fixed point for an application mapping a flow of statistical
distributions onto another flow of statistical distributions. Of course, the challenge is then to
guarantee the existence of such a fixed point; this requires first a tractable characterization of
it, which may be of analytical or probabilistic nature.

From the analytical point of view, fixed points may be characterized as solutions of a forward-
backward system made of two coupled evolution equations, a forward Fokker-Planck equation
and a backward Hamilton-Jacobi-Bellman equation: By forward equation, we mean that the
boundary datum is given at the initial time, and, by backward equation, we mean that the
boundary datum is given at the terminal time; saying that the two equations are coupled is
the same as saying that each of the two equations depends upon the solution of the other one.
As explained below, the fact that the two coupled equations have opposite directions makes
the whole rather difficult to solve. In our setting, the resulting system is usually referred to
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as the mean field game system: Therein, the backward equation accounts for the optimization
part in the search for an equilibrium —see point (2) in the above description of a mean field
game—, whilst the forward one describes the evolution of the equilibrium (u;)o<i<7 under the
Nash condition (3). The probabilistic approach obeys more or less the same principle, as it
also relies on a forward-backward system, but of a somewhat different structure. Precisely, this
forward-backward system reads as a forward-backward stochastic differential equation of the
McKean-Vlasov type. The forward component provides the form of the optimal trajectories of
the stochastic optimization problem —again, this is (2) above— whilst the McKean-Vlasov condi-
tion enforces the fixed point constraint following from the Nash condition —see (3)—. Whatever
the approach, the key problem is to sort out the forward-backward structure arising in the
characterization. It is indeed known that the Cauchy-Lipschitz theory for systems of coupled
forward-backward differential equations only applies when the time duration 7" over which the
system is set is small enough. Rephrased in our setting, this says that, when T is fixed, equi-
libria of mean field games cannot be systematically constructed by a contraction argument.
This is in stark contrast with the theory of differential equations with either one initial or one
terminal boundary datum, for which Picard’s theorem applies as long as the coefficients are
Lipschitz continuous. Most of the time, the construction of an equilibrium to a mean field game
thus requires another method; for instance, it may be based on a fixed point theorem without
uniqueness. Also, as the mapping driving the fixed point equation may not be a contraction,
uniqueness for mean field games is known in very few cases; for example, it holds true when the
coefficients satisfy specific monotonicity conditions, which we shall illustrate below.

Although there is no specific reason for expecting it to hold true in full generality, uniqueness
is an important question. When it fails, it may be a very difficult question to select one of
the equilibria. Also, uniqueness may be very useful for justifying the convergence of equilibria
of games with finitely many players towards solutions of mean field games. As a matter of
fact, proving the convergence of finite player games, which means proving the convergence of
the equilibria as the number of players tends to infinity, is a difficult problem, which may be
addressed in two different ways according to the precise notion of Nash equilibrium which is
used. In the finite player game, Nash equilibria may be indeed taken over either open or closed
loop controls: Roughly speaking, an equilibrium is said to be over open loop controls if the
players in equilibrium are blind to the deviation chosen by any unilaterally deviating player; in
contrast, an equilibrium is said to be over closed loop controls if each player computes her /his
own control as a function of the states of all the players; when they do so, the players in
equilibrium update their controls when one of them is deviating. Regarding the convergence
problem, the picture is then as follows. When the finite player equilibria are taken over open
loop controls, compactness arguments, without any need for asymptotic uniqueness, may be
used, see for instance [10,13]; however, this strategy fails when equilibria are computed over
controls in closed loop form. In the latter case, the only strategy that has been known so far
for tackling the convergence problem requires uniqueness, see [3]. The idea for doing so goes
back to another key object due to Lions, which is known as the master equation. Whenever
uniqueness holds, the aforementioned forward backward system used to characterize the solution
of the mean field game (whatever the approach is analytical or probabilistic) may be regarded
as the characteristics of a nonlinear PDE set on the space of probability measures. This latter
PDE is precisely the master equation. Whenever the master equation has a classical solution,
say U, see for instance [3,8] for solvability results in that direction, convergence may be proved
by letting U act onto the empirical distribution of the equilibria of the finite player game.
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The purpose of this paper is to revisit all these facts, but in a somewhat different framework
from what is usually addressed in the literature. Whilst the interactions in the finite player
system that have been considered so far are always defined on the complete graph, we here
assume that some of the particles do not directly interact with one another and, more precisely,
that the connections between all of them are given by the realization of an Erdos-Renyi graph
with a non-trivial parameter. In order to simplify, we focus on a toy model only, for which the
structure of the asymptotic game is not too complex. In this framework, we prove that the
limiting problem is also a mean field game. Taking advantage of the simple form of the model,
we manage to simplify the master equation and to show directly, with an affordable price, that
it has a classical solution. Last, we address the convergence of the equilibria of the finite player
system when the realization of the graph is frozen. To simplify, we assume that equilibria are
taken over open loop controls, but, in order to exemplify the notion of master equation, we make
use of this latter one to pass to the limit, as explained above.

We present the model in Section 2. The asymptotic game is investigated in Section 3. The
convergence problem is addressed in Section 4.

2. A Toy MODEL

First, we introduce the finite player game we alluded to in the introduction. For the sake of
simplicity, all the particles we consider below live in R.

2.1. Particle system

In this paragraph, we are given a collection of N real-valued Brownian motions
(W)ost<T)i=1,-. N, where T is some finite time horizon, the value of which is fixed throughout
the article, and N is an integer. These processes are assumed to be constructed on a probability
space (2, F,P). The filtration generated by the noises and possibly augmented with an initial
o-field Fo, independent of ((W})o<t<r)i=1.... .~ is denoted by (F;)o<t<r-

With each index i € {1,---, N}, we associate a particle (or a player). At any time ¢, the
dynamics of player i are driven by some instantaneous velocity, which we denote by i, and are
forced by the Brownian fluctuation dW}, which is proper to player i. The dynamics are thus of
the following linear form:

dX} = aldt +dW{, tel0,T].

We stress the fact that the term af is not a priori fixed. As explained below, the player may tune
it in order to minimize some criterion. For that reason, the process (af)o<i<7 is called a control.
It is required to be (F;)o<t<T progressively-measurable and to satisfy the square-integrability
condition

T,
Ef (o)"dt < o0.
0

Last, the initial conditions (X{¢);=1... ny are assumed to be Fy-measurable, square-integrable,
independent and identically distributed.
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2.2. Interactions between the particles

With each particle, say i € {1,---, N}, we associate a cost functional J* depending upon all
the control processes ((a})o<t<1)i=1,..,n- It takes the following form:

J (((a{)ogsT)j:lw N)

i L)
+LT[ (et = [ ™)+ ()] |

where ¢; and ¢, are two constants, f and g are two functions from R into itself and () ")o<i<r is
a collection of probability measures, the definition of which is given next. Roughly speaking, each
[Li\“ accounts for the empirical distribution at time ¢ of the so-called particles that are connected
to i; we make clear the definition of these connections right below. The cost functional J* thus
involves three kinds of terms: In the integral from 0 and 7', the last term may be understood
as the kinetic energy of particle i if we regard the control a! at time ¢ as an instantaneous
velocity; the term on the second line and the first term in the integral from 0 and T describe
some cost related to the interactions between the particle ¢ and the particles that are connected
to it; according to the preliminary discussion in introduction, we may call this interaction cost a
potential energy. In this potential energy, the term (cg X4 — SR d,u *(x))? is called terminal

cost, whilst the term (c;X; — S f( x))2 is called running cost at time t. Obviously, the
terminal cost becomes smaller as the termmal state X% of the particle i gets closer to the mean of
g/cg over the particles that are connected to ¢; so, the ratio g/cy provides some terminal objective
(or terminal target). Similarly, the ratio f/c; provides some running objective. Although
this form of interaction may be of a rather restrictive form for modeling, it turns out to be
easily tractable from the mathematical point of view. We refer to [7] for a specific instance of
application when f and g are linear and ﬁtN " is the empirical distribution over all the players
(and is thus independent of 7).

For simplicity, we shall set c; = ¢, = 1 throughout the text. Regarding the functions f and
g, we assume them to be smooth enough, but we prefer not to detail this assumption at this
stage of the paper and to make it clear when necessary only.

In comparison with models that have been investigated so far, the novel point is the definition
of the collection of probability measures (ﬂiv Mo<t<r- We call it the collection of empirical
marginal distributions of the particles that are connected to i. 1t is defined as

N
iyt = — Z 6y, te[0,T],

where (¢"7)1<; j<n is a collection of bits, that is ¢"7 € {0, 1}, satisfying the symmetry condition
i

ghl =g, e =0.

In words, the family (%7 )i<i,j<n forms an undirected graph between the particles: ¢ and j are
connected if €7 = 1; in particular i and j are connected if j and i are connected. Above, N; is
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the number of particles connected to ¢, namely
N
Ni = Z ehJ.
j=1

Whenever N; = 0, we let ﬂiv " be the null measure. In such a case this is no longer a probability
measure and the action of il on f (or g) is zero.

Throughout the paper, we assume that the (¢7);<;<j<n are the realizations of independent
and identically distributed Bernoulli random variables of parameter p € (0,1). With a slight
abuse of notation, we still denote by (¢%)1<;<j<n the corresponding random variables. So,
the graph connecting the particles with one another is a realization of an Erdés-Renyi graph.
It must be stressed that the collection of random variables (Ei’j )1<i<j< N is independent of
(Xo, (Wi)o<i<r). To make it clear, we define it on another probability space (Z,G,P). In
particular, the realization of the graph is completely frozen in the computation of the costs
(Ji)i=1,... N-

2.3. Notion of equilibria

Of course, each player is willing to minimize her/his own energy. This prompts us to introduce
the notion of Nash equilibrium. As mentioned in introduction, several forms of it are conceivable.
Here, we just make use of the simplest version:

Definition 1. A tuple ((Oéi)ogth)i:L..‘,N is said to be a Nash equilibrium over open loop
controls if, for anyi € {1,--- , N}, for any other adapted and square-integrable control (B:)o<t<T,
it holds that

Jl((az%v aaiila/@ha?rlf" 7aiv)0<t<T) = Jl((a%a aaiv)OSth)-

In short, a Nash equilibrium is a consensus between the players: there is no incentive for any
particle to leave the consensus. In the above definition, it is said to be over open loop controls
since the other players are blind to the change of o into 8: In both cases, the other players
implement, for any realization of the noise, the same realization of their own control.

In comparison with, Nash equilibria over closed loop controls (as we alluded to in Introduc-
tion) would be taken over controls of the form (af = ¢'(t, X}, -+, XV))o<t<r for a feedback
function ¢¢ from [0,7] x RN to R. In the latter case, the dynamics for (X}, -+, XN )o<t<r
become a stochastic differential equation. Under appropriate assumptions on the feedback func-
tions, it is well-solvable. If so, we have the same definition as above for a Nash equilibrium
except that, therein, we have to fix the feedback function ¢* instead of the trajectory (ai)o<i<7-
This makes a difference: In words, this means that any other player j £ ¢ may be willing to
take into account the new state of the deviating player i to update her/his control; indeed, while
she/he keeps using the same function ¢/, she/he implements it at a different tuple. Although it
sounds pretty much realistic, we feel better not to address this case in this note.

2.4. Asymptotic formulation

We now introduce the asymptotic formulation. The guess is that there should be sufficiently
many edges connecting ¢ to the rest of the population to do as if the graph was complete. So,



ESAIM: PROCEEDINGS AND SURVEYS 7

we expect the asymptotic game to fit a standard mean field game. The solutions of this latter
one are given by the following two step procedure:

First Step. For a fixed flow of probability measures (1:)o<i<7, solve the standard optimiza-
tion problem

inf J((at)ogtsT)v
(at)o<t<T

where (az)o<t<T is an adapted process with respect to the filtration generated by (Xo, (Wy)o<t<T),
for (Xo, Wi)o<t<r) ~ (X3, (W})o<t<T). Above the energy functional is given by

J((w)ost<r) = E[; (XT - JRg(x)duT>2

#1500 [ e

t
Xt:XO+J OZSdS+Wt, tE[O,T]
0

where (X¢)o<t<T solves

Second Step. Find (ut)o<t<r such that the flow of marginal laws of the optimal process in
the first step is (u¢)o<t<T itself.

The reader will easily understand that, with our form of interaction, the limiting optimization
problem in the first step is linear-quadratic, that is the dynamics of the player are linear in «
and the cost functional is quadratic in (z,«). In this regard, the solution is very simple and is
known to be, conditional on the realization of the initial condition, a Gaussian process. This is
one of the main rationale for the form of the toy model addressed in this note.

Notice also that the asymptotic problem would be of the same form if we used Nash equilibria
over closed loop controls.

3. MASTER EQUATION

This section is devoted to the analysis of the mean field game.

3.1. Solvability of the mean field game

As a starting point, we need a tractable characterization of the solutions of the mean field
game formulated in Subsection 2.4. To do so, we make use of the probabilistic approach initiated
in [4]. Basically, this approach consists in applying first the Pontryagin principle in order
to describe the solution of the standard optimization problem in environment (p¢)o<t<r, as
addressed in the first step right above: The optimal trajectory is described as the forward
component of a forward-backward system of two coupled stochastic differential equations, the
coefficients of which depend upon (pt)o<i<r. Once this forward-backward system has been
written down, the point is to implement the fixed point condition stated in the second step
above: To do so, we need to replace u; in the coefficients by the marginal law at time ¢ of
the forward component of the forward-backward system. This leads to a forward-backward



8 ESAIM: PROCEEDINGS AND SURVEYS

stochastic differential equation of the McKean-Vlasov type, which characterizes the solutions of
the mean field game. It has the form:

dX; = —Ydt + dW,

dY; = — (X, — E[f(X,)])dt + Z,dW;, te[0,T), (1)
YT = XT — E[g(XT)]

Here we assume as before that the initial condition Xy of the forward component has been
prescribed. It is assumed to be Fy measurable and (W;)o<t<r is assumed to be an (F;)o<i<t-
Brownian motion with values in R, for a filtration (F;)o<i<7 that may no longer coincide with
the one described in the previous section. Here, the typical example for (F;)o<t<r is the filtration
generated by Fo and (W;)o<i<r- Recall also that the solution of the backward equation is the
pair (Y:, Z¢)o<t<T, which is also required to be adapted. Basically, the martingale integrand
(Zi)o<i<T is used to ensure the adaptedness. It is assumed to be square-integrable.

We now make use of the very simple form of the system (1). By the change of variable
(YQ =Y, - X\, Z, = Z, — 1)o<i<T, it may be rewritten as

dX, = — (X + Yy)dt + dW,
aYy = (Y3 + E[f(Xy)])dt + Z,dWy, te[0,T],
Y7 = —E[g(Xr)].

It is then well checked that (ﬁ)ogtg’[‘ is necessarily deterministic. Indeed, when (X;)o<i<r
is given, the two last lines form a backward stochastic differential equation. It is known to
be uniquely solvable. A particular solution (and hence the solution) is obtained by letting
(Zt = 0)o<t<T and by choosing ()NQ)(KKT as the solution of the ordinary differential equation
[d/dt](Y;) = Y; + E[f(X})], with the boundary condition Y7 = —E[g(X7)].

Henceforth, any solution to the above forward-backward system must satisfy

d ~
%(et]E(Xt)) = —¢'Y;,

which permits to express the forward component as
' Xy = Xo — E(Xo) + e'E(X) + €'Ty, (2)

where (I';)o<t<r is the Ornstein-Uhlenbeck process
t
I, = eftj e’dWs, tel0,T].
0
Finally, the McKean Vlasov forward backward SDE takes the form:
dX; = — (X, + Yy)dt + dWy,
ay; = (Y + E[f(e (X0 — E(Xo)) + E(X;) + Ty)])dt, te[0,T],
Yy = —E[g(e”" (Xo — E(X0)) + E(X7) + I'1)].
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Taking the mean and recalling (2), we deduce the following proposition, the proof of which is
straightforward.

Proposition 1. The McKean Viasov forward backward SDE (1) is uniquely solvable if and only
if the following deterministic system is uniquely solvable:

dmy = —(my + Y;)dt,

aY, = (Y + E[f(e™"(Xo — E(Xo)) + mq¢ + T4)])dt, tel[0,T],
Vi = —E[g(e”"(Xo — E(Xo)) + mr + T'1)],

with mo = E(Xy) as initial condition, in which case B(X;) = my, for allt € [0,T].

By the new change of variable (m; = etm; — E(Xy),Y; = e 'Y} )o<i<r, the above system is
equivalent to

dmy = _ezt}?tdta mo =0,
dYy = e "E[ f(e7"(Xo + mu) + Ty)]dt, (3)
YT = —e_TE[g(e_T(XO + T?LT) + FT)]v

in which case E(X;) = e *(m; + E(Xp)). The following proposition provides conditions under
which existence and uniqueness hold true.

Proposition 2. Assume that f and g are non-increasing and Lipchitz-continuous functions.
Then, for any square-integrable initial condition X, there exists a unique solution to the system

(3).

Proof. The result follows from a standard fact in the theory of forward-backward systems. It
suffices to observe that, when X is given, the functions

Rz —E[f(e”"(Xo+z)+T)]

, te[0,T],
R3z— —E[g(e T (Xo+2) +Tr)],

are non-decreasing and Lipschitz continuous. This permits to regard the system (3) as a deter-
ministic forward-backward system with non-decreasing and Lipschitz continuous coefficients. It
is then known to be uniquely solvable, see for instance [20]. d

Actually, we can even prove a more general stability result.

Proposition 3. Assume that f and g satisfy the same assumptions as above. Then, there exists
a constant C' such that, for any two initial conditions Xo and X\, of the system (1),

Yo — ¥g| < CE[|Xo — Xgl],

where (My, Yy)o<t<r and (m}, Y )o<t<r are the corresponding solutions to (3).
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]_Dmof. Again, the proof is pretty standard. It consists in regarding the product ((m; —m.) (Y, —
Y:))o<t<r. We compute

d B B _ _
[} — ) (V] V)]
_ _eZt(Y/;/ _ f/t)2
+ e~ (m} — mt)<E[f(e—t(X5 +my) + )| —E[f(e7"(Xo + my) + Ft)]).
Since f is Lipchitz-continuous and non-increasing, we can find a constant C', only depending on
the coefficients, such that

—[(m} —me) (Y = Y3)] < —e* (Y] = ¥})?
+ Clmj — my| E[| X4 — Xol],

which yields

T
(i, — ) (V) — i) + f &2V — Yy)2ds
t
T

< (it — ir) (V4 — Vo) + CE[1X} — Xo] J I, — s ds.
t

Now, using the fact that g is Lipschitz-continuous and non-increasing,
— (mp — mr)(Yy — Yr)
— (mlp — mr)e” ™ (B[g(e™T (Xg + i) + Tr)]

—E[g(e " (Xo + mr) + FT)])
< Clmly — mr|[E[| X — Xol].

Recalling that mo = m( = 0, we end up with

T
< Clmyp — mr|E[| X — Xo|] + CE[|X{ — Xol] J |, — mg|ds.

t

Returning to the forward equation, we deduce that

sup |my — m}|?
0<t<T
T
< Clmly — mr|E[| X4 — Xol] + CE[| X} — Xol] J |, — 1 |ds.
t
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By a standard convexity inequality, we obtain

sup |my —my| < CE[|X{ — Xo].

0<t<T
Plugging into the backward equation, we easily complete the proof. O

3.2. Master field

The combination of Propositions 2 and 3 permits to define a Lipschitz continuous mapping
L*(Q, Fy,P;R) 3 Xo — Yy e R,

which maps the initial condition of the system (1) onto the initial value of the backward com-
ponent of the system (3). Remarkably, the Lipschitz property holds true with respect to the
L' norm. Importantly, as the coefficients of (3) only depend on X, through its distribution,
uniqueness of the solution to (3) says that the same holds true for Yy: it only depends on X
through its distribution. So, denoting by P2(R) the space of probability measures on R with
a finite second-order moment, the above mapping may be regarded as a mere mapping from
P2(R) into R, namely
V(0,) : Po(R) 3 jio = Yo € I,

where the right-hand side is computed for some Xg ~ pg. This mapping is Lipschitz continuous
for the 1-Wasserstein distance W; (and so for the 2-Wasserstein distance W as well since W
is dominated by Ws).

Of course, we can easily extend the argument to any initial time ¢y € [0,7"] by initializing
the system (1) at time to. In words, this amounts to initialize the system (3) at time ¢¢ or,
equivalently, in shifting it to [0,7 — to]. The mapping V(tg, -) is then defined as

V(to,") : P2(R) 3 pio = Yy, € R,

where the right-hand side is the solution of the backward equation in (3), when this latter one is
set on [0, T — to] instead of [0, 7], T and 't in the terminal condition being replaced by ef—*o
and I'r—;,, and X, being some Fp-measurable random variable with the same distribution as
the initial condition at time tg of the system (1).

A crucial fact for the analysis of the finite player game equilibria is to prove that the mapping
V is smooth with respect to the measure argument, or, say to simplify, that the mapping V(0, )
is smooth. This requires to give first a meaning to the underlying notion of derivative. To do
so, we shall use Lions’ approach to the so-called Wasserstein derivative, as introduced in [17],
see also [2,5]. This requires to define first the lifting of V(0,-) to L*(Q, Fo,P; R), namely

V(0, Xo) = V(0, L(Xy)),

where L£(Xp) is the law of Xy. We then say that V(0,-) is continuously differentiable if the
lift V(0,-) is Fréchet continuously differentiable. Of course, this makes sense as long as the
space (2, Fp,P) is rich enough so that, for any po € P2(R), there exists a random variable
Xo € L%(Q, Fo,P;R) such that Xo ~ o, which we can assume to be true without any loss of
generality. A crucial point with Lions’ approach to Wasserstein differential calculus is that the
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Fréchet derivative of ]A}(O, -), which can be identified with a square-integrable random variable,
may be represented at point Xy as 0,V(0, uo)(Xo) for a mapping 0,V(0,10)(:) : R 3 v —
0, V(0, o) (v) € R. This latter function plays the role of Wasserstein derivative of V(0,-) in the
measure argument.

Second-order derivatives may be defined accordingly. The function V(0,-) is said to be twice
continuously differentiable if we can find, for each p € P2(R), a version of R 3 v — 7,V(0, ) (v)
(which is a priori defined as a function in L?(R,u;R)) such that Py(R) x R 3 (p,v) —
0,V(0, 1) (v) is continuous, differentiable in v when g is fixed, and differentiable in p when
v is fixed, with jointly continuous derivatives, namely P2(R) x R 3 (p,v) — 9,0, V(0, p)(v) is
continuous and Pa(R) x R x R 3 (p,v,0") — 82V(0, p)(v,v’) is continuous (here the variable v’
accounts for the second-order derivative in the direction u).

3.3. Proving the smoothness of V

Generally speaking, the smoothness of V at order two (which is the one we need for writing
down the master equation, see Subsection 3.4) is addressed in the two papers [3,8] and in the
monograph [6]. The general method consists in proving first that V(t,-) is a smooth function
of the measure argument for ¢ close to T, or equivalently, in establishing the smoothness of
V(t,-) for t € [0,T] when T is less than some small § > 0. In order to do so, f and g must be
smooth enough, say bounded and three times differentiable, with bounded derivatives. The idea
is then to show that the solution to (3) varies smoothly with Xy € L?(Q, Fo,P;R) when T < §;
this approach should be regarded as a flow method, but with an initial condition in a space of
infinite dimension. In this regard, the condition T' < d plays a key role, as it permits to define
the successive derivatives of the flow as the solutions of differentiated forward-backward systems.
We feel better not to detail the analysis and to refer the reader to the aforementioned citations.
The crux is then to pass from a small time horizon T' to an arbitrary time horizon. This is the
point where the Lipschitz control of V comes in. In [6] and [8], it is shown that, for a given
T > 0, the analysis of the smoothness of V could be extended from the neighborhood [T — 6, T]
of the terminal time T to the whole [0, T] by iterating backwards the small time analysis along
a sequence of small intervals of the form [T' — (n + 1)d, T — nd], with n such that T'— nd > 0.
Importantly, § can be assumed to be the same throughout the induction. To make it clear, it
must be stressed that the time length ¢, as defined right above, depends in fact on the Lipschitz
constants of f and ¢ with respect to the law of X for the distance W, with the slight abuse
that f and g are seen as functions of the law of Xy. When iterating the small time analysis
as we just described, the terminal boundary condition has to be updated on any new interval,
namely ¢ has to be replaced by V(T —nd, -) when working on the interval [T'— (n +1)d, T — nd].

For the sake of illustration, we provide an explicit example.

Proposition 4. Assume that [ is null and that g is non-increasing, bounded and smooth, with
bounded derivatives. Then, the function V is jointly continuous. It is differentiable in time and
[0V/0t] is jointly continuous. Also, for any t € [0,T], the function V(t,-) is differentiable with
respect to the measure argument and the function

[0,T] x P2(R) x R 3 (¢, p,v) — 0, V(t, p)(v)



ESAIM: PROCEEDINGS AND SURVEYS 13

1s bounded and continuous. It is differentiable in the variable v and in the variable p and the
functions

[0,T] x P2(R) x R 5 (t, pt,v) = 0,0, V(¢, 1) (v),

[0,T] x P2(R) x R x R 3 (¢, 4, v,0) — ﬁzV(t,,u)(v,v'),

are bounded and continuous.

Remark 1. As a corollary of the proof given below, we obtain the following representation for

V(0, ) (when f is null):
-7

e
O &
V( 7/-1’) Sll’lh(T) mr,
where mp is the unique fived point of the equation mr = sinh(T)E[g(e™T(Xo + mr) + I'7)],
where Xo ~ p is independent of I'p.

Proof. If f = 0, the solution of the forward-backward system (3) is given by the fixed point
condition

T
mp = f €2t7T]E[g(€7T(X0 + ﬁlT) + FT)]dt
0

= sinh(T)E[g(e™" (Xo + mr) + T'7)].

(4)

In order to compute the derivative of V(0, -), we proceed as follows. We consider two random
variables Xo and Y in L*(Q, Fo,P;R), with E[|[Y|*] < 1. For ¢ € R, we call (7§, Y )o<i<r the
solution to (3) when (1) is initialized with Xy + €Y. Since (Y)o<t<7 is constant in time,

ms = —1 (2T —1)V(0, L(Xo +£Y)). (5)
By Proposition 3,
|m —my| < CeE[|Y]].
Letting er = e~ T sinh(7T'), we have
m% = sinh(T)E[g(e™ " (Xo + €Y + m%) + T'7) ]

= sinh(T)E[g(e™" (Xo + m + Y + (mg — m7)) + 1) ]

= sinh(T)E[g(e~ T(Xo+m) + I'r)]
+ seTE[ ’(e T(Xo +mY) + FT)Y]
+ eTIE[g’ (e7"(Xo +mf) + )| (m7 — mf)

O(e?),

where the Landau symbol O(e?) satisfies |O(2)| < Ce? for a constant C independent of Xy and
Y. Recalling that sinh(T)E[g(e~T (X, + m%) + I'r)] = mS, we get

(1= erBlg' (7" (Ko +m$) + T0)]) (5~ )
= cerE[g (7T (Xo + ) + I1)¥] + O()
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that is, since ¢’ <0,

Elg (e7"(Xo +m%) +'1)Y]
1-— €TE[g/<€_T(X0 + m%) + FT)]

ms — my = cer

+ 0(e?).

Recall from (5) that

V(0,£(Xo)) = —e *Terp'md,
which shows that V(0,-) is differentiable with respect to the measure argument; also, for any
w e P2(R) and v e R,

B e TE[g (e7Tv —eTerV(0, 1) + T'7)]
1-— eTE[g’ (B_TXQ — €T€TV(O, /.L) + FT)] '

8,V(0,1)(v) =

It is absolutely obvious to check that 0,V (0, 1t)(v) can be differentiated once more with respect
to pu and v, namely

B 6_3TE[9” (e_Tv —eTerV(0, 1) + FT)]
1— eTE[g/ (e*TXo —eTerV(0, 1) + FT)] ’

avauv(oz /L) ('U) =

whilst the chain rule yields

oV (0, ) (v, 0")
7 , E[g"(e7Tv—eTerV(0,p) + T'7)]
=e eTauV(O, ) (V') (1 — BTE[QI (B_TXO —eTerV(0, 1) + FT)]
N eT]E[g’(e_TU —eTerV(0, 1) + FT)]E[g” (e_Tv —elerV(0, 1) + I‘T)] )
(1 — eT]E[g’(e—TXo —eTerV(0, 1) + FT)])2

The above formulas can be extended to any time ¢ € [0, 7] (instead of the sole ¢ = 0). It suffices
to replace T by T —t, er by er—_;, I'r by I'r—; and then V(0, u) by V(¢, ). By (4) and (5), it
holds that

V(t,p) = —e~ 70 J E[g(e_(T_t)v — e lerV(t, 1) + Try) |dp(v).
R

This prompts us to let

B(t,y) = —e T J ]E[g(e_(T_t)v — e er_yy + Try) Jdu(v),
R

for t € [0,7] and y € R. Obviously, ® is continuously differentiable with respect to y and

o0d
8—y(t,y) = eT,tf ]E[g’(e’(T’t)v —e"er_yy + Try) |du(v) < 0.
R
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Notice also from Itd’s formula that
o(t,y)

= —¢ (T-1) (J E[g(ef(Tft)v — eTfteT_ty)]du(v)
R
1 (Tt
+5 f dsj E[g”(e_(T_t)v — el ter_yy + es_(T_t)Fs)]e2(s_(T_t))d,u(v)),
0 R

so that ® is continuously differentiable with respect to t. Observing that

V(tv M) = (I)(t7 V(t’ ,u))v

we deduce from the implicit function theorem that, for any p € Pa(R), the function V(- p) is
continuously differentiable. Also, for any ¢ € [0,T1],

-

vt = (1= S even) 5 0 vew).

Since V is Lipschitz-continuous in the measure argument, we deduce that it is in fact jointly
continuous. Also, all the derivatives we computed above are jointly continuous in all their
arguments (including time). O

3.4. Form of the master equation

Returning to (1) (and assuming that f may be non-zero) and recalling that (Y, = e'Yy)o<i<rs
and that (Y; = X; + Y)o<t<r, we finally end up with the fact that

K) — XO + }_/b = XO + V(O, L:(XO))7

and more generally, by regarding X; as the initial condition when the system is restricted to the
interval [t, T'], we also have

Yo =X, +Y, = X, + V(1 L(Xy)), (6)
which prompts us to let
Ut,z,p) =+ V(tp), (tz,p)€[0,T] xR x Pa(R). (7)

We then claim:

Proposition 5. Assume that V satisfies the conclusion of Proposition 4, then the function U
satisfies the PDE, set on [0,T] x R x P(R),

QU 2, 1) — Ut 2, 1)l (t 2, 1) + %agu@, 2 1)
- [ Ut v otz @dnw) + 5 [ 20Ut 0,0 0)dn(w) ®)
R R

+x—Lf@MM@=&
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for (t,z,p) € [0,T] x R x Py(R), with the terminal boundary condition

U(T, 5, ) = & — ng<v>du<v>.

Equation (8) is called the master equation of the system (1). Notice that, because of the
special form of U, the partial derivatives of U/ in x here simplify.

Proof. The proof of Proposition 5 consists in expanding (6) by means of a suitable version of
the chain rule for flows of marginal distributions of a diffusion process, see Lemma 1, and by
identifying the expansion with the backward equation in (1). O

The following lemma is taken from [5,8].

Lemma 1. Let (x¢t)o<t<r be a real-valued Ité process of the form:
dXt = Btdt + th,

where (B¢ )o<t<T 5 a real-valued adapted process satisfying

T
EJ Bidt < .
0

If U : [0,T] x R x P(R) — R satisfy the assumption of Proposition 5, then the process
(U(t, X, L(X1)))ost<T expands as an Ito process, namely

dlu(t, Xe, £(Xy))]
= (&tu(t,Xt, L(Xy)) + .U (t, Xy, L(X1))Be + %@%U(t, X, £(Xy))

+ E[0U(t, z, L(X1)) (X1)Bt]
+ OU (t, X¢, L(Xy))dW,,

1
o T E]E[&,(?#Z/{(t,a:,ﬁ(Xt))(Xt)]I:Xt)dt

forte[0,T].

4. CONVERGENCE OF THE FINITE GAMES

We now address the validity of the limiting formulation. To do so, we focus on the case when
the equilibria in the finite player game are taken over open loop controls, see Definition 1.

Throughout this section, we assume that the conclusion of Proposition 4 holds
true.

4.1. First-order condition

Actually, we are going to simplify once more the problem. Instead of addressing the con-
vergence of the equilibria, we shall address the convergence of the solutions to the first-order
condition that any equilibrium (if it exists) must satisfy. Equivalently, this amounts to say that
we shall not address the existence of the equilibria. To make it clear, recall indeed that an
equilibrium is defined through a collection of N partial minimization problems, see Definition
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1. As usual with minimization problems, we may provide, by expanding at the first-order the
cost functional around the equilibrium, a necessary but possibly not sufficient condition that
any equilibrium must satisfy. This is what we call a first-order condition: Somehow, it is the
analogue of the standard condition stating that the minimum of a function f of the real variable
must be a zero of the derivative of f (which is indeed known to be a necessary but possibly not
sufficient condition).

We use the same setting as in Section 2. Namely, we are given a collection of N real-valued
Brownian motions ((W})o<t<1)i=1,....n, where T is as before and N is a fixed integer. These pro-
cesses are constructed on a probability space (2, F,P) and the filtration generated by the noises
and possibly augmented with an initial o-field Fy, independent of ((W})o<t<T)i=1,.-- N, is de-
noted by (Ft)o<t<r. Also, the initial conditions (X()i=1,... n are assumed to be Fp-measurable,
square-integrable, independent and identically distributed.

In game theory, the aforementioned first-order condition that any equilibrium must satisfy is
given by the so-called game version of the Pontryagin principle, see for instance [5, Chap. 2].
In our setting, it says that any equilibrim must satisfy the following forward-backward system:

dX} = =Y}dt + dW},
i i =N, - v el (9)
dyy = _(Xt — | f(@)dpg (x))dt + 2 27 AW,
R j=1

for t € [0,7] and ¢ = 1,--- , N, with the terminal boundary condition

Y} = X5 —f g(x)dpp*(z), i=1,---,N.
R

As already explained, the solutions of the backward equations are required to be adapted and
the martingale integrands to be square-integrable. By using the same kind of change of variable
as in Section 2, we can “remove” the linear term in z in the backward component; thanks
to [9], we can deduce that the above system is uniquely solvable when f and g are bounded and
Lipschitz continuous.

Following the strategy introduced in [3], we let

?j IU(t, XZaﬂz{V)v Ztl = &zU(t,XZ,ﬂiv) = ]-7 te [OvT],

for i e {1,---, N}, where U is given by (7) and with
| X
N _ v
' = szgl(SXg, te[0,T]. (10)

Pay attention to make a distinction between jil¥, which is the empirical distribution of the whole
system, and ﬁiv . which is the empirical distribution of the players connected to i.

The main strategy for addressing the convergence of the solution to (9) (as N tends to o0) is

to consider the distance between (Y!)o<i<r and (Y}¥)o<i<T, which is the purpose of the following
claim.
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Proposition 6. There exists a constant C

, independent of N and of the realization of the
Erdés-Renyi graph, such that
N
- Yz i
(v L E7 - ir)
C 1 1 4 i 1S 2
<3+ O LBl (e 2 (Vo06) 7 2 o0h) |
TN 1 N o _ | XN 24
+ CJ N Z}l]E[(Nl]-N,Zl 211( e f(XP)) - N - Z f(th)) ]ALdt-
i= j=

1

As made clear below, the proof is based on the standard Ité formula, applied to the function

SaN) = Ut 2 i),

Here again, pay attention to distinguish /]év ) from p;

The first one is indexed by a vector
x € RY, whilst the second one is indexed by a time instant ¢ € [0, 7]

In order to proceed, we must explain how to compute the (Euclidean) derivatives of u® in
terms of the Wasserstein derivative of Y. The following identities are taken from [3,8] or [5]

Qi (t,at, - aN) = 0,U (1,27 il + 5 ! O (t, 2", filyy) (z")
Opiut(t,xt, - aN) = Nauu(t,xi, fvm))(a;j), j =+,
2ty aN) = Ut i) + %&,%U(t,xi,ﬂﬁ))(azi)
+ maﬂu(t o', ilyy) (2, xi)
N{?,ﬁﬂu(t,xi,ﬁf\;))( z') + e a;j (t, 2", il ) (2, 2"),
and
2t oty aN) =

6 o U (t,x ,u(w))( 7)

+ Fayu(t x 7M(m))(x]7$j)7 J :+: ia

where, to compute the second-order derivatives, we used the fact that, in our case, 0,U (¢, x, 1)
is constant (equal to 1) and 0,U(t, z, 1)(v) is independent of x
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Proof. By applying It&’s formula and by implementing the PDE satisfied by U at point (¢, x?, ﬁé\;) ),
we get

avy = o, (b X1 ) (U, X0 ) = Y7 )a
1S . , ‘
v Z o (X0, i ) (X7 (U (2, X7 1Y) = 7 ) at

1 .
QNQZ&Q tXt?Mt )(thﬂXJ)d

j=1
-~ (xi- j P (2)) dt

+ ZIAW] + 2 OU (t, X7, a ) (X )dwy .
j 1

Inserting the backward equation satisfied by (Y;)o<¢<7 and recalling that (Y = U (t, X{, il¥))o<i<t»
we obtain

d(Yy —Y)) = o,U(t, X{, i ) (Y — Yy)dt

N
+%Zauu (t, X7, 5 ) (X]) (Y7 — Y7)dt
j=1
1 N
—2285 t, X i) (X, XY )dt
N
(3 St - ot
N o 1 ) N _
+Z(zg1i:j+ﬁauu(t,xg V)X = 707 )aw.
=1

Taking the square and then the expectation, we deduce that there exists a constant C', indepen-
dent of N and 4, such that, for all ¢ € [0,T],

aB[|Y; Y] < CE[I¥; — V{[*|at

! NIE ! —Y/?]d
+Cﬁ§ Yy =Y/ [?]dt
1 o 13
+C —2+E[<f25ZJf(X§)—NZf(X])) ]}Ahdt
vi=1 j=1

where we used the fact that the derivatives of ¢/ are bounded.
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Recalling that Y, = U(T, X4, i ) = X5~ g(2)diy (z), taking the mean over i € {1,..., N}
and appealing to Gronwall’s lemma, we obtain

™M=

1

su —_—
0St£T<N
C

< R
N2

(17 - v/P])
[ (3 a0

J
cof 5 Sel( B ;ifmf]m

Z

I
—_

7

—_

+C

2=

—_

i MZ TLMZ
Z\H
' =
=R
>
N
W
—
=

which completes the proof.

4.2. Almost sure analysis on the graph

We now compute (with a similar computation for the term driven by f)

1 XN 1N 1 X 2
¥ 2E(% 2,E79) = 5 2, s(xp) |
:E[}Vi (lfv Zi( “9(X3)g(X4)) + +3 @i (X7) <X%>)] (12)

Observe that

N 1 - N
T2 N 3 (e (X )g(XE)

1 S/ 1y,
-y 2 [(Z NZ 51”5“6)9()(%)9(?(4)] (13)
je=1L N\i=1 Vi
1



ESAIM: PROCEEDINGS AND SURVEYS 21

and,
2 ANt S (g
WZ N/ 2 (EZ’jQ(X%)Q(Xé))
i=1 tooge=1
9 N LS
izl 4.4 j
-2 3| (X Bz )ocepatn| (14)
je=1LN\i=1 i
N N
2 N . )
=17 X [(N 2y n ’]>9(X%)9(X§~)]-
Jl=1 i=1
We claim:

Proposition 7. On (E,G,P), consider a sequence (€"7);=;>1 of independent and identically
distributed Bernoulli random variables of parameter p € (0,1). Let €% = 0 and e = &5 if
1> 7.

Then, P almost surely,

al 1 & N2
TR 3] [ RS
je=1 i=1""1
N N
1 1 N i
il _ = v g —
MmN Z I=5 Z N, Lniz1e 0,
j=1 i=1
where
1N
_ 4,7
N; = N;E .

As the proof of Proposition 7 could distract the reader from the main line of the text, it is
postponed to the appendix below.

4.3. Final statement

From now on, we assume that (2, F,P) is equipped with an infinite sequence of independent
Brownian motions ((W})o<¢<7)i>1 and with an infinite sequence of identically distributed and
independent initial conditions (X{);>1, both sequences being required to be independent.

Here is then the final statement.

Theorem 1. Assume that f and g are bounded and Lipschitz continuous and that the conclusion
of Proposition 4 holds true.

On (E,G,P), consider a sequence (€%7)=;>1 of independent and identically distributed Bernoulli
random variables of parameter p € (0,1). Let €' =0 and £ = /¢ if i > j.
Then, P almost surely,

lim sup E[WZ(:U’t ,,Ut) ] - 07

N—w o<t<T

where Wy denotes the 2-Wasserstein distance on P2(R), (i) )o<t<r is as in (10) and (jut)o<i<T
is equal to (L(X¢))ost<r, (Xt)o<t<r denoting the forward component of the solution to (1).
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Proof. By (12), (13) and (14), and by Proposition 7, we deduce that there exists a sequence of
random variables (dx)n>1 constructed on (2, G, P) such that

Puiinoo(sN =0] =1,

and
¥ ZEl(, St - S o) <o

]
Proceeding similarly with the terms driven by f in (11), we deduce that

N
1 _ . .
sup [ — Y E[IY? = Y/?|) <6, 15
Ogth(Nizl [| t t|]> N (15)
the details of (6 )n=1 being allowed to change from line to line.

For any i > 1, call ((X})o<t<7)i>1 the copy of (X;)o<i<r when driven by (X¢, (W])o<i<T)
instead of (Xo, (W4)ost<T), namely

dX} = —U(t, X}, L(X}))dt +dW}, te[0,T]; X=X

Then, recalling that (Y = U(t, X}, il¥))o<t<r and using the Lipschitz property of U in = and
1, we have

IE[|X1 X112 CJ [V - Yi)? ds—i—Cf [Wa (il ps)?]ds, te0,T],

for a constant C' independent of N and ¢t. Above, we used the identity (u; = L(X}))o<t<T-
Taking the mean over ¢ and using (15), we obtain

t

Bl i)?] < 0 + C | B[Wa(id wo)?Jds, te [0.T)
0

where we let

N
Z xi te[0.T].

This yields
T

sup B[Wa(al i ] < 8w + [ B[Wa(ad o).

0<t<T 0
As ¥ in the right-hand side is the empirical distribution of an independent and identically
distributed sample of law g, for each t € [0,T], the term E[Ws (i, u)?] tends to 0 as N
tends to 0. As supgc;<r EDWVa (A, p)?] < 2supgeicr E[|X:[?] < o0, Lebesgue’s dominated
convergence theorem shows that the integral tends to 0 as well. Hence,

lim sup E[Wa(iy, 4y )?] = 0.
N—-wo<t<T
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It remains to observe that, in fact,

lim  sup E[Wa(iy, me)?] =0,

N—wogt<T

which follows from a uniform continuity argument. Indeed, for any 0 < s <t < T,

. . . . 211/2
B[ Walil' ) = Wa(l s 1s)?|| < CE[[Wa(l¥, 1) = Wali )| |
N ANy2 2]"/?
< CE[Wa@l¥ i)? + Waljue, 1) |
< CE[| X — X,|?]
< C(t—s),
the constant C' being allowed to vary from line to line. O

4.4. Appendix

We now prove the statement of Proposition 7.

Proof. Fix N > 2 and observe, for a given i € {1,---, N}, that the random variables (e"7);4;
are independent and identically distributed. By Hoeffding’s inequality,

Ve > 0, PHNJ\E ] —p‘ > a] < 2exp(—2(N — 1)e?). (16)

First Step. By (16), we have

N;
— fp‘ > t] < 2exp(—262),

Vi > 0, P[\/ﬁ‘

from which we deduce that, for any integer ¢ > 1,

N; q Cq
EHN—l 7”‘ ] S N

for a constant C; only depending on g. Hence,

N; q N; q N; N; ¢
Sl [ Sl B 2 [ el N
E[N p” S | it R | v o
(17)
Cq
< 9
= N2’

where we allowed the constant C; to vary from line to line.
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Second Step. By (16), we also have, for any large enough real k > 1, precisely for 1/k < p/2,

N-1 N, 1
P Iy > k| <Pl < 1]

N; N—-1 "k
[ -+123]
N -1 2
_ 2
< 2exp(- V= PTy

2

In particular, for any integer g > 1,

N — 1
= q-1 >
E[( Ni : qf k P 1N1>1/k]dk
2/p N N—1 2
< qf kQ*ldk+2qJ kq’lexp(—%)dk
0 0
_ (N = 1)p?
— + 2N1 —).
p + exp( 5 )
Allowing the constant C,; to depend on p, we obtain
N4
E[(ﬁ) 1N1>1] <C, (18)
By (17) and (18) and by Cauchy-Schwarz inequality,
N N]-N >1 NZ q 1 o
Bl 5w =[] = B[(F32) o [ ]+ =0l

Niq

N

1 N;
w1 vl =
]+p‘1 N -1 P

[(MN )b

Nq/2’

where we made use of (16) again to derive the last term in the second line.
Third Step. We now prove the second claim in the statement of Proposition 7

N N
1 1 YN )
P3| OIS AR
j=1 i=1
N N N
1 1 N 1 N,
< = - 1 _ ,) 0. i _
NZNA (Nl Niz1 c pNZN p'
j=1 i=1 j=1
N N
1 YN 1 1 N,
< Y1y, LR
N &N Ve ‘erN N p‘
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Taking the power ¢ and then the expectation under P and appealing to the conclusions of the

two first steps, we get
N
1
B (52
j=1

which suffices to conclude.

N
1N .
_ 2,]
! NZ= N, Lviz1e

Fourth Step. In order to tackle the first claim, we first observe that

R 1 R (ALl i [N o o
ng N;>1 p2 < N N;>1 » N; =1 — » .

By (18) and the conclusion of the second step, we deduce that

N? 1a C
- . < q
Bl Nz vzt < Na2’
We also note that, for any given j # ¢, the random variables (¢‘c"J )i+j,i+e are independent
and follow the same Bernoulli distribution of parameter p?. Therefore, proceeding as in the first
step, we have

N
1 0005 2]? Cq
EH—Z& sj—p‘]éNq/Q.

In order to complete the proof, it remains to see, in analogy with the third step, that

NQZ

jZl

N2
Z 1N>15 ’JE:‘ZZ
i= 1

N222

7,0=1

# -5 o]

N721

Taking the power ¢ and then the expectation under P,

1 N
El |l =
Ge 2

which yields the result. O
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