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Chapter 1

Introduction

In today’s increasingly interconnected industry and data-driven world, large-scale optimization
problems have gained widespread prominence in modeling problems from various domains, such as
in the field of energy management [SABT23|, in the optimization of the social welfare [Wan17], in the
training of neural networks [MMN18, MMMT19]. A key characteristic of these optimization problems
is the inclusion of an aggregate term in their objective function, which captures the interactions
among individuals, supposed to be in great numbers. In general, resolving these optimization
problems poses significant challenges due to their high dimensionality and non-convex nature.

Mean-field-type optimization problems constitute a powerful framework for addressing such
problems. They offer an asymptotic perspective as the number of individuals tends to infinity.
By solving mean-field-type optimization problems, we gain valuable insights into the solutions of
the underlying aggregative problems with finitely many agents.

In the context of differential games, this asymptotic modeling approach yields equilibrium prob-
lems which are commonly referred to as mean field games (MFGs). They were introduced in 2006
independently by J.-M. Lasry and P.-L. Lions in [LLO7] and M. Huang, R.P. Malhamé, and P.E.
Caines in [HMCO06]. MFGs have found significant applications in diverse areas, like crowd motion
[LSTTI0], sociology, biology, macroeconomics |[ABL™14|, trade crowding [CLI8al, and finance.

This thesis is dedicated to the numerical analysis and to methods for mean-field-type optimiza-
tion problems. This introductory chapter is divided into two parts: In Section we provide an
overview of the general frameworks for constraint convex optimization and MFGs; in Section
we highlight the main results of the four chapters of the thesis.

e Chapter [3| and Section Large-scale nonconvex optimization: randomization,
gap estimation, and numerical resolutiorﬂ We address a large-scale and nonconvex
optimization problem, involving an aggregative term. This term can be interpreted as the
sum of the contributions of IV agents to some common good, with N large. We investigate a
relaxation of this problem, obtained by randomization. This relaxation lies in the framework
of the MFO problem presented in Section The relaxation gap is proved to have an order
O(1/N). We consider the Frank-Wolfe algorithm for the resolution of the randomized problem.

LChapter [3| corresponds to the article [BLOT 22| accepted for publication in STAM Journal on Optimization and to the
article [LOP23| published in SIAM CT25. The article [BLOT22| is a joint work with J.F. Bonnans, N. Oudjane, L. Pfeiffer,
and C. Wan. The article [LOP23] is a joint work with N. Oudjane and L. Pfeiffer.
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Chapter 1. Introduction

Each iteration of the algorithm requires to solve a subproblem which can be decomposed
into N independent optimization problems. A sublinear convergence rate is obtained for the
FW algorithm. In order to handle the memory overflow problem possibly caused by the
Frank-Wolfe algorithm, we propose a stochastic Frank-Wolfe algorithm, which ensures the
convergence in both expectation and probability senses.

e Chapter [4 and Section [[.2.2} Mean field optimization problems: stability results and
Lagrangian discretizationﬂ We formulate and investigate a mean field optimization (MFO)
problem involving probability distributions u with a prescribed marginal m. The cost function
depends on an aggregate term, which is the expectation of u with respect to a contribution
function. This problem is of particular interest in the context of Lagrangian MFGs and
their discretization. We study the first-order optimality condition, prove strong duality, and
investigate stability properties of the MFO problem from both primal and dual perspectives.
In our stability analysis, we propose a feasible approach for recovering an approximate solution
to an MFO problem with the help of an approximate solution to an MFO with a different
marginal m, typically an empirical distribution. We combine this recovery method with
the stochastic Frank-Wolfe algorithm stated in Section to derive a complete resolution
method.

e Chapterp|and Section[1.2.3} Error estimates of a theta-scheme for second-order mean
field gameﬂ We introduce and analyze a new finite-difference scheme, relying on the theta-
method, for solving monotone second-order MFGs. These games consist of a coupled system
of the Fokker-Planck and the Hamilton-Jacobi-Bellman equation. The theta-method is used
for discretizing the diffusion terms: we approximate them with a convex combination of an
implicit and an explicit term. On contrast, we use an explicit centered scheme for the first-
order terms. Assuming that the running cost is strongly convex and regular, we first prove the
monotonicity and the stability of our theta-scheme, under a CFL condition. Taking advantage
of the regularity of the solution of the continuous problem, we estimate the consistency error
of the theta-scheme. Our main result is a convergence rate of order O(h") for the theta-
scheme, where h is the step length of the space variable and r € (0, 1) is related to the Holder
continuity of the solution of the continuous problem and some of its derivatives.

e Chapter [6]and Section[1.2.4} A mesh-independent method for second-order potential
mean field gameﬁ This part investigates the convergence of the generalized Frank-Wolfe
algorithm for the resolution of potential and convex second-order MFGs. More specifically, the
impact of the discretization of the MFG system on the effectiveness of the generalized Frank-
Wolfe algorithm is analyzed. This chapter focuses on the theta-scheme introduced in Section
A sublinear and a linear rate of convergence are obtained, for two different choices of
step sizes. These rates have the mesh-independence property: the underlying convergence
constants are independent of the discretization parameters.

2Chapter [4]is a joint work with L. Pfeiffer.
3Chapter [5| corresponds to [BLP23a] published in ESAIM: M2AN, this is a joint work with J.F. Bonnans and L. Pfeiffer.
4Chapter 6] is a joint work with L. Pfeiffer.



1.1. Elements of convex analysis and mean-field-game models

1.1 Elements of convex analysis and mean-field-game models

Section [I.1.1] contains a recap of the duality theory for convex optimization problems and a pre-
sentation of the Frank-Wolfe (FW) algorithm, its generalization, and convergence results. We next
present the different potential MFG models that we have investigated. For each of them, we explain
how the FW algorithm can be applied and we highlight the interest of this method. Section [1.1.2]
is dedicated to second-order MFGs. We present in Section [I.1.3] a general framework for discrete
MFGs, which contains the finite difference scheme for second-order MFGs investigated in this the-
sis. In Section we describe two potential problems associated with Lagrangian MFGs. They
fit into a general class of optimization problems that we refer to as Mean Field Optimization (MFO)
problems. We give a precise formulation of MFO problems and describe the associated optimality

condition.

1.1.1 Convex optimization and the FW algorithm

We first introduce a general class of convex optimization problems and explore their relation with
their dual problem. This provides us with a theoretical background for the application of various
primal algorithms and primal-dual algorithms. Next, we focus on the Frank-Wolfe algorithm and

its variants and present convergence results.

Constraint convex optimization and duality. Let H be a real Hilbert space and let f: H — R
be a convex and lower semi-continuous (l.s.c.) function. Consider the following general optimization

problem:

inf f(), (L.L.1)

where K is a non-empty, bounded, closed, and convex subset of H. The existence of a solution to
problem (|1.1.1)) derives from [Brélll Cor. 3.23]. It is convenient to consider the following equivalent

formulation of (1.1.1)):

Inf f(z) +xk(2), (1.1.2)

where i denotes the indicator function of K, which is 0 for z € K and 400 for x ¢ K. The dual
problem of (1.1.2)) reads [BCII, Def. 15.19]:

sup (— f*(N) + in}f(j(A,m)), (1.1.3)
AeH re

where f* is the Fenchel conjugate of f. Since f and xx are convex and l.s.c., the domain of f is H,
and K is non-empty, we deduce from the Fenchel-Rockafellar theorem [Roc97][BC1I, Thm. 15.23]
that the dual problem (|1.1.3)) has a solution and that the strong duality holds for problem (1.1.1)),

ie.,

val(T11) = val(T13).

Let us define the Lagrangian associated with ((1.1.1]),
L:KXxH=R, (2,\) = —f"(N\) + (\x).

We have obtained the existence of solutions for both the primal problem (|1.1.1)) and the dual
problem ([1.1.3). Additionally, given (z*, \*) € K x H, the following two assertions are equivalent:

3



Chapter 1. Introduction

1. The point z* is a solution of (1.1.1)) and the point A* is a solution of (1.1.3).

2. The point (z*, A*) is a saddle point of the Lagrangian L, i.e.,

inf L(xz,\*) = L(z*,\*) =sup L(z",\). (1.1.4)
zek AEH

This equivalence provides us with two general perspectives for solving : (1) We can focus on
the primal problem and compute a sequence of feasible candidates, letting the cost function decrease
and converge to the optimum value; (2) We can find a saddle point (z*, A\*) of the Lagrangian L,
alternating between minimization and maximization phases for the primal and dual variables.

In the realm of numerical optimization, numerous algorithms have been developed to tackle
problem . Among these, first-order algorithms have gained popularity thanks to their con-
vergence guarantees and ease of implementation.

From the primal perspective, problem can be solved using the FW algorithm [FW56]
(also known as the conditional gradient algorithm [DHT78]). Some algorithms having a forward-
backward splitting structure can also be employed, such as the projected gradient descent [CW05]
and its accelerated variant known as “FISTA” [BT09], the mirror descent [BT03] and its accelerated
version of the entropic descent algorithm [KBBI5].

From the primal-dual perspective (or “Arrow-Hurwicz” type), we can utilize the (inexact) Uzawa
algorithm [EG94] to address the saddle point system . Recently, the Chambolle-Pock algo-
rithm and its accelerated variant were investigated in [CP11) I[CP16] for resolving (|1.1.4)).

The successful application of the aforementioned first-order algorithms relies on the availability
of certain “oracles”. For instance, in the case of the FW algorithm, it is assumed that some
linearized version of (defined in ) is computationally tractable. Concerning primal-
dual algorithms, knowledge of the prox operator of f and the ability to perform projections onto
IC are required.

The Frank-Wolfe algorithm. The FW algorithm was initially introduced in [FW56] for solving
quadratic programming problems. Subsequent research in [DH78] demonstrated that the algorithm
converges in a more general setting. Some variants of the FW algorithm can be found in [Jagl3|
LJJ15]. The FW algorithm, applied to problem , is described in Algorithm It requires
the following assumption:

e The function f is continuously differentiable and its gradient V f is Lipschitz continuous.

Let us mention that the subproblem (1.1.5) in Algorithm|[I.1]is equivalent to minimize the first-order
Taylor expansion of f at point =¥, i.e.,

inf f(z®) + (Vf(b),z — 2%).

e
Let us also mention that the resolution of the subproblem is equivalent to the evaluation of the dual
criterion (in (T.1.3))), for A = V f(2*). The evaluation of f*()\) is direct, since by the Fenchel-Young
inequality, we have f*(\) = (\, %) — f(z¥).
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Algorithm 1.1: Frank-Wolfe Algorithm
Initialization: 2° € K;
for k=0,1,2,... do

Find a solution Z* to the subproblem

. k .

Inf (Vf(2"),); (1.1.5)
Choose wy, € [0, 1];
Set 1 = (1 — wy)2? + wiz¥;
end

A commonly used choice for the learning rate wj, in Algorithm is 2/(k + 2), as suggested in
[DHT8, |[Jagl3]. Another approach for determining wy, known as the line-search method, consists
in solving the following one-dimensional optimization problem:

wy, € argmin f(z® 4+ w(z® — 2*)),
wel0,1]
where z* is the solution of the subproblem (T.1.5). Alternatively, if we know the Lipschitz constant
L of V f, we can use the following one-dimensional quadratic programming approach to determine
wy, in which the cost function is a quadratic majorization of f(z* + w(z¥ — z*)):

L =k _ k|2
wy € argmin f(;pk) + (Vf(xk),a_:k _ $k>w + sz

1.1.6
we(0,1] 2 ( )

It has been proven (see [DHT78, |[Jag13]) that for all the choices of wy mentioned above, Algorithm
exhibits a sub-linear convergence rate. This means that there exists a constant C, independent
of k, such that for any k£ > 1,

f(a®) — val([.10) < % (1.1.7)

Remark 1.1.1. The interest of the FW algorithm relies on the (fast) resolution of the subproblem
at each iteration. Let us consider the case where K is a convex polyhedron in R?. Then the
subproblem corresponds to a linear programming problem, which can be efficiently solved
using the simplex algorithm [Dan63|. It is worth noting that the simplex algorithm returns a
vertex of IC as a solution [Dan63]. This provides us with the intuition that when applying the FW
algorithm to a problem involving probability measures, the solutions of the subproblems are Dirac
measures (which can be seen as extreme points of sets of probability measures).

Generalized FW algorithm. In some cases, the function f is decomposed into the sum of two
convex functions, where one is differentiable and the other may be non-smooth, as for example
in “Lasso” regression [Tib96]. More precisely, we replace our original assumption on f by the
following:

e The function f is expressed as f = fi + fo, where f1 is convex and Ls.c., fo is convex,
continuously differentiable, and its gradient V fy is Lipschitz continuous.

5
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If f1 is not differentiable, then the subproblem is not well-defined. To overcome this limita-
tion, Bredies et al. [BLMO09] proposed the generalized Frank-Wolfe (GFW) algorithm, described in
Algorithm[1.2] Tt is also referred to as the generalized conditional gradient algorithm. In their work,
they established a connection between the GFW algorithm and the “ISTA” algorithm [DDDMO04],
which is widely utilized for solving inverse problems. Compared to Algorithm Algorithm
introduces a modification: is replaced by a new subproblem, which results from a partial
linearization of f, denoted by fii, , and defined as follows: For any y € I,

flin,y: K%Ra $*—>f1(l’)+<Vf2(y),$> (118)

Algorithm 1.2: Generalized Frank-Wolfe Algorithm

... as Algorithm except replacing (1.1.5)) by

:;glfc flin,wk (I), (119)

As in the original FW algorithm, if we choose the learning rate wy = 2/(k + 2), then Algorithm
exhibits a sub-linear convergence rate, as shown in (1.1.7). In a recent study [KW22], several
convergence results have been established for the GFW algortihm, under various assumptions. In
particular, an improved convergence rate can be achieved when f; is assumed to be strongly convex.
In this case, the learning rate wy is determined by solving a similar quadratic programming problem

to (T18).

L =k _ k|2
|z z”|| W2

wi € argmin —Grw + , (1.1.10)
wel0,1] 2
where z¥ is a solution of (T.1.9), L’ is the Lipschitz constant of V f5, and
B = fiimar (2%) = fiinar (29), (1.1.11)

which is positive by the definition of z¥. Following the terminology in [LJI6], we call 8; the “Frank-
Wolfe” gap at the point z*. One can deduce from the convexity of f that z* is a solution to the
primal problem if and only if S = 0. Under the rule , Algorithm exhibits a linear
convergence rate. In other words, there exist positive constants C' and ¢ € (0, 1) such that for any
E>1,

f(a*) — val(L.11) < Co*. (1.1.12)

1.1.2 Second-order MFGs

As mentioned at the beginning of this chapter, second-order MFGs describe the asymptotic behavior
of Nash equilibria in N-player stochastic differential games, as the number of players N tends to
infinity. In this section, we begin by considering a specific N-player differential game. From there,
we introduce the MFG associated with this N-player game, which takes the form of a forward-
backward partial differential equation (PDE) system. Next, we discuss the case of potential MFGs,

6



1.1. Elements of convex analysis and mean-field-game models

for which the aforementioned PDE system can be interpreted as the first-order optimality condition
associated with an optimal control problem of the Fokker-Planck equation.

An N-player differential game. We introduce an N-player differential game with a fixed time
horizon 7' > 0. The notation T? represents the d-dimensional torus, P(T¢) denotes the set of
probability distributions on T¢, and P(T, T?) denotes the set of flows of distributions on T?, i.e.,
{m | my € P(TY),0 <t < T} Let Q denote [0,T] x T¢. The dynamic of each player i is governed
by the following stochastic differential equation (SDE):

daf = vidt +V20dW{, for0<t<T,  af~mf. (1.1.13)

Here, o > 0, m§ € P(T9) represents a fixed initial distribution, and (WZ)ZJ\L , are independent Brow-
nian motions. The variable (v%)te[O’T] is a stochastic process, adapted to the filtration generated by
all Brownian motions and initial conditions of the agents.

Each player i has a cost function f* defined as follows:

T

ffwt,m™) =E {/ C(t, g, vp) + fO(t, xp,my )dt + g°(x7) |, (1.1.14)
t=0

Here, ¢¢: Q x R — R represents the running cost, ¢°: T — R denotes the terminal cost, and

¢ Q x P(T9) — R is a coupling function. Additionally, m~* € P(T,T?) is the flow of empirical

distributions m; * = 15 D joti O

In general, addressing the N-player game system ([1.1.13])-(1.1.14]) becomes challenging as the
number of players N increases. However, we can make the following two observations on the system

([T.1.13)-(T.1.14):

e As N grows, the contribution from each individual player becomes negligible compared to the

overall distribution m—*.

e If we fix the second variable of f?, i.e., the empirical distribution m ™, then all players have a
common best response strategy, which is the solution of ((1.1.16)) as stated later.

These observations lead to the MFG stated in the following paragraph, which captures the behavior
of the entire population rather than focusing on each individual player.

Second-order MFGs. In the MFG associated with the N-player game (1.1.13))-(|1.1.14)), we fix
the second variable of f¢ for each i by a common flow in P (7, T¢). The Nash equilibrium of this
MFG is a pair (v*, m*) satisfying the following fixed-point system:

{U* € BRY(m"), (1.1.15)

m* = Law(z"").

Here, BR® is the best response mapping which returns the solution of the following individual
optimal control problem, in which m* is seen as a parameter:

inf, E |:ftj;0 (L, e, vr) + fO(E x4, my)dt + gC(ZET)] )

(1.1.16)
s.t. dxy = vedt + V20dWy, for 0 <t < T, o ~ mg.
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Simultaneously, Law(z"") represents the flow of probability measures LaW($€*)t€[07T], where 2"
satisfies the following SDE:

dr}” = vidt +V20dW,;, for0<t<T, z8 ~m§. (1.1.17)

Hamilton-Jacobi-Bellman equation. A widely used technique for addressing the stochastic
optimal control problem (1.1.16|) relies on the Hamilton-Jacobi-Bellman (HJB) equation [FRT75,
BCD97]. To analyze ([1.1.16]), we introduce the value function u*: @Q — R, defined as follows:
inf, E UTT:t oty g, v) + fE(E, e, mf)dt + g°(x7) |,

u*(t,z) =
s.t. de; = v dr + V20dW,., fort<rt<T, Ty = T.

Under suitable assumptions, u* is the viscosity solution [FR75] of the following HJB equation:

{—&tu - O'AU"‘ He (t,a:,Vu(t,x)) = fc(tvxvmzk)) V(tvx) € Qa (1 1 18)

u*(T,x) = g°(z), Vr € T4
where the Hamiltonian H¢ is related to the Fenchel conjugate of £¢:

H¢(t,z,p) = sup (—p,v) — L(t, x,v).
vER

Optimal control. In the case where H€ is differentiable with respect to its third variable, we can
derive the following closed formula for the optimal control of (|1.1.16)):

v (t,x) = —Hy(t,x, Vu'(t,z)), V(t,z)€Q. (1.1.19)

Note that here the optimal control is expressed in feedback form, that is to say, as a function of
time and state (and not as a stochastic process). When the optimal feedback is utilized, the state
is the solution to the closed-loop equation:

dal” = vf (t,x}")dt + V20dW;, for 0 <t <T, zy ~mg. (1.1.20)
From now on, we only consider optimal controls described in a feedback form.

Fokker-Planck equation. Suppose that v* is Lipschitz continuous. It is proved in [Carl0] that
m* (the flow of the distribution of the solution of (1.1.20))) is a weak solution of the following
Fokker-Planck (FP) equation:

{Gtm —ocAm +div(v*m) =0 V(t,x) € Q, (1.1.21)

m(0,z) = m§(z), vz € T

MFG equations. Let us combine equations (|1.1.18))-(|1.1.21]). The fixed point problem ([1.1.15)) is

equivalent to the following coupled PDE system, including a backward HJB equation and a forward

8
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FP equation:

(i) —0Ow—ocAu+ HC(t,z,Vu(t,z)) = f(t,z,m(t)) (t,z)e€Q,

(ii) w(t,z) =—HS (t,z, Vu(t,x)) (t,z) € Q,

(iii)  Oym — ocAm i div(vm) =0 (t,z) € Q, (MEG)
(iv) m(0,2) =mf(x), (T, z)=g%(z) xr €T

The existence of classical solutions of can be established under appropriate regularity
assumptions, relying on Holder estimates for parabolic equations and on fixed point arguments,
see [LLO7, [Carl0, BHP21l [Kob22] for example. The existence of a weak solution for a variant of
with possibly degenerate coefficients and local coupling is proved in [CGPT15] by a duality
method.

To ensure uniqueness of the solution to , a widely adopted assumption is the Lasry-
Lions monotonicity assumption [LL0O7] for the coupling cost f¢: For any t € [0, 7T, for any m; and
mo € P(Td),

/Td (fc(tw’U, mi) — fc(t,x,mg)) (m1(z) — ma(x))dz > 0. (1.1.22)

Potential MFGs. As introduced in [LL07] and studied in [CGPT15, [BCS17, BHP21], the system
(MFQ]) is said to be potential (or variational) if there exists a function F¢: [0, 7] x P(T?¢) — R such
that for any t € [0, 1] and my, ms € P(T?),

1
Fe(t,my) — FC(t, my) /0 /GW (b 2+ s(ms — ma)) (ma(x) — ma(2))dads.  (1.1.23)

In the presence of such F¢, system (MFG) can be interpreted as the first-order optimality condition
of an optimal control problem driven by the FP equation,

T
inf /Qéc(t,a:,v)m(t, x)dtda:+/() Fc(t,m(t))dt—l—/ngc(:c)m(T,x)dx,

(m,v)

(1.1.24)
om —ocAm +div(vm) =0, V(t,z) € Q,

such that
m(0,z) = m§(x), Vr € T

Under the monotonicity condition , F¢ is convex with respect to its second variable. How-
ever, problem itself remains non-convex due to the lack of convexity of the term ¢¢(v)m and
the non-convexity of the admissible set. Fortunately, by employing the classical Benamou-Brenier
transform, which maps (m,v) to (m,w) = (m, mv) (see [BCS17] for more details), problem ([1.1.24)
can be transformed into an equivalent convex problem, given by:

T
inf / Felm, w](t, z)dtdz + / Fe(t, m())dt + / ¢ (2)m(T, z)dz,
maw) JQ 0 Td

(1.1.25)
om —oAm +div(w) =0, V(t,z) € Q,

such that
m(0,z) = m§(z), vz € T¢,
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where the function Ec[m, w]: Q — R is the perspective function of £¢ and is defined by

Le (t, T, w(t’x))m(t,x), if m(t,x) #0,

m(t,x)

400, otherwise.

If the MFG system has a classical solution, then we can restrict the problem to the
Hilbert space L?(Q) x L?(Q,R?). In this scenario, problem fits into a similar framework
to the abstract optimization problem (L.I.I). We refer to [LLOT, [CGPT15, BCSI7] for the dual
problem of , which is an optimal control problem driven by the HJB equation.

Numerical methods exploiting the convexity of can be applied to find a solution of
(1.1.25)), such as the fictitious play [CH17, [HS19] and the GFW algorithm [LP22] from the primal
perspective, the ADMM (Alternating direction method of multipliers) algorithm [BCI5l [And17]
and the Chambolle-Pock algorithm [AL20] from the primal-dual perspective.

1.1.3 Discrete MFGs

We describe in this section a class of fully discrete MFGs (discrete in time and space), with a
potential structure. This class is inspired from [BLP23Db] and the early reference [GMSI10] about
discrete MFG models. The main motivation behind our discrete MFG is to provide an abstract
framework for the analysis and the resolution of the finite-difference method developed in Chapter

Bl

Data of discrete MFG. Given a finite set A, we denote by R(A) (resp. R%(A)) the set of functions
from A to R (resp. RY). Fixing 7' € N, and a finite subset S of RY, let us define:

T={0,1,...,7-1}, T={0,1,....T} P(f,S):{meR(fxs)theT,m(t,-)eP(S)}.

As in the continuous case, for the description of our discrete MFG model, we need a running cost
£, a coupling cost f, an initial condition mg, and a terminal cost g, where

0:TxSxRESRU{c0}, f:TxSxR(S)—=R, mgeP(S), geR(S).

For a given m € 73(7~', S), we denote by £, the map defined by

Emi (t,.’E,W) €eT xS g(t,CC,UJ) + f(t,x,m(t)),

where m(t) = (m(t,z))zes. To formulate the discrete MFG system, we also need a control bound
D > 0. The admissible control space, denoted by R%(T x S), is the set of all elements v in
RY(T x S) such that ||v(t,z)|| < D for any (¢,z). The probability of the motion from one state
x € S to another state y € S at a time ¢ € 7 under some control v € RdD(T x S) is given by

W[v] (t’ T, y) = TI'(t, T, Y, U(t’ :L‘)),

where 7 is a function from 7 x S x S x R? to R. We will assume that 7 is an affine function with
respect to the last variable (the control variable).
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Compared to the fixed-point problem ([1.1.15) for continuous MFGs, the Nash equilibrium of
our discrete MFG is a pair (v, m) satisfying the following:

{@ © BRd(m)’_ (1.1.27)

m = (Law(X})), 7

Here BRY is the best response mapping corresponding to a stochastic optimal control problem. For
the sake of concision, we directly consider controls in feedback form, i.e. as deterministic functions
of time and space. So BR%(m) is the solution to

T—1
f b (t, X7 0(t, X)) AL+ g(X3) |, 1.1.28
erlh s B| 2 6 Xe DAL+ g(X7) (1.1.28)

where (X}'),.+ denotes a Markov chain satisfying

P[X{ =y | X{ = 2] = 7p](t,z,y), forteT, X§~mo.

Formulation of discrete MFG. Similarly to the continuous case, the discrete fixed-point problem
(T.1.27) is equivalent to a coupled system, involving the variables u € R(T x S), v € RYT x S),
and m € P(T, S):
(i) uw=HIB(m),
(i) v=V(u), (DMFG)
(iii) m = FP(v),
where the Hamilton-Jacobi-Bellman mapping HJB, the optimal control mapping V, and the
Fokker-Planck mapping FP are defined as follows:

e Given m € P(T,S), u = HIB(m) € R(T x S) is the solution to
u(t,r) = inf Ly (¢, z,w)At + dyes ™tz y,wiult+1,y), V(t,xz) €T xS,

lwll<D (1.1.29)
u(T,z) = g(x), Vo e S.

e Given u € R(T x S), v = V(u) € RYT x §) is defined by

v(t,x) = argmin {(t,z,w At—{—z (t,z,y,w)u(t+1,y), V(t,z)eT xS. (1.1.30)
lwll<D yes

e Given v € RY(T x S), m = FP(v) € R(T x 8) is defined as the solution to

m(t+1,y) =3 pes 7tz y, 0t ))m(t, x), V(t,y) €T xS,

m(0,x) = mo(z), Vx € S.

(1.1.31)
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The existence of solutions of (DMFG|) can be proved by applying the Brouwer fixed-point
theorem to the mapping FP o V o HJB. The uniqueness of the solution of (DMFG| relies on a
discrete version of the Lasry-Lions monotonicity condition (1.1.22): For any m; and mg € P(S),

S (ftz,ma) — f(tz,ma)) (ma(z) — ma(x)) > 0. (1.1.32)

zeSs

Potential discrete MFG. Similarly to the potential system in the continuous case (|1.1.23)), we
call (DMFG) a potential game if there exists F': T x S — R such that for any ¢t € T and for any
mq and mgy in P(S), it holds

1
F(t,my) — F(t,m2) = /0 Z f(t,z,my + s(ma —my))(ma(x) — mi(x))ds. (1.1.33)
z€S

This formulation allows us to consider a discrete time and finite state optimal control problem

associated with (DMFG]), similar to (1.1.24)) in the continuous context. By applying the Benamou-
Brenier transform to the aforementioned optimal control problem, we obtain the following equiva-

lent convex problem (similar to (1.1.25]) in the continuous context):

inf  J(m,w), subject to: (m,w) € A. (1.1.34)
meP(T,9)
weRY(TxS)

where the cost function J and the set A are defined by

J(m,w) = At> S fm,wl(t,x) + Aty F(t,m(t) + Y gla)m(T,z);
teT zeS teT z€S

A= {(m,w) € P(T,S) x RYT x 8) |3v e R%(T x S) such that m = FP(v), w = mv}.

Here, ¢ is the perspective function of ¢, as the definition in (1.1.26). The equivalence between
(DMFG]) and (|1.1.34]) is discussed in the next paragraph.

A partially linearized problem. Noting that the coupling cost f corresponds to the directional
derivative of I, one can easily express the linearization of the term ), F'(t,m(t)) in the objective
function J. Exploiting the convexity of problem along with this linearization, we are
motivated to utilize the GFW algorithm to solve . In this context, we consider the
following partial linearization of J at any point m’ € P(T,S) (which is similar to (L.1.8)): For any
(m,w) € P(T,S) x RYT x S), let
T (m,w) = ALY > "L, w](t,2) + f(t,z,m/(t)m(t,z) + Y gl@)m(T, ).
teT zes z€S

The associated optimal control problem writes:

inf  Jp (m,w). (1.1.35)

(m,w)eA

Problem (|1.1.35)) plays the role of the partially linearized problem ([1.1.9) of Algorithm and
will be solved at each iteration. Note that in (1.1.35]), the third variable in f is fixed to m/. A
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1.1. Elements of convex analysis and mean-field-game models

major observation is that Problem is equivalent to the stochastic optimal control problem
(1.1.28). Therefore, can be addressed by the dynamic programming principle. More
precisely, the solution of is given by the mapping BR.: 77(7-, S) — A defined as follows:
Given m' € P(T,S), we obtain (1, %) = BR(m') by successively computing

9=VoHIB(m'), m=FP(0), and o =mo. (1.1.36)

We refer to BR as the best-response mapping: Given a prediction m’ of the equilibrium distribution
of the agents, v (as defined above) is the optimal feedback for the underlying optimal control
problem and m the resulting distribution.

If we assume furthermore that the running cost ¢ is a-convex with respect to its third variable,
then for any (m,w) € A and for any v such that w = muv, it holds that

o (10, 0) — Ty (172, ) > %Atz 3w - 8)(t @) [Pm(t, @), (1.1.37)
teT zeS
for m’, m, v, and w defined as above. Compared to , the term J,,, (m, w) — Jy (7, @) plays
the role of the “Frank-Wolfe” gap at point m’ in the GFW algorithm applied to .

We mention that inequality holds true not only in the potential case, but also in the
non-potential case (when F' is absent but the monotonicity assumption of f still holds). A similar
inequality with the same nature for the continuous case has been investigated in [LP22, Lem.
29]. By combining with the discrete monotonicity condition , we can establish
the uniqueness of the solutions for both and , as well as their equivalence, as a

consequence of
1. System (DMFG] has a unique solution (u,v,m).
2. The point (m,w) is the unique solution to ([1.1.34]), where w = muv.

Inequality also plays a crucial role in the proof of the fundamental inequality stated
below, which is an essential part of the stability analysis of the finite-difference scheme presented
in Section Additionally, serves as a key step in the convergence analysis of the GFW
algorithm discussed in Section [1.2.4

The fundamental inequality. The fundamental inequality, which is established for ,
allows us to quantify the variation of the control variable v when the system is subject
to perturbations. Let us consider a perturbed version of with additional terms (n,d) €
R2(T x S) in the right-hand side:

(i) w=HIB(m;n),
(i) v =V(u), (PDMFG)
(iii) m = FP(v;6),

where HIB(m;n) is defined by adding n(¢, z) to the right-hand-side of the first line in ((1.1.29) for

each (t,z) € T x S. Similarly, FP(v;¢) is defined by incorporating ¢ into (1.1.31)) following the
same approach.

13



Chapter 1. Introduction

Let (u,v,m) and (u,v,m) be solutions of (PDMFG]|) and (DMFG]), respectively. Assume that

m > 0 and / is a-convex with respect to its third variable. We can now state our fundamental
inequality (see Proposition for a rigorous statement):

Ala DD =v)P(m+m)(t,z) <Y > (u—u)(t+1,2)5(tz) + (M —m)n(t,z). (1.1.38)
2

teT xz€S teT zeS

This inequality will be of key importance for the stability analysis of the theta-scheme.

1.1.4 MFO problems and Lagrangian MFGs

In this section, we introduce a class of convex optimization problems involving probability measures,
which we call Mean-Field Optimization (MFO) problems. We first define MFO problems and
provide a first-order optimality condition, which turns out to be equivalent to the Nash equilibrium
conditions for a quite general class of games with non-atomic agents. Next we give two examples
of potential Lagrangian MFGs which fit into this class.

MFO problems. Optimization problems involving probability measures have shown great promise
in understanding and analyzing various aspects of neural networks (NN). One notable contribution
in this regard is made in [MMNIS8], where the authors employ a mean-field approximation to
investigate the asymptotic behavior of one-hidden layer NN as the number of neurons tends to
infinity. In contrast, the article [CB18] focuses on the search for global minima of a convex function
of a measure, through its many-particle limit. The authors explore the behavior of a non-convex
particle gradient descent algorithm and establish its convergence properties.

Motivated by the previously mentioned articles, we introduce a general class of optimization
problem that we refer to as Mean-Field Optimization problems. We consider two Polish spaces,
denoted by X and Y (which are complete and separable metric spaces), and a closed subset Z of
X xY. Let m be a probability measure on X and let g be a Borel measurable function mapping
from Z to H. Our objective is to solve the following problem parameterized by m:

#Egif(z) f < /Z gdu), (Prm)

where the integral |, , gdp should be interpreted in the Bochner integration sense [Cohl3, Appendix
E]. The admissible set P,,(Z) is the set of all probability measures on Z whose marginal distribution
on X is m. We assume that f is convex and differentiable, V f is L-Lipschitz, and ¢ is bounded
and continuous on Z. We call problem an MFO problem, consistently with the terminology
introduced in [CCRW23|. Problem can be viewed as a social welfare optimization problem
with considering nonatomic agents (the case with atomic agents is explored in [Wan17, BLOT22]).
In problem , the agents’ positions are distributed according to a measure m, and the set Z
represents the collection of feasible pairs of agent positions and strategies. The function g(z,y)
captures the contribution made by an agent located at position x and following strategy ¥ to some
common goods. The objective function f in serves a similar purpose as in @, representing
a social cost evaluated at the aggregate term |, 7 9d.

14



1.1. Elements of convex analysis and mean-field-game models

Remark 1.1.2. Problem can be reformulated as a convex optimization problem of the form
by setting K = G, = { [, gdu, |, pn € Pp(Z)} in (1.1.1)).

We next introduce a linearized version of around a given measure i, which appears in the
application of the FW algorithm. It is given by

it [ Oal)duta) (1.1.39)

where A\ = Vf ( | 7 gd/l). The solutions of this problem can be characterized through the best-
response mapping BR,, a set-valued mapping defined from X to subsets of Y as follows:
BR)\(z) = argmin (A, g(z,y)),
YyEZ,
where Z, is the set of y € Y such that (x,y) € Z. Then, any p € P, (Z) is a solution to ((1.1.39)) if

and only if
supp(uz) € BRy(z), for m-a.e. z € X. (1.1.40)

Here (13)zex denotes the disintegration of i (see Theorem [4.2.7) and supp(y,) denotes the support
of ug. This equivalence motivates the use of the FW algorithm: the linearized problem, originally
posed on P,,,(Z) can be solved through the evaluation of BR,, that is to say, through the resolution
of simpler problems, posed on Z.

We next discuss the first-order optimality condition associated with the problem . Given
i € Pm(Z), we have that i is a solution to (P,,)) if and only f is the solution to the linearized
problem around f itself. A similar first-order optimality condition for the Lagrangian MFG can
be found in [CHIT, Eq. 3.13]. As a result, the MFO problem is equivalent to the following
equilibrium problem consisting in finding a pair (u, A) satisfying the following:

{ supp(pe) € BRy(z), m-a.c. (1.1.41)

A=V ([,gdu)-

This coupled system can be interpreted as the Nash conditions for a game with non-atomic agents:
an agent at position z must minimize (A, g(x,-)) and A is a coupling variable, common to all
agents, which results from their collective behavior p. Several games fit into this framework, in
particular, aggregative congestion games [LOW22|] and nonatomic potential games [CLI8D]. In the
next paragraph, we give two examples of potential problems associated with Lagrangian MFGs.

Lagrangian MFGs. The concept of the Lagrangian MFGs follows from [BCS17, [SS21, ICCI8|,
Sar22, [MS19, [CMS16]. In the context of the MFGs described with a coupled system of PDEs, we
adopt an Eulerian point of view, which considers the evolution of the distribution of players over
time. In contrast, the Lagrangian framework focuses on the distribution of the players’ trajectories
(which are not subject to Brownian perturbations).

Let us give a first example of a Lagrangian MFG, adapted from [Sar22]. Fix a domain Q C R?.
Let AC([0, T], R?%) be the set of all absolutely continuous functions from [0, 7] to R%. For any z € €,
we denote,

I:={y e AC([0,T],RY) | ~(t) € Q, ¥t € [0,T]}, Iy, ={yeTl | v4(0) =x}.
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Chapter 1. Introduction

Let Z = {(z,y) | z€Q,v€T,}. Let m € P(Q) be the distribution of initial states of players.
Define the admissible set of distribution of trajectories:

Pn(Z) = {p e P(2) | m#p=m},

where m1: Z — Q, (z,7) — x. Define e;: I' = Q,v — ~(¢t) and me: Z — T, (x,) — ~. Consider
the following optimization problem:

T

T
Lt /0 /Z £ ( (), 4(8)) dtdp(2) + /tZOF%t,et#m#mm /Z FOD)dp(z),  (1.1.42)

where £¢ and ¢° follow the same definitions in Section and F°¢ satisfies . The mono-
tonicity condition on f¢ implies that the function F° is convex, as in the second-order case. It
is easy to reformulate (1.1.42) as a particular case of an MFO problem. Moreover, utilizing the
optimality condition , we can obtain an equivalent formulation of as a Lagrangian
MFG. This example is discussed more in detail in Chapter [4] Section

We next present the potential formulation of another class of Lagrangian MFGs, involving a
price variable, and taken from [GHS22|. For these MFGs, we take

7 = {z = (z,7) € QxW1*°(0,T;R?) ‘ z€eQ, v0) ==z, () € Q, [|[¥@®)|| < C, for ae. t € (O,T)},

where 2 C R% and C > 0 are fixed. We next introduce a function ®: [0, 7] x R? — R and consider
the problem

T

| ' [ e swman) + [0 (t, i wt)du(z)) dt+ [ FOTNduCe), (1143

where £¢ and ¢¢ play the same as in second-order models. Again, this problem can be put in the
form of an MFO problem and the associated optimality condition provides us with an interpretation
of the problem as a Lagrangian MFG. More precisely, the variable A (appearing in plays
the role of a price variable. We give more details about this class of problems in Section

1.2 Contributions of the thesis

In this section, we provide a detailed description of the contributions of this thesis. Section [I.2.]
addresses a large-scale aggregative nonconvex optimization problem from both theoretical and
algorithmic perspectives. Section is dedicated to the study of the MFO problem , which
generalizes the relaxed problem of Section[I.2.1] In Section[I.2.3] we explore a novel finite-difference
discretization method (referred to as (Theta-mfg)) for the second-order system and we
analyze its convergence properties. Lastly, in Section we focus on the “mesh-independent”
convergence of the Generalized Frank-Wolfe algorithm for the problem , discretized with
(Cheta-mt).

We mention that all constants C' used in the rest of this chapter are independent from each
other, unless explicitly indicated.
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1.2. Contributions of the thesis

1.2.1 Large-scale nonconvex optimization: randomization, gap estimation, and
numerical resolution

Framework and motivation. This section, associated with Chapter [3| is devoted to the theoret-
ical analysis and the numerical resolution of the following large-scale, aggregative, and nonconvex
optimization problem:

LN
Gx) = = gilwi)
:ggfv J(z) = f(G(x)), where: N zzl

(P)
X = Hivzl &i.

Here, N can be seen as the number of agents and is assumed to be large. The key feature of
this problem is the aggregative form of the function G, which is the average of N contribution
mappings ¢;- Each contribution mapping is defined on a set &; and maps to a Hilbert space H.
The aggregate G(x) represents the collective contribution of all agents. While very few structural
assumptions are made on the sets X; and the mappings g;, we will assume that f is convex, with
a Lipschitz-continuous gradientand that the image sets g;(X;) are all bounded. The central idea in
Chapter|3|is that when N is large, the problem can be well approximated by a convex problem.

Problem finds applications in various domains including social welfare optimization [Wanl1'],
power system management [SABT23], and resource allocation problems [BBG™20]. It finds applica-
tions in supervised learning, such as training neural networks with one hidden layer [MMN18|,I(CB18§],
sparse reconstruction problems [Mal09, MBP14], and the dual problem of linear support vector ma-
chines (SVM) [SSTQ9, [FR16].

Organization. We first propose a novel relaxation technique based on randomization to convexify
problem . Then, we provide an upper bound of the relaxation gap, which is of order O(1/N).
Next, we show that this gap estimate can be improved by studying a geometric relaxation of .
From the algorithmic perspective, we introduce a method called the selection method, to reconstruct
an approximate solution to the primal problem out of an approximate solution to the relaxed
problem. We derive from this method a general method, that we call Stochastic Frank-Wolfe (SFW)
algorithm, for the resolution of . It combines the FW algorithm with the selection method. We
provide a convergence result for the SF'W algorithm. Finally, we apply the SF'W algorithm to solve
a mixed-integer quadratic programming problem and a high dimensional optimal control problem.

Randomized relaxation and a first gap. For any ¢ = 1,..., N, given a probability measure p;
on X;, we denote by E,, [g;] the integral of g; against the distribution y;, i.e., | X, gidp;. The relaxed
version of is obtained by replacing the variables x; by probability measures p; and by replacing
the contribution mappings g;(x;) by E,. [gi;]. The resulting randomized problem writes:

L
EGl = < ) Euloil
;g’)j(u) = f(EL[G]), where: g N ; '

P= ILLP(X).
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Problem is indeed a relaxation since for a tuple of Dirac measures p = (dz,,- .., 0z, ), we have
J(pn) = J(x1,...,2n). One can see that the admissible set P is convex and that E,[G] is linear
with respect to p. Therefore, the relaxed problem is a convex optimization problem. We call
relaxation gap the quantity

val — val.

It is easy to see that the relaxation gap is nonnegative.

Theorem 1.2.1 (Proposition and Theorem [3.2.9). Let o = (p;)i=1,... N, where p; € P(X;) for
any t. Let (X;)i=1,..n be N independent random variables such that X; ~ p;. Then there exists a

constant C > 0 independent of N such that for any e > 0,

EL(X)] - T (1) < o (1.2.1)
€2
P(J(X)—j(u)gff—i—e) >1—exp <_NC> (1.2.2)

A consequence of the following result is that the relaxation gap is of order O(1/N). Here, we
present a brief proof of . Let us consider YV = % Zfil 9i(Xi). Then, we have E[J(X)] =
E[f(Y)] and J(u) = f(E[Y]). By exploiting the independence of X;, we can deduce that the
variance of Y has an order of O(1/N). Using the Lipschitz continuity of Vf, we obtain the
inequality:

F(¥) < F(BIY)) + (VAEY]).Y ~EIY]) + 2|y ~E[Y]|,

where L is the Lipschitz constant of V f. By taking the expectation on both sides of the inequality,
we obtain ([1.2.1), as the first-order term is zero and the quadratic term corresponds to the variance
of Y. The proof of ([1.2.2) relies on McDiarmid’s inequality [McD89], a concentration inequality.

Geometric relaxation and a refined gap. It is convenient to write the primal problem (]ED in
an equivalent form:

N
1
;gf_[ fly), subject to: ye) = N ;yi, (PG)

where ); = ¢;(A&;) for any i = 1,...,N. Indeed, by definition of Y, any y € H lies in Y if and
only if there exists « € X’ such that y = + 21]11 gi(x;). For such an z, we have f(y) = J(x). It is
natural to consider the following relaxation:

in?f{ f(y), subject to: y € conv(Y). (PGR)
ye

It is not difficult to observe that val(P)) = val(PG) and val(PR) = val(PGR)). Thus, the random-
ization gap is equal to val(PG|) — val(PGR)). Let ¢ be the dimension of the aggregate space H. We
have the following refined gap estimate (in comparison to (1.2.1)).

Theorem 1.2.2 (Proposition |3.4.9). There ezists a constant C, independent of N, such that

C min{q, N
val(PG) — val(PCR) < fo} (1.2.3)
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The proof of this sharper relaxation gap relies on a notion of measure of nonconvexity for sets,
introduced in [Cas75]. Given a subset K of H, we call nonconvexity measure of /C the number p(KC)
defined by

1/2
p(K) :( sup inf Var(Y)) )

yeconv(K) E[Y]=y

where Y is a finitely supported random variable in I and Var(Y") is the variance of Y in the sense of
[Vil03, Rem. 7.5], i.e. Var(Y) = E[||Y —E[Y]||*]. With the help of p, we can establish the following
inequality, with a similar proof to the one of Theorem [I.2.T}

N 2
L L
val(PG]) — val(PGR)) < 50(3))2 < Wﬂ(Z%‘) .
=1

Next, we apply [Cas75, Thm. 2|, which is derived from the Shapley-Folkman lemma, to obtain the
following bound:

N 2
. < . 2.
p(;a&) < pmax D ()
= |Q|=min{q,N} €C

Combining the preceding two inequalities, we obtain (1.2.3]).

Stochastic Frank-Wolfe algorithm. From Theorem [1.2.1] we can conclude the following selec-
tion method to retrieve an approximate solution of (]ED from an approximate solution of :

o Selection method. Given pu; a probability measure on X; for any ¢ = 1,..., N, we take N
independent random variables X; such that X; ~ u;.

Inequalities (1.2.1]) and ((1.2.2) indicate that the error resulting from the selection method decreases

to 0 as N goes to infinity in both expectation and probability senses. The remaining question is
to solve the randomized problem . Let us consider the following linearization of the objective
function J of at some point g € P:

1 N
(VHECD, BIGY = 3 (VA5 [ o)

As a consequence, if we want to minimize the above function on p over P, then it is equivalent to

solve the following N subproblems: for i =1,..., N,

uieigfm <vf(E“[G]) ’ /Vgidﬂi> : (1.2.4)

i

The decomposition of the primal problem (]ED into N smaller subproblems offers several advantages.
Firstly, it allows for easier handling and enables parallel computation. Secondly, the subproblems
have solutions which are Dirac measures: if z; minimizes (f(Ez[G]), gi(-)( over Aj;, then dy,
is a solution to . These properties motivate us to apply the FW algorithm (Algorithm
to solve problem , in which the linearized problem is equivalent to the N subproblems
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(1.2.4). We have a sublinear convergence rate for the FW algorithm [I.1]for problem by taking
wr, = 2/(k +2) as shown in (L.1.7)).

A memory overflow problem can arise when applying the FW algorithm to problem : The
FW algorithm possibly requires storing N new points in the support of the solution at each iteration.
This means that KN storage spaces are needed to store the result after K iterations, which can
become prohibitive when the number of iterations K is large. This difficulty is mentioned in the
related work [BSR17,|[CB1§|. To overcome this problem, we propose a variant of the FW algorithm,
in which the selection method is utilized nj times each iteration k£ of the FW algorithm. We call
this variant the Stochastic Frank-Wolfe (SFW) algorithm. It is presented in Algorithm

Algorithm 1.3: Stochastic Frank-Wolfe Algorithm
Initialization: z° € X’
for k=0,1,2,..., K do

Step 1: Resolution of the subproblems.
Compute y* = % Zil gi(zh);
fori=1,2,...,N do

‘ Find a’sf € argmin, . (VE(y"), gi(x:));
end

Step 2: Update.
Choose nj, € N*. Set wy, = 2/(k +2).;
for j=1,2,...,n; do
fori=1,2,...,N do
Simulate )\f’j ~ Bern(wy,), independently of all previously defined random variables;
Set &7 = (1 — AP7)ah 4 N7 gk,
end
Set &7 = (&7 )i1,...,N;
end
Find 2F*! € argmin{J () |z € X*}, where X* = {#%7, j =1,2,... ,n} U {z*};

end

Starting from an initialization 2° € X', Algorithm [1.3{generates a sequence (z*)gcy in X. For the
analysis of the algorithm and for its description, it is convenient to introduce u* = (Ogts - vvy O ).
With this notation at hand, we first observe that y*, as defined in Step 1 of Algorithm satisfies
Y= % ZZ]\; E,x[gi]. Thus the Step 1 of Algorithm plays the same role as in the FW
algorithm for , which is decentralized and can be computed parallelly. Let us focus next on
Step 2 of Algorithmand let us define % = (6z1,- -, 0z, ) and fF = (1—wp)p* +wii¥. In contrast
with the learning procedure in the FW Algorithm, we do not directly use fi* at the next iteration
but instead employ our selection method n; times to generate n; random variables (:i‘k’j )i=1,.mx-

Finally, Step 2 selects a random variable #%7 which minimizes J.

The following result concerns the convergence of Algorithm As the outputs of Algorithm
1.3 are random variables, we provide convergence results in expectation and probability senses for
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the optimality gap
v = J(zF) - val(PR)).
Theorem 1.2.3 (Theorem and Corollary [3.3.8)). There exists a constant C > 0 such that

C
E[vk] < I for K=1,2,...,2N. (1.2.5)
Moreover, there exists C' > 0 such that for any A > 0, if we take ny > maX(ATkQ, 1) for any k, then
C+C A
Pl < <5 }zl—exp<—12>, for K=1,2,...,2N. (1.2.6)

The proof of the theorem relies on a similar approach to the classical analysis of the FW
algorithm. In a first step, we prove the following inequality:

YK < ¢ + Sk

g K 9
where Sk is a random variable that accumulates the errors arising from the selection method at each
iteration. Then follows from the fact that E[Sk]| = 0. The proof of is considerably
more intricate, it requires the computation of an upper bound of ]P’[S K > e], obtained with an

extension of McDiarmid’s concentration inequality provided in [Dell5, Thm. 7).

A more precise convergence result has been obtained in Theorem [3.3.7} In particular, we have
a more precise formula for the probability in , which outlines the benefit of increasing the

number of simulations ny.

Numerical simulations. In Sections [3.6] and we show the effectiveness of the SFW algo-
rithm by applying it to two different problems: a mixed integer quadratic program (MIQP) and
an aggregative battery charging problem discussed in [LOP23], which involves a high-dimensional
optimal control setting. For the MIQP problem, our numerical results indicate that the SFW algo-
rithm exhibits a superior convergence rate compared to the sublinear rate predicted by the theory.
Moreover, in terms of computation time, the SFW algorithm outperforms popular solvers such as
SCIP and GUROBI, for sufficiently large values of V. In the case of the battery charging prob-
lem, the SFW algorithm avoids the curse of dimensionality, which often plagues high-dimensional
optimal control problems. By using the SF'W algorithm, we can compute an approximate optimal
control in a tractable manner.

Literature comparison and perspectives. If we assume that is convex, then classical
Lagrangian relaxation (Chapter XII of [HUL93|) methods can be applied. Thanks to the aggregative
form of G, the dual problem of has a separable structure, as explained in [SABT23| [PacI§]
in related contexts. As a result, the primal-dual algorithms mentioned in Section [1.1.1| can be
employed to address . Furthermore, if we make additional assumptions regarding the regularity
of g; and X}, the block coordinate descent (BCD) algorithm (and its extensions, see [BT13| [FR16])
could be utilized to tackle . Despite the nonconvexity of problem , numerical approaches
leveraging the separability of the cost of the dual problem are particularly appealing, since they
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allow for a decomposed resolution of the problem. Yet they raise two difficulties: the potential
large duality gap and the reconstruction of a primal solution from the dual optimal solution.

These two difficulties were already addressed by Wang in [Wanl7]. She proposed a convex
relaxation of the problem, based on the same geometrical approach of , that allows to
obtain an estimate of the duality gap decreasing with N. Her main tool was the Shapley-Folkman
lemma [Sta69], which allows to show that the image of G is close to a convex set.

In comparison to the theoretical results in [Wanl7], we provide a sharper estimate of the relax-
ation gap. According to Theorem the refined gap is of the order O(min(q, N)/N?), where q
represents the dimension of #. This estimate is tighter to the one obtained by applying [Wanl17,
Thm. 3.5], which yields a gap of the order O(¢g?/N?).

Let us compare our algorithmic approaches with the one in [Wanl7]. Both approaches leverage
the decomposability of the problem into N problems and require that the subproblems can be
easily solved. The method in [Wanl7, Algorithm 2] requires to compute the full set of {-optimal
solutions, which is more demanding. Contrary to [Wanl7|, Algorithm does not require to
perform Shapley-Folkman decompositions. This is a major advantage when the dimension of the
aggregate ¢ is very large. As a counterpart, we are only able to find O(1/N)-optimal solutions,
while the algorithm of [Wan17] can find O(q?/N?)-optimal solutions.

The design of a method for the computation of O(min{q, N}/N?)-solutions will be the topic
of future research. We also aim at working on more complex problems, involving for example
convex constraints on the aggregate, as for example the resource allocation problems investigated
in [BBGT20]. Such constraints could be handled with extensions of the Frank-Wolfe algorithm for
non-smooth costs as those proposed in [SEMF20, YFC19]. Finally, we intend to apply our method to
large-scale optimal control problems, which have more complex structure than the battery example
presented in this work, such as nonconvex variants of the problem investigated in [SAB™23].

1.2.2 Mean field optimization problems: stability results and Lagrangian dis-
cretization

Framework and motivation. In Chapter [4] of this thesis, our focus is on the MFO problem
(P)), which is motivated by the price model of Lagrangian MFG ([1.1.43]). Recall the formulation

of :
ity ([ ). )

We refer to Section for a description of the applications of this class of problems and their
connection with some potential Lagrangian MFG models. Let us emphasize that the relaxed prob-
lem associated with the aggregative problems of the previous section, problem , fits into the
general framework of MFO problems.

Organization. We start with the derivation of the first-order optimality condition of problem
. Then, we study the stability of the primal problem with respect to its parameter
m. Additionally, we formulate the dual problem of , demonstrate the strong duality, and
investigate the stability of the dual solution. At a numerical level, we propose to discretize the
marginal m and to solve the resulting problem with the SFW algorithm (Algorithm . We study
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the convergence of this method. Finally, we perform some numerical simulations for a Lagrangian
MFG model taken from [GHS22].

First-order optimality condition. Recall the definition of the individual best-response mapping
BR,) from X to subsets of Y:
BR\(z) = argmin (A, g(z,y)).
YE€Zy
Theorem 1.2.4 (Corollary |4.3.5). Any i € Pp(Z) is a solution to (P, if and only if the following

equilibrium conditions are satisfied:

A=Vf (fz gdﬂ) ’ (12.7)

supp(fiz) € BRs(x), m-a.e.

The proof follows the main steps described previously in Section We first prove that i
is a solution to if and only & is the solution to a linearized problem around . Then, in a
second step, we provide a characterization of the set of solutions of the linearized problems: at
a technical level, the main difficulty of this step is related to the application of the measurable
selection theorem.

Additionally, we provide an existence result for the solution under a “tightness” assumption on
the minimizing sequence of (P,,)).

Stability analysis. Let my and m; be two probability measures in P(X). We consider two
instances of problem with m = mg and m = m;, denoted as (P,,,) and (P,,,) respectively.
We are first concerned with the variation of the optimal cost, in relation with the Kantorovich-
Rubinstein distance di between mg and mj.

We perform the stability analysis under the following additional assumption: There exists L, > 0
such that for any x; and x2 in X, for any y; € Z,,, there exists y2 € Z,, such that

lg(z1,y1) — g(w2,y2)|| < Lydx (w1, 22). (1.2.8)

Theorem 1.2.5 (Theorem |4.3.16)). There ezists a constant C > 0, independent of mo and my,
such that
’val(PmO) —val(Pp,)| < Cdi(mo, my).

The proof of Theorem relies on a recovery method, described in Algorithm which
bridges approximate solutions for problems (P,,,) and (P,,,). More precisely, given an approximate
solution fig for (P,,,), the recovery method provides a way to derive an approximate solution
uy for (P,,,). To provide an intuitive understanding of our recovery method, we consider the
following particular case where mg = % Zfil Oz M1 = + Zfil 6z,, and fig = & Zfil O(z;,,)- Here
(2N, ()N, € XN and (y,)N, € [TX, Zs,. From [PCI9, Prop. 2.1], there exists a permutation of

{Z1,..., 2N}, denoted by {2}, ..., 2y}, such that p* = % Zf\;l O(z;2) is a solution of the following
optimal transport problem:
inf / dx (z,z')dp(z,z'), (0OT)
pell(mo,m1) J x x X
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where II(mg, m1) is the set of all transference plans between mg to mj. As a consequence,

dy(mo, mq) :/ dx (z,2")dp* (x,2") de Ti, ;)
XxX

By (L.2.8), for any i, there exists y; € Z,, such that ||g(z},y;) — g(zi,yi)|| < Lydx (i, 25). In our
recovery method, each z; is transported to z} while simultaneously y; is transported to the point
Y; € Zy for i =1,...,N. This can be expressed as follows:

) (1.2.9)

||Mz

1 N
/_LOZ Nz;d(:cwyz) —>'u1
1=

The distribution u; belongs to Py, (Z), moreover,
H/ gdpio — / gdp
Z Z

Therefore, by utilizing the special recovery method (|1.2.9) for this particular example, we can

N
L
' < Wgzdx(wz,%) Lgydi(mg, my).

(1.2.10)

1 N
- HN Z (g(wi,yi) - g(xé,y,f))

=1

obtain a feasible solution for (P,,,) while effectively controlling the distance between the aggregate
terms by the distance dy(mg, m1).

In the general case, where an optimal-assignment-type solution is not available for the optimal
transport problem , the Gluing lemma [Vil09) p. 11] is employed in the recovery method. This
allows us to construct a probability measure v € P(X x Y x X) such that its marginal distribution
with respect to the first two variables is equal to [igp and such that the marginal distribution of the
first and third variables is p*, where p* is a solution of . Then, we introduce the set-valued
function S: Z x X ~~» Z,

Sz, y,2') ={@"y) e Z | g, y) — g(x,y)| < Lydx (x,2)} .

We prove that S admits a measurable selection s under suitable assumptions. In our general
recovery method, the resulting approximate solution of problem (P,,,) is given by p; = s#p*. We
prove similar results as in (1.2.10) in this general case, from which Theorem follows.

Dual problem. As mentioned in Remark we can reformulate problem as a convex

optimization problem of the form (I1.1.1)) by setting K = G, = {fZ gdu, |, 1w € Pr(Z)} in (1.1.1)).
Similarly to (|1.1.3)), the resulting dual problem writes:

sup —f*(A) = xa,, (=A)-
AEH

The previous dual problem is equivalent to

_)\ed‘t)Irlf(f*)Dm()\) = *(\) — /Xylean (A, g(z,y)) dm(x). (D)

We first show the existence and the uniqueness of the solution to the dual problem (D,,)). This can
be established based on two observations: (1) the function f* is strongly convex, (2) the second
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term in D,,(A) is convex with respect to A. Next, assuming that G,, is a closed set, we establish
the strong duality relation between problems (P,,)) and (D,,)) with the Fenchel-Rockafellar theorem.
Let A*(m) be the solution of the dual problem (D,,)). Define the following function:

v: P(X)x X - R, (m,x) y1€anI<)\*( m),g(z,y)).

Thanks to the strong duality, we can prove the stability of the dual problem and characterize the
directional derivative of the optimal cost of (P,,)) with respect to m.

Theorem 1.2.6 (Lemma and Proposition |4.4.5)). There exists a constant C > 0 independent
of mg and my such that

max { [Dny (N (m0)) = Doy (A ()], A" (mo) = A" ()|} < Cda(mo, my).

The function v is the directional derivative of the value function of , i.e.,

1
val(P,,,) — val(P,,,) = /t . /X v(mg + t(my — mg), z)d(m1 — myp)(x)dt.

Discretization. We present an original resolution method for the MFO problem . Our
approach relies first on a discretization of the marginal m, as proposed in [Sar22] for Lagrangian
MFGs. We approximate the common marginal distribution m in by an empirical distribution
my = % Zf\il 0z,, where z; € X for i =1,..., N and N is a sufficiently large integer. This allows
us to write the associated discretized problem for as

inf du ) . P,
ME;SN(Z)f</Zg u) (P )

We can establish a connection between problem (P and the relaxed problem introduced
in Section First, we observe that a probability dlstrlbutlon w belongs to Py, (Z) if and only
if there exist y; € P(Z,) for each i = 1,..., N such that y = % Ei:l 0z, ® pi. This leads to the
following equivalent formulation of the discretized problem:

N
1
meP(Zmi)f (N ;/L 9(i, yi)dpi(y )) ( )

We can observe that ( is a special case of (PR)) by choosing X; = Z,. and ¢;(-) = g(z, )
This equivalence allows us to apply the SFW algomthm (Algomthmnof Section |1.2. 1 o ([1.2.11)).
In this context, if y € H?Ll Zy, is the result after some iterations of Algorithm 3 then the

subproblems for the next iteration are
1 N
Ui € BR)\(z;), where \ = N Zg(zl,yl) (1.2.12)

Finally, the combination of Algorithm with the recovery method (Algorithm {4.1)) allows to
obtain an approximate solution of (P,,|) whose quality improves as the discretization parameter N
increases. Here, we describe this combination:
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1. Let y¥X € Hfil Z.. be the output of Algorithm applied to (1.2.11)), for 1 < K < 2N and
for arbitrary numbers ny > 1 of simulations. Let pf = & Zf\il O(zs,y5)-

2. Move on to the recovery method (Algorithm with the following inputs: mg = my,
mi1 =m, and fig = ,u]KV. The output is denoted as i, which is an element of the set P,,(Z).

Combining the convergence result of the SFW algorithm (Theorem [1.2.3]) with the stability of the
primal problem (Theorem [1.2.5)), we have the following convergence result.

Theorem 1.2.7 (Theorem [4.5.8). There ezists a constant C > 0, independent of my and m, such
that

E [f </nggf<>} —val(P,) < C (Il( +d1(mN,m)> .

Remark 1.2.8. According to Theorem [I.2.7] in order to achieve better convergence, it is desirable
to find an empirical distribution my = % Zfi 1 9z, that is as close as possible to m in terms of
the di-distance. This problem is commonly referred to as the optimal quantization problem. A
precise estimate on da(mpy,m) is given in [MMI16, Prop. 12], and we slightly modify this estimate
for di(mp, m) in Lemma For more detailed information concerning optimal quantization, we
refer to [GG12].

Numerical simulations. We apply in Section our discretization method and the SFW al-
gorithm to a Lagrangian MFG taken from [GHS22|, in which the agents exploit their own stock
of an exhaustible resource. In this model, the agents have different initial stock which follows a
distribution m. The agents make decisions regarding their selling speed. The price of this resource
at a time t is a decreasing function of the aggreagate selling speed at t. Following [GHS22|, the
main purpose of this model is to find the Nash equilibrium as defined in (4.6.2)).

Literature comparison and perspectives. Our first-order necessary and sufficient optimal-
ity condition is similar to the Nash equilibrium conditions studied in [CL18bl Sec. 3] for
nonatomic potential games and in [CCI18| Def. 3.1, Eq. 3.32] and [SS21], Def. 2.2] for Lagrangian
MFGs. The authors of [CCI§| also establish the existence of solutions to the associated Nash
equilibrium problem using Kakutani’s fixed point argument.

The article [CH17, Sec. 3] proposes a resolution of the potential Lagrangian MFGs with the
fictitious play algorithm, which can be seen as a specific case of the FW algorithm with the learn-
ing rate wy = 1/(k + 1). The possible memory overflow problem and the need to discretize the
distribution of the initial conditions of the agents are not discussed.

The article [Sar22] investigates the discretization of a Lagrangian MFG with local congestion
terms. The author proposes a regularization technique for the congestion term, a discretization in
time of the trajectories, and a discretization of the initial distribution of the agents, leading to a
nonlinear program which is solved with the quasi-Newton method. Convergence properties for the
discrete solutions have been obtained.

Let us discuss on some possible extensions of this work. An easy way to construct my, in com-
parison with an optimal quantization approach, consists in drawing N samples of the distribution
m and to construct the corresponding empirical distribution. One could modify the convergence
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analysis done for Theorem [I.2.6]to take into account the randomness of my, utilizing concentration
inequalities such as [FGI15, Thm. 1, Thm. 2]. They indeed allow to estimate d,(mn,m) in both
expectation and probability senses, where d,, is the Wasserstein distance of order p.

Another perspective deals with the study of a fully discretized version of the MFO problem
(Pr)). A crucial step in the SFW algorithm is the resolution of the subproblems (involved
in the definition of the best response mapping). These subproblems could be posed over an infinite
dimensional space, as for example, in the price model . In general, one has to discretize
those problems (as is done in [Sar22l, Sec. 5]). One could extend the convergence analysis and look
for a quantitave result that takes into account the effect of the discretization of the subproblems.

1.2.3 Error estimates of a theta-scheme for second-order mean field games

Framework and motivation. This section is associated with Chapter[5] It is dedicated to a novel
finite-difference scheme for the second order MFGs system , relying on the theta-method.
Let us denote by Vj, divy and Ay the discrete gradient, divergence and Laplace operators of the
centered finite-difference scheme. Let 6 € [0,1]. Let us first describe the discretization of the FP
equation. At any time ¢, the theta-scheme of the FP equation consists of two steps:

1. An explicit scheme for an intermediate FP equation, with a weight (1 — 6) for the Laplacian

rerm: m(t+1/2) — mf(t)
At

— (1= 0)cApm(t) + divy (mu(t)) = 0. (S1)

2. An implicit scheme for an intermediate heat equation (without divergence term):

m(t+1) —m(t+1/2)
At

— 0o Ap(m(t+1)) =0. (S2)

Notice that when there is no divergence term (v = 0), the above scheme (SI))-(S2) coincides with
the classical theta-scheme for the heat equation [AIl07]. For the HJB equation, we propose an
adjoint scheme; at each time ¢, two steps are performed: (1) an implicit scheme for an intermediate
heat equation (without the Hamiltonian term) and (2) an explicit scheme for an intermediate HJB
equation.

Let us describe the main properties of the theta-scheme, which justify our interest for it. If
0 = 0, our scheme is an explicit scheme which has a natural interpretation as a discrete mean
field game. However, it is not clear whether the explicit scheme for the FP equation, when 6 = 0,
enjoys stability properties for some 2-norm. To ensure stability, a natural idea consists in taking
an implicit scheme for the second-order term, i.e. § = 1. This yields a mixed scheme (implicit for
the Laplacian term and explicit for the divergence term). We emphasize that the divergence term
should remain explicit, in order to guarantee that the discrete system has a structure of .
When 0 = 1, we see that is an explicit scheme of a continuity equation (without diffusion term).
To ensure the monotonicity of , an upwind discretization for the divergence term should be
employed, instead of centered scheme. In comparison with a centered discretization, the upwind
discretization has the following disadvantages: (1) the consistency error is of a lower order, (2) we
need then to construct a numerical Hamiltonian (see [ACDI0, [ACCD13|) to preserve the adjoint

27



Chapter 1. Introduction

structure. Finally, we propose to take 6 € (1/2,1) in (S1)-(S2) and to keep the centered scheme
for the first-order term. The ¢?-stability and the monotonicity property hold in this case by some
discrete energy estimate and a CFL condition detailed later. We end up with a discrete system
which has a structure of , has a higher order for the consistency error, and which does not

require the construction of a numerical Hamiltonian.

Organization. We first introduce the theta-scheme associated with and state our main re-
sult on the error estimate of this theta-scheme. This theta-scheme lies in the framework of .
The existence and uniqueness of the solution of the theta-scheme is deduced from condition
and . Subsequently, we present several stability properties of the theta-scheme. Next, we
discuss the consistency error of the theta-scheme. Finally, we give the sketch of the proof of the
main result, which is based on the stability and the consistency analysis.

Formulation and the main result. The main assumptions on the data of (MFGJ), which hold
true in the subsequent sections, are as follows:

e The functions ¢¢(-, -, v), £5(-, z,v), g°(-), f°(-,-,-) and m§(-) are L°-Lipschitz continuous, where
the Lipschitz continuity of f¢ with respect to m is for the || - || 2-norm;

e The running cost ¢¢ is a‘-strongly convex with respect to the control variable;
e The monotonicity condition (|1.1.22)) holds;

e The continuous system (MFG]) has a unique solution (u*, v*,m*), with u*, m* € C1+7/22+7(Q)
and v* € C"(Q) N1L>([0,1];C**7(T)), where r € (0,1).

The terminal time in is fixed to 1 in this section. We discretize the time horizon [0, 1]
into T equal steps, resulting in a time step size of At = 1/T. Similarly, we discretize the state space
T¢ into a grid with N points in each dimension, leading to a spatial step size of h = 1/N. The
discretized time horizon is denoted by T (or 7 if the terminal time is included) and the discretized
state space is denoted by S. For any = € S, we denote B, (z) = ngl[x — he;/2,x + he;/2), where
(€i)i=1, .a is the canonical basis of R% For any function ¢ € R*(T x S) and any (p,q) € [1, o0]?,
we define the norm [[@llpq = || (100 lexs)) ez v -

Let ¢, H, f, mg, and g be the discretization of ¢¢, H¢, f¢, mg, and g°, respectively, as defined
in —. We note that the discretization of H¢ in this context does not require the
construction of a numerical Hamiltonian, in contrast to [ACCD13]. Taking any 6 € (1/2,1), we
can now introduce the theta-scheme of (MEFG)): Find (u,v,m) € R(T x S) x RY(T x §) x R(T x S)
such that V(t,z) € T x S,

(il) v = Vy(u), (Theta-mfg)
(iii) m = FPy(v),
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where the Hamilton-Jacobi-Bellman mapping HIBy: P(T,S) — R(T x S), m + u, is defined by

—uH L) w1 20) o At +1/2,2) = 0,
— L2 utr) () 9o Apu(t 4 1/2,2) + H[Vpu(- + 1/2,9)](t, 2) = f(t, 2, m(t)),
U(Ty 1') = g($)7

the optimal control mapping Vy: R(T x S) — RY(T x S), u+ v, is defined by

ML) u(H/20) o A (¢ 1 1/2,2) = 0,
v(t, ) = —Hp(t, z, Viu(t +1/2,z)),

and the Fokker-Planck mapping FPy: R4(T x §) — R(T x S), v — m, is defined by

mttl/2e)-mita) _ (1 g)Apm(t,x) + divy(om)(t, x) = 0,

m(t+1yx)_A’f;L(t+1/27x) _ eg'Ahm(t + ]-a $) = O’

m(0,x) = mo(x).

From the definitions of HJBy and FPy, we see that the adjoint structure of the coupled system
is preserved in the resulting discretized system, which is an important property for the
stability analysis in this section and for the potential case discussed in Section We fix now a
constant M, defined as follows:

aC

1

M=— (2 e 5t 0)] + VA(LG + LS + Lg)). (1.2.13)

We prove in Theorem that the constant M is an upper bound of ||v]|s,00. We consider the
following condition on (At, h):

h? 2(1 - 0)o
At < ———— h< ——. CFL
~ 2d(1—-0)o’ - M ( )
The main result of this section is the following error estimate on ((Theta-mfg)).

Theorem 1.2.9 (Theorem [5.2.10). Let 0 € (1/2,1) and let (At,h) satisfy the condition (CFL).
Then (Theta-mfg) has a unique solution (up,vn, mp). Moreover, there exists a constant C > 0,
independent of At and h, such that

[un = uploo.co + [[ma — mypllcon < CR,
where uy, mjy € R(T x S) are defined by uy (t,x) = u*(tAt,x) and mj(t,x) = th(m) m*(tAt, y)dy.

Existence and uniqueness. Recall our general framework for discrete MFGs, introduced in

Section We prove in Lemma that (Theta-mfg)) is equivalent to the system (DMFG).

We provide an explicit formula for the mapping n describing the probability transitions under a

29



Chapter 1. Introduction

given control. A key point is that m(t,x,-,w) must be a probability distribution over S, which

can be established under the CFL condition. The uniqueness of the solution of (Theta-mfg) is a
consequence of the fundamental inequality ([1.1.38]).

Stability of the theta-scheme. Following the general perturbation system (PDMFG]), we intro-
duce the perturbed version of (Theta-mfg) with additional terms (5, §) € R%(T x S):

(i) v=Vy(u), (1.2.14)
(iii) m = FPy(v;9).

Let (u,v,m) and (up,vp, myp) be solutions of (1.2.14) and (Theta-mfg)) respectively. Suppose that

m > 0. Our stability analysis consists of the following three properties, related to each of the
mappings HIBg, Vy, and FPy:

1. Stability of the HJB equation. From the dynamical programming principle and the regularity
of f¢, we can derive the following inequality:

C

L
i = wnlloe.0 < g7 1m0 = malloc2 + 17100 (1.2.15)

where L¢ denotes the Lipschitz continuity modulus of f€.

2. Stability of the optimal control. We deduce from the fundamental inequality (|1.1.38)) that

AA HHU—vhH m 4+ mp H11 < ZZ u—up)(t+1,2)0(t,z) + (mp —m)(t, x)n(t, ).

teT zeS
(1.2.16)

3. Stability of the FP equation. To analyze the stability of the FP equation, we consider the
energy estimate for the discrete parabolic equation given by:

{W — ALt + 1) — (1 — ) Appu(t) + divpv(t) = divydy () + d2(t),
1(0) = po,

where 1,02 € R(T x S) represent perturbations in the form of discrete divergence and other
forms, respectively. Assume that ||v]/oc,co < M. Then, there exists a constant C' independent
of h and At such that

w0 < (ool [0l + 3ot (I + [l)) . 27
€ TeT

The notation V;{ denotes the forward finite-difference operator. The proof of the energy
estimate is similar to the one for parabolic PDEs, see [Lio71, [LSU8S], and the one for
the implicit scheme, see [ACCD13|. Let us emphasize the fact that for establishing ,
we need to take 6 > 1/2.
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Consistency error. Recall the definition of (uj,,m}) in Theorem [1.2.9] For (t,z) € T x S, let
Ui*L(tv T) = _Hp(t’ €, th;;(t +1/2,1)),

where uj (t + 1/2) and uj (¢t + 1) satisfy the first line of HIBy for any ¢ € 7. Define the invertible
matrix By = Id — 8o AtA}. Using the regularity of the continuous solution, we have the following
consistency result.

Theorem 1.2.10 (Lemma [5.5.5)). The triplet (uj, vy, m}) satisfies the perturbed system (1.2.14)
with perturbation terms n and & such that

n = O(Ath"), B16 = Atdivy, (01) + O(Ath™ ), where §; = O(h?9).

Sketch of the proof of Theorem m Let us define e = At ||| — vh|2m;‘LH1 L

e By combining the stability property for the HJB equation (|1.2.15]), the fundamental inequality
(1.2.16)), and the consistency error from Theorem [1.2.10, we can derive an upper bound of €
as a function of ||mj — mp/ec2 and h.

e Using the stability of the FP equation (1.2.17) and considering the consistency error from
Theorem [1.2.10, we can derive an upper bound of ||m} — myj| 2 depending on € and h.

Combining the previous two estimates, we can deduce that ||m} — my|lec2 < Ch™+9/2 for some
constant C' independent of At and h. The conclusion of Theorem [1.2.9] follows from Hélder’s
inequality for discrete norms (see Lemma |5.2.2)).

Literature comparison and perspectives. In 2010, a first result concerning the convergence
of a finite-difference scheme for stationary MFGs was obtained in [ACD10]. In this article, the
authors also proposed an implicit scheme for time-dependent MFGs and proved the existence and
uniqueness of the solution of this scheme. In 2013, a convergence result was obtained for the same
implicit scheme in [ACCDI3] when the Hamiltonian has a monomial form. The two cited works
assume the existence of a classical solution of . In 2016, in the absence of this existence
assumption, [AP16] proved that the solution of the implicit scheme converges to a weak solution
of when the grid steps tend to zero.

We mention the articles [CS14) [(CS15, [HS19] investigating semi-Lagrangian discretizations of
MFG systems. We also mention the article [BC22] which contains an explicit rate of convergence
for a semi-discretization in space, obtained with finite differences. To the best of our knowledge, the
work presented in this section is the first one, in the context of MFGs, to give a precise convergence
order for a fully discrete numerical scheme.

We will discuss in the next section the resolution of with the Generalized Frank
Wolfe algorithm. As will be explained, the application of this algorithm is made possible by the fact
that the potential structure of continuous MFGs is preserved at the discrete level by .
The GFW algorithm essentially relies on successive resolutions of the discrete HJB and the Fokker-
Planck equations, which do not require to solve nonlinear equations (as would be the case with
the fully implicit scheme of [ACCDI13]). Future work could focus on the numerical analysis for an
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extension of the theta-scheme relying on splitting methods [Tho95l Sec. 4.4], applied to the discrete
Laplacian involved in the implicit linear equations. This would allow to facilitate the resolution
of the discrete HJB and Fokker-Planck and thus to reduce the numerical complexity of the GFW
algorithm.

Another perspective concerns the extension of to more complex MFG models, such
as the MFG models with a coupling through a price variable [BHP21]. They fall into the class
of MFGs of controls (abbreviated MFGCs), since the price depends on the distribution and the
control of the agents. Note that the price appears in the Hamiltonian of the HJB equation of the
coupled system. Omne would have to propose a suitable discretization of the additional coupling
relation (involving the price variable) and to establish a fundamental inequality for the obtained
discrete setting. This would allow to conduct a stability analysis. Let us mention that the article
[LP22] already contains stability results for such MFGCs, in the continuous framework. Concerning
consistency, the analysis would exploit the regularity properties of the continuous solution obtained
in [BHP21], in particular, the Holder continuity of the price variable.

1.2.4 A mesh-independent method for second-order potential mean field games

Framework and motivation. In this section, we investigate the resolution of a second-order
potential MFG, which is equivalent to the optimal control problem . As already mentioned
in Section the potential structure is preserved by . As a result, the discrete MFG
can be addressed with the GFW algorithm, described in Section [1.1.3

The general objective is to show that the performance of the GFW algorithm is not impacted by
a refinement of the discretization grid. The main results of this section are two mesh-independence
properties for the resolution of with and the GFW algorithm, as stated in Theo-
rems|1.2.12|and [1.2.13] The terminology mesh-independence was coined in the article [ABPRSG]. It
is said that an algorithm satisfies a mesh-independence property when approximately the same num-

ber of iterations is required to satisfy a stopping criterion, when comparing an infinite-dimensional
problem and its discrete counterpart.

Organization. We begin by presenting the GFW algorithm for the resolution of general potential
and discrete MFGs. We provide two results concerning the rate of convergence of the potential
cost. One rate is sublinear and the other is linear, depending on the choice of the learning rate
—. Next, we prove that the GFW algorithm exhibits mesh-independent sublinear and
linear convergence rates when applied to . These convergence results rely on the study
of the semi-concavity of HIBy, the ¢?-stability of FPy, and the (*-stability of FPy o V4 o HIBy.

GFW algorithm for potential discrete MFG. Recall the data of (DMFG]|: The time space
T, the state space S, the running cost ¢, the coupling cost f, the initial condition mg, and the

terminal cost g, where
:TxSxR s RU{o0}, f:TxSxR(S)—=R, moeP(S), geR(S).

We assume that ¢ is a-convex with respect to its third variable, f is L -Lipschitz with respect to
its third variable, and the discrete potential condition ([1.1.33]) is satisfied.
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We present the GFW algorithm for solving the potential discrete MFG in Algorithm As
discussed in Section [I.1.3] at each iteration of the GFW algorithm, we are required to solve the
partially linearized problem . The solution to this problem is obtained through the best-
response mapping BR: P(T,S) — A, which is defined in (T.1.36). For the learning rate \; in
Algorithm we propose the following two rules:

1. an open update rule as in Algorithm

2

A\ = .
PRt

(1.2.18)

2. a closed update rule similar to the line search (1.1.10]) used in Algorithm

7 . k K\ __ T R —k =k
)\k:min{Jm(m’w) I (m’“’),l}. (1.2.19)

Ly|S[V2 m¥ —mF|12,

Algorithm 1.4: GFW for potential discrete MFG
Initialization: (m®°, w®) € A;
First iteration: (m!,w') = (m° w°) = BR(mP) ;

Choose an update rule from (1.2.18)) and ((1.2.19) ;
for k=1,2,...do

Step 1: Resolution of the partial linearized problem.
Set (m*, w*) = BR(m");

Step 2: Update.
Set A\r € [0,1] by the chosen update rule;
Set (mFT1 whtl) = (1 — A\p)(mF, wk) + A\ (m*, @*);

end

To state the convergence results of Algorithm we need to introduce three key constants.
The first two are defined by

Ci= sup HFP(U)HZo,z and Cy= sup |[FPoVoHIB(m)|co,c-
vERL (T%S) meP(T,S)

The third constant C3 is such that for any vy, v € ]RdD(T x S), we have:

IFP(v1) — FP(v2) ]2, 5 < CsAt Y > " |[(v1 — v2)(t, 2)FP (v1) (£, z) |,
teT zeS
We will see later that for the theta-scheme (which is a particular case of (DMFG])), estimates of the
constants C7 and Cs derive from an energy estimate and an estimate of the constant Cj
can be deduced from a semi-concavity property of the discrete HJB mapping and the £°°-stability
of FPoVoHJB.
Recall that J is the ob jective function in the convex optimal control problem associated

with the potential (DMFG)]). Let (m,w) be the solution of (1.1.34)).

33



Chapter 1. Introduction

Theorem 1.2.11 (Proposition [6.3.1). We consider the sequence
rithm (L.4). Let D = C1Ly|S|*/? and ¢ = max {1

(Mg, w )k>1 generated by Algo-
1

VoA mIER 5}

1. Sublinear rate. If the chosen update rule is (1.2.18]), then,

J(mF wh) — J(m, o) < %, Vi > 1. (1.2.20)

2. Linear rate. If the chosen update rule is (1.2.19), then,

J(mE, wk) — J(m, o) < 4D, Vk > 1. (1.2.21)

The proof of Theorem is similar to the convergence analysis of the GFW algorithm in
Hilbert space [KW22] and the one for continuous potential MFGs [LP22].
We can see from Theorem [1.2.11]that the convergence constants D and c rely on various factors,

]1/2, and the three key constants C1,

including the strong convexity constant «, the product L¢|S
Cs, and C3 defined earlier. In order to investigate the mesh-independent property of Algorithm
when applied to some numerical discretization of the potential , the crucial point is to
establish the independence of these factors with respect to the discretization parameters At and h.

Now let us apply Algorithm - 1.4] to the theta-scheme associated With the potential - We
make the same assumptions for this continuous system as in Section [T From Lemma[6.4.4] the

associated theta-scheme (Theta-mfg)) preserves the potential structure in the sense of (1.1.33).

A mesh-independent sublinear convergence result. In this paragraph, we will see that the
constant D is independent of At and h. Combining with (1.2.20)), a first mesh-independent sublinear
convergence result is obtained in Theorem [1.2.12] We have the following two a priori estimates:

e Lemma shows that o = af, Ly = L°h~%2  and |S| = 1/h%, where a° is the strong
convexity constant of £¢ and L€ is the Lipschitz constant of f¢;

e The energy estimate ([1.2.17)) implies that C7 and Cs are mesh-independent, since the constant
C in (|1.2.17) is independent of At and h.

From the definition of the constant D and the above two points, we derive the mesh-independence
of D. Let (up,vp,, my) be the solution of (Theta-mfg)). Let us set v, = J(m*, w*) — J(m,w). We
have the following convergence result.

Theorem 1.2.12 (Sublinear rate, Theorem[6.4.5). In Algorithm[1.4, apply the update rule (1.2.18).
Then there exists a constant Cy, independent of At and h, such that for any k > 1,

Cy
< —
Yk 5

A mesh-independent linear convergence result. To explore the mesh-independent linear
convergence rate of Algorithm for , it is necessary to establish the independence of
the constant Co with respect to the discretization parameters At and h. To accomplish this, we
need to study the £°°-stability of FPy o Vg o HIBy. Two additional assumptions are required:
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e The functions (¢, z,v), f¢(¢t,z,m) and ¢g°(z) are L-semi-concave with respect to z, for any
t €10,1], v € RY, and m € P(T9);

e The function ¢¢ has a separable form with respect to v, i.e. £°(¢,z,v) = 2?21 U5(t, z,v;), where

v; 18 the i-th coordinate of v.

We refer to [CS04, Def. 1.1.1] for the definition of the semi-concavity. Under the previous two
additional assumptions, we have a second convergence result.

Theorem 1.2.13 (Linear rate, Theorem [6.4.9). In Algorithm[1.4], apply the update rule (1.2.19).
Then there exist two constants cg € (0,1) and Cy > 0, both independent of At and h, such that for
any k > 1,

Yk < Cocy.

The proof of Theorem [1.2.13] relies on the £*°-stability of FPy o Vg o HIBg. The proof of the
(>-stability of FPy o Vy o HIBy is inspired from the continuous case (see for example [CL18al,
Lem. 5.3]). Let us outline the proof in the continuous case:

1. The semi-concavity of the solution u of the HJB equation implies that D?u < L - Id;

2. Combining with the convexity of H¢, we deduce that there exists some constant C' > 0 such
that —div v = Tr(H,[Vu] D?u) < C uniformly;

3. Since div v is the coefficient preceding m in the FP equation, the maximum principle of
parabolic equations implies that ||m|jp~ < exp(C)|m§|L~ (the terminal time is 1).

In our discrete context, we first prove that for any m € P(T,S), the function u = HIBgy(m)
is 3L-semi-concave with respect to z. Let v = Vy(u) and m = FPy(v). Thanks to the semi-
concavity of u, there exists a constant C' independent of At and h such that —divyv(t,z) < C. As
a consequence, we can deduce that [|[m(t+1,)|lcc < (1 + CAL)||m(t, )| for any t € T. It follows
that ||7 0,00 < exp(C)||mol|so- Since the right-hand-side of the previous inequality is independent
of the input m, it gives an upper bound of Cs, which is mesh-independent. Combining with ,
Theorem [1.2.13] follows.

Literature comparison and perspectives. Various methods have been proposed in the liter-
ature for the resolution of potential MFGs, besides the GFW algorithm that was analyzed in the
continuous setting in [LP22]. Note that the sublinear and linear convergence rates have obtained
for the continuous model in this reference. Note also that the GFW algorithm can be seen as a
generalization of the fictitious play method introduced in [CH17, [HS19]. In the convex potential
case, the ADMM algorithm was utilized in [BCI5, [And17] and the Chambolle-Pock algorithm was
utilized in [AL20]. Some articles propose to discretize the optimal control problem , see for
example [LST10, [And17]. In this context, it is very desirable that the potential structure of the
continuous MFG is preserved at the level of the discretized coupled system, so that one can apply
in a direct fashion suitable optimization methods to the discrete system. This is in particular the
case for the implicit scheme proposed in [ACCD13].
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To the best of our knowledge, in the context of mean field games, the mesh-independence
property has never been established so far for any other method. Though it seems a natural
property, it may not hold in general. In particular, it might not hold for primal-dual methods,
whose application relies on a saddle-point formulation of the convex problem ([1.1.25)) of the form,
in which the FP equation is “dualized”. This saddle-point formulation involves a linear operator,
encoding the (discrete) FP equation (see for example [AL20, Sec. 3.2]). As the discretization
parameters decrease, the operator norm of these operators (for the Euclidean norm) increases, which
has an impact on the convergence properties of methods such as the Chambolle-Pock algorithm.
In contrast, the discrete Fokker-Planck equation remains satisfied at each iteration of the GFW
equation.

Let us discuss some possible extensions of this work. We can study the convergence of the
GFW applied to the non-monotone discrete MFG, where the monotonicity condition is not
satisfied. This results in the non-convexity of the associated potential function F'. Consequently, the
convergence of the GFW algorithm to a global minimum of the objective function is not guaranteed
in general. However, we can show that a point (m,v) is a Nash-equilibrium of the potential MFG
in the sense of if the “Frank-Wolfe” gap (the left-hand-side of (1.1.37)) at the point m is
0. Fortunately, similarly to the approach used in [LJ16], we can prove that the GFW algorithm
converges to a stationary point of such that the “Frank-Wolfe” gap at this point vanishes.
This implies that the GFW algorithm can still converge to a Nash equilibrium despite the presence
of non-monotonicity. Consequently, we can further study the mesh-independent property of the
theta-scheme in this scenario.

Another perspective deals with the discretization and the application of the GFW algorithm to
the planning problem of [ACCDI12|, referred to as MFGP. In MFGP, instead of having a terminal
condition ¢¢ for the HJB equation, we consider a fixed terminal condition for the FP equation,
denoted as m% € P(T?). This problem can be seen as a generalized optimal transport problem.
The article [ACCD12] also considers an approximation, called MEGPP, obtained by regularization
of the final-time constraint on the distribution. This opens the path to a numerical resolution of the
planning problem through an application of the GFW algorithm to MFGPP. Yet the application
of the GFW algorithm may be difficult because the Lipschitz constant of the coupling term in
MFGPP would increase with the penalty parameter.
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Chapter 2

Introduction (en frangais)

Dans une industrie de plus en plus interconnectée et un monde exploitant une grande quantité
de données, les problemes d’optimisation jouent un réle crucial dans la modélisation de problemes
issus de divers domaines, tels que la gestion de 1'énergie |[SABT23], I'optimisation du bien-étre
social [Wanl7], ou encore I'apprentissage dans des réseaux neuronaux [MMNI18, IMMMI19]. Une
caractéristique essentielle de ces probléemes d’optimisation est l'inclusion d’un terme “agrégatif”
dans leur fonction objectif, qui modélise les interactions entre les individus, supposés étre en grand
nombre. La résolution de ces problemes d’optimisation pose des défis importants en raison de leur
haute dimensionnalité et de leur nature non convexe.

Les problemes d’optimisation & champ moyen constituent un cadre efficace pour aborder de tels
problemes. Ils offrent une perspective asymptotique lorsque le nombre d’individus tend vers l'infini.
En résolvant les problemes d’optimisation de type champ moyen, nous obtenons des informations
précieuses sur les solutions des problemes agrégatifs sous-jacents avec un nombre fini d’agents.

Dans le contexte des jeux différentiels, cette approche de modélisation asymptotique amene a des
problemes d’équilibre communément appelés jeuz ¢ champ moyen (MFG). Ils ont été introduits en
2006 de maniere indépendante par J.-M. Lasry et P.-L. Lions dans |[LL07| et M. Huang, R.P. Mal-
hamé et P.E. Caines dans [HMCO06]. Les MFG ont trouvé des applications importantes dans divers
domaines, comme le mouvement de foules [LSTI0], la sociologie, la biologie, la macroéconomie
[ABL™14], le crowd trading [CL18a] et la finance.

Cette these est consacrée a ’analyse numérique et aux méthodes pour les problemes d’optimisation
de type champ moyen. Ce chapitre introductif est divisé en deux parties : dans la section nous
donnons un apercgu des cadres généraux pour I'optimisation convexe avec contraintes et les MFG;
dans la section nous donnons une présentation synthétique des principaux résultats des quatre
chapitres de la these.

e Chapitre [3| et Section : Optimisation non convexe de grande dimension : ran-
domisation, estimation du saut et résolution numérique{ﬂ Nous traitons un probleme
d’optimisation de grande taille et non convexe, impliquant un terme agrégatif. Ce terme

peut étre interprété comme la somme des contributions de N agents a un bien commun,

1le chapitrecorrespond a l’article [BLOT 22| accepté pour publication dans le STAM Journal on Optimization et & I’article
[COP23] publié dans SIAM CT23. L’article [ BLOT22] est un travail en collaboration avec J.F. Bonnans, N. Oudjane, L. Pfeiffer,
et C. Wan. L’article [LOP23| est un travail en collaboration avec N. Oudjane et L. Pfeiffer.
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avec N grand. Nous étudions une relaxation de ce probleme, obtenue par randomisation.
Cette relaxation s’inscrit dans le cadre du probléme MFO présenté dans la section [2.2.2]
Nous prouvons que le saut de relaxation est majoré par un terme en O(1/N). Nous con-
sidérons I’algorithme de Frank-Wolfe (FW) pour la résolution du probléme randomisé. Chaque
itération de ’algorithme nécessite la résolution d’un sous-probleme qui peut étre décomposé
en N problemes d’optimisation indépendants. Un taux de convergence sous-linéaire est obtenu
pour l'algorithme FW. Afin de traiter le probleme de dépassement de mémoire éventuellement
causé par I'algorithme de Frank-Wolfe, nous proposons un algorithme de Frank-Wolfe stochas-
tique (SEFW), qui garantit la convergence a la fois en espérance et en probabilité.

e Chapitre[d et Section[2.2.2]: Problémes d’optimisation & champ moyen : les résultats
de stabilité et la discrétisation lagrangienndﬂ Nous formulons et étudions un probleme
d’optimisation & champ moyen (MFO) impliquant des distributions de probabilités u avec
une marge prescrite m. La fonction de colit dépend d’un terme global, qui est ’espérance de
1 par rapport a une fonction de contribution. Ce probléme est particulierement intéressant
dans le contexte des MFG lagrangiens et de leur discrétisation. Nous donnons une condition
d’optimalité du premier ordre, établissons un principe de dualité forte et étudions les propriétés
de stabilité du probleme MFO a la fois du point de vue primal et du point de vue dual. Dans
notre analyse de stabilité, nous proposons une technique de reconstruction pour calculer une
solution approchée d’un probleme MFO a I’aide d’une solution approchée d’un probleme MFO
avec une marginale m différente, typiquement une distribution empirique. Nous combinons
cette méthode de reconstruction avec 'algorithme SFW présenté dans la section pour
obtenir une méthode de résolution complete.

e Chapitre [f| et Section 2.2.3]: Estimations d’erreur d’un théta-schéma pour les jeux
a champ moyen du second ordreﬂ Nous introduisons et analysons un nouveau schéma
de différences finies, s’appuyant sur la méthode du théta-schéma, pour résoudre des MFG
monotones du second ordre. Ces jeux consistent en un systeme couplé de 1’équation de
Fokker-Planck et de ’équation de Hamilton-Jacobi-Bellman. Le théta-schéma est utilisé pour
discrétiser les termes de diffusion : nous les approximons avec une combinaison convexe d’un
terme implicite et d’'un terme explicite. En revanche, nous utilisons un schéma centré explicite
pour les termes du premier ordre. En supposant que le cotlt intégral soit fortement convexe et
régulier, nous prouvons d’abord la monotonie et la stabilité de notre théta-schéma, sous une
condition CFL. En profitant de la régularité de la solution du probléme continu, nous estimons
I’erreur de consistance du théta-schéma. Notre résultat principal est un taux de convergence
d’ordre O(h"™) pour le théta-schéma, ou h est la longueur de pas de la variable d’espace et
r € (0,1) est lié a la continuité de Holder de la solution du probléeme continu et de certaines
de ses dérivées.

e Chapitre [0] et Section : Un algorithme avec la propriété d’indépendance au

2Le chapitre |4 est un travail conjoint avec L. Pfeiffer.
3Le chapitre [5| correspond & Particle [BLP23a] publié dans ESAIM : M2AN, il s’agit d’un travail en collaboration avec J.F.
Bonnans et L. Pfeiffer.

38



2.1. Eléments d’analyse convexe et modeles de jeu a champ moyen

maillage pour les jeux a champ moyen potentiels du second ordre{ﬂ Ce chapitre
étudie la convergence de ’algorithme de Frank-Wolfe généralisé pour la résolution des MFG
potentiels et convexes du second ordre. Plus précisément, I'impact de la discrétisation du
systeme MFG sur lefficacité de 'algorithme de Frank-Wolfe généralisé est analysé. Ce chapitre
se concentre sur le théta-schéma introduit dans la section Un taux de convergence sous-
linéaire et un taux de convergence linéaire sont obtenus, pour deux choix différents de longueur
de pas. Ces taux ont la propriété d’indépendance au maillage : les constantes de convergence
sont indépendantes des parametres de discrétisation.

2.1 Eléments d’analyse convexe et modeles de jeu a champ moyen

La section contient un rappel de la théorie de la dualité pour les problemes d’optimisation
convexe et une présentation de l'algorithme de Frank-Wolfe (FW), de sa généralisation et des
résultats de convergence. Nous présentons ensuite les différents modeles potentiels de MFG que
nous avons étudiés. Pour chacun d’entre eux, nous expliquons comment ’algorithme FW peut étre
appliqué et nous soulignons l'intérét de cette méthode. La section [2.1.2] est consacrée aux MFG
du second ordre. Nous présentons dans la section un cadre général pour les MFG discrets,
qui contient le schéma de différences finies pour les MFG du second ordre étudié dans cette these.
Dans la section nous décrivons deux problemes potentiels associés aux MFG lagrangiens.
IIs s’inscrivent dans une classe générale de problemes d’optimisation que nous appelons problemes
d’optimisation & champ moyen (MFO). Nous donnons une formulation précise des problemes MFO
et décrivons les conditions d’optimalité associées.

2.1.1 Optimisation convexe et algorithme FW

Nous commencons par introduire une classe générale de problemes d’optimisation convexes et
explorons leur relation avec leur probleme dual. Cela nous fournit un cadre théorique pour
I’application de divers algorithmes primaux et primaux-duaux. Ensuite, nous nous concentrons
sur I'algorithme de Frank-Wolfe et ses variantes et présentons des résultats de convergence.

Optimisation convexe sous contrainte et la dualité. Soit H un espace de Hilbert réel et
soit f: H — R une fonction convexe et semi-continue inférieure (s.c.i.). Considérons le probleme

d’optimisation général suivant :

:r];rellfC f(z), (2.1.1)

ou K est un sous-ensemble non vide, borné, fermé et convexe de H. L’existence d’une solution
au probleme (2.1.1)) découle de [Brélll, Cor. 3.23]. Il est commode de considérer la formulation

équivalente suivante de (2.1.1) :

Inf f(2) + xic(2), (2.1.2)

4Le chapitre @] est un travail en collaboration avec L. Pfeiffer.
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ou xx désigne la fonction indicatrice de K, égale & 0 pour z € K et égale a +oo pour = ¢ K. Le
probleme dual de (2.1.2)) se lit [BC11, Def. 15.19] :

ilel?[-)[ (= )+ ;g}%()\,aﬁ), (2.1.3)
ou f* est la conjuguée de Fenchel de f. Puisque f et xx sont convexes et s.c.i., le domaine de f
est H, et K est non vide, on déduit du théoreme de Fenchel-Rockafellar [Roc97|[BC11, Thm. 15.23]
que le probleme dual a une solution et que la dualité forte est satisfaite pour le probleme
, c’est-a-dire,

val = val.

Définissons le Lagrangien associé a ([2.1.1)),
L:KxH—=R, (2,\) = —=f"(\)+ (A ).

Nous avons obtenu l’existence de solutions pour le probleme primal (2.1.1) et le probleme dual
(2.1.3). De plus, étant donné (z*, \*) € I x H, les deux assertions suivantes sont équivalentes :

1. Le point z* est une solution de (2.1.1)) et le point \* est une solution de (2.1.3)).
2. Le point (z*, \*) est un point selle du lagrangien £, c’est-a-dire,

inf L(xz,\") = L(z*, \*) =sup L(z",\). (2.1.4)
zeK AEH
Cette équivalence nous offre deux perspectives générales pour résoudre (2.1.1) : (1) on peut se
concentrer sur le probleme primal et calculer une suite de candidats réalisables, en laissant la
fonction de cout décroitre et converger vers la valeur optimale ; (2) on peut trouver un point
selle (z*, \*) du lagrangien £, en alternant les phases de minimisation et de maximisation pour les
variables primales et duales.

Dans le domaine de 'optimisation numérique, de nombreux algorithmes ont été développés
pour résoudre le probleme . Parmi ceux-ci, les algorithmes du premier ordre ont gagné en
popularité grace a leurs garanties de convergence et a la facilité de leur mise en ceuvre.

Du point de vue primal, le probleme peut étre résolu a l'aide de l'algorithme FW
[EW56] (également connu sous le nom d’algorithme du gradient conditionnel [DHT78]). Certains
algorithmes reposant sur une décomposition “forward-backward” peuvent également étre utilisés,
tels que l'algorithme du gradient projeté [CWO05] et sa variante accélérée connue sous le nom de
“FISTA” [BT09], la descente miroir [BT03| et sa version accélérée [KBBI5].

Du point de vue primal-dual (ou de type “Arrow-Hurwicz”), nous pouvons utiliser 1’algorithme
(inexact) d’Uzawa [EG94] pour résoudre le probleme de point selle (2.1.4). Récemment, I’algorithme
de Chambolle-Pock et sa variante accélérée ont été étudiés dans [CP11, [CP16] pour résoudre (2.1.4).

Le succes des algorithmes du premier ordre mentionnés ci-dessus repose sur l'efficacité de certains
“oracles”. Par exemple, dans le cas de 'algorithme FW, on suppose qu’une version linéarisée de
(définie dans ) est résolvable. En ce qui concerne les algorithmes primaux-duaux,
la connaissance de l'opérateur prox de f et la capacité a effectuer des projections sur X sont
nécessaires.
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L’algorithme de Frank-Wolfe. L’algorithme FW a été introduit dans [FW56] pour résoudre les
problémes de programmation quadratique. Des recherches ultérieures dans [DH78] ont démontré
que l'algorithme convergeait dans un cadre plus général. Certaines variantes de 'algorithme FW
sont présentées dans [JagI3| [LIJI5]. L’algorithme FW, appliqué au probleme (2.1.1]), est décrit
dans l'algorithme . Il nécessite I’hypothese suivante :

e La fonction f est continiment différentiable et son gradient V f est continu Lipschitz.

Algorithm 2.1: Frank-Wolfe
Initialisation : 20 € K;
for k=0,1,2,... do

Trouver une solution z

k au sous-probleme

inf k), x); 2.1.
inf (Vf(z"), ); (2.1.5)
Choisir wy € [0, 1];
Fixer zF+1 = (1 — wy)2® + wp@*;
end

Mentionnons que le sous-probleme ([2.1.5)) de l’algorithme est équivalent & la minimisation du
développement de Taylor au premier ordre de f au point ¥, c’est-a-dire,

inf f@")+ (VF@"),z - a).

Mentionnons également que la résolution du sous-probleme est équivalente a I’évaluation du critere
dual (dans ([2:1.3)), pour A = Vf(z*). L’évaluation de f*(\) est directe, puisque par 'inégalité de
Fenchel-Young, on a f*(\) = (), z%) — f(a").

Un choix couramment utilisé pour le taux d’apprentissage wy, dans l’algorithme [2.1|est 2/(k+2),
comme suggéré dans [DHTS8, [Jagl3]. Une autre approche pour déterminer wy, connue sous le nom
de méthode de recherche linéaire, consiste a résoudre le probleme d’optimisation unidimensionnel
suivant :

wy, € argmin f(zF 4+ w(z* — 2*)),
we(0,1]
ou Z* est la solution du sous-probléme . Par ailleurs, si nous connaissons la constante de
Lipschitz L de V f, nous pouvons utiliser ’approche de programmation quadratique unidimension-
nelle suivante pour déterminer wy, dans laquelle la fonction de colit est un majorant quadratique
de f(zF + w(zk — %)) :

L =k k|2
wy, € argmin f(zF) + (Vf(2F), 7% — 2M)w + sz

2.1.6
w€[0,1] 2 ( )

11 a été prouvé (voir [DHTSE|,[Jagl3]) que pour tous les choix de wy mentionnés ci-dessus, ’algorithme
2.1| présente un taux de convergence sous-linéaire. Cela signifie qu’il existe une constante C,
indépendante de k, telle que pour tout k > 1,

J(a*) - val@LI) < % (2.1.7)
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Remark 2.1.1. L’intérét de l'algorithme FW repose sur la résolution (rapide) du sous-probléme
a chaque itération. Considérons le cas ot K est un polyedre convexe dans R%. Le sous-
probleme correspond alors a un probléeme de programmation linéaire, qui peut étre résolu
efficacement a 'aide de 'algorithme du simplexe [Dan63]. Notons que ’algorithme du simplexe
renvoie un sommet de K en tant que solution [Dan63]. Cela nous donne l'intuition que lorsque
I'on applique ’algorithme FW a un probleme impliquant des mesures de probabilité, les solutions
des sous-problemes sont des mesures de Dirac (qui peuvent étre considérées comme des points
extrémaux de 1’ensemble de mesures de probabilité).

L’algorithme FW généralisé. Dans certains cas, la fonction f est décomposée en une somme
de deux fonctions convexes, dont I'une est différentiable et ’autre peut étre non lisse, par exemple
dans la régression de “Lasso” [Tib96]. Plus précisément, nous remplagons notre hypothese initiale
sur f par la suivante :

e La fonction f s’écrit sous la forme f = f1 + fo, ou fi est convexe et s.c.i., fo est convexe,
contintiment différentiable et son gradient V fy est Lipschitz continu.

Si f1 n’est pas différentiable, le sous-probléeme n’est pas bien défini. Pour surmonter cette
limitation, Bredies et al. [BLMO09] ont proposé 'algorithme de Frank-Wolfe généralisé (GFW),
décrit dans 'algorithme [2.2] 11 est également appelé algorithme du gradient conditionnel généralisé.
Dans leurs travaux, ils ont établi un lien entre I’algorithme GFW et I’algorithme “ISTA” [DDDMO04],
qui est largement utilisé pour résoudre les problémes inverses. Par rapport a ’algorithme
I'algorithme introduit une modification : est remplacé par un nouveau sous-probleme,
qui résulte d'une linéarisation partielle de f, notée fii, , et définie comme suit : pour tout y € K,

fing: K = R, = fi(z) + (Vfa(y), z). (2.1.8)

Algorithm 2.2: Frank-Wolfe généralisé
... comme algorithme mais en remplagant (2.1.5) par

tHEl/fC flin,zk (:E)’ (219)

Comme dans 'algorithme FW original, si nous choisissons le taux d’apprentissage wy, = 2/(k+2),
I’algorithme présente un taux de convergence sous-linéaire, comme le montre . Dans une
étude récente [KW22], plusieurs résultats de convergence ont été établis pour I’algorithme GFW,
sous diverses hypotheses. En particulier, un meilleur taux de convergence peut étre obtenu lorsque
f1 est supposé étre fortement convexe. Dans ce cas, le taux d’apprentissage w; est déterminé par
la résolution d’un probléeme de programmation quadratique similaire a ,

L|jz* — =" ,

wg € argmin —frw + w, (2.1.10)
wel0,1] 2
ot ¥ est une solution de (2.1.9), L’ est la constante de Lipschitz de V fa, et
/Bk = flin,x’C (mk) - flin,x’“ ('fk)v (2111)
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qui est positif par la définition de ZF. En suivant la terminologie de [LJ16], nous appelons f3; “saut
de Frank-Wolfe” au point z¥. On peut déduire de la convexité de f que z* est une solution du
probleme primal si et seulement si S = 0. Sous la regle , I’algorithme présente un
taux de convergence linéaire. En d’autres termes, il existe des constantes positives C' et § € (0, 1)

telles que pour tout k > 1,

f(a®) = val@11) < O6". (2.1.12)

2.1.2 MFG du second ordre

Comme nous ’avons mentionné au début de ce chapitre, les MFG du second ordre décrivent le
comportement asymptotique des équilibres de Nash dans les jeux différentiels stochastiques a N
joueurs, lorsque le nombre de joueurs NV tend vers l'infini. Dans cette section, nous commencons
par considérer un jeu différentiel spécifique a N joueurs. Nous introduisons ensuite le MFG associé
a ce jeu a N joueurs, qui prend la forme d’un systéme d’équations aux dérivées partielles (EDP)
forward-backward. Ensuite, nous discutons le cas des MFG potentiels, pour lesquels le systeme
d’EDP mentionné ci-dessus peut étre interprété comme la condition d’optimalité du premier ordre
associée a un probleme de contréle optimal de I’équation de Fokker-Planck.

Un jeu différentiel & N joueurs. Nous introduisons un jeu différentiel & N joueurs avec un
horizon temporel fixe T > 0. La notation T¢ représente le tore de dimension d, P(T¢) désigne
I’ensemble des distributions de probabilité sur T¢, et P(T, T¢) désigne I’ensemble des flux de distri-
butions sur T¢, c’est-a-dire {m | m; € P(T%),0 <t < T}. On pose Q = [0,T] x T¢. La dynamique
de chaque joueur i est régie par 1’équation différentielle stochastique (EDS) suivante :

dat = vldt +V20dW/, pour 0 <t <T, xh ~ms. (2.1.13)

Ici, ¢ > 0, m§ € P(T?) représente une distribution initiale fixe, et (W) sont des mouvements
browniens indépendants. La variable (vf)te[o’T] est un processus stochastique, adapté a la filtration
générée par tous les mouvements browniens et les conditions initiales des agents.

Chaque joueur i a une fonction de coiit f* définie comme suit :

T
i, m™) =E U (2t vf) + o>t 2t mpdE + go(ah) | (2.1.14)
t=0

Ici, ¢¢: Q x R? — R représente le cout intégral, ¢¢: T — R désigne le colit terminal, et f¢: Q x
P(T?) — R est une fonction de couplage. En outre, m~* € P(T,T?) est le flux de distributions
empiriques m; i = ﬁ Zj i 53:{‘

En général, le traitement du systeme de jeu & N joueurs — devient difficile a
mesure que le nombre de joueurs N augmente. Cependant, nous pouvons faire les deux observations

suivantes sur le systeme (2.1.13))-(2.1.14)) :

e Au fur et & mesure que N augmente, la contribution de chaque joueur individuel devient

négligeable par rapport a la distribution globale m .

* alors tous

e Si nous fixons la deuxieme variable de f?, c’est-a-dire la distribution empirique m™
les joueurs ont une stratégie commune de meilleure réponse, qui est la solution de (2.1.16))

comme indiqué plus loin.
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Ces observations conduisent au MFG décrit dans le paragraphe suivant, qui tient compte du com-
portement de I’ensemble de la population plutot que de se concentrer sur chaque joueur individuel.

MFG du second ordre. Dans le MFG associé au jeu a N joueurs (2.1.13])-(2.1.14]), nous fixons
la seconde variable de f* pour chaque i par un flux commun dans P(T, ']I‘d). L’équilibre de Nash de
ce MFG est un couple (v*, m*) satisfaisant le systéme de point fixe suivant :

{”* € BRA(m"), (2.1.15)

m* = Law(z"").

Ici, BRC est la fonction de meilleure réponse qui renvoie la solution du probleme de controle optimal
individuel suivant, dans lequel m* est considéré comme un parametre :

inf, E [ Ly €9(t, @1, v0) + fo(t, e, mi)dt + g°(ar)|

(2.1.16)
t.q. dzy = vdt + V20dWy,  pour 0 <t < T, To ~ M.

De plus, Law(zV") représente le flux de mesures de probabilité Law(xf*)te[oﬂ, ou z¥" satisfait
I’EDS suivante :

dzy” = vjdt +vV20dW;, pour 0 <t <T, z8 ~m§. (2.1.17)

L’équation de Hamilton-Jacobi-Bellman. Une technique fréquemment utilisée pour traiter le
probleme de contréle optimal stochastique (2.1.16) repose sur I’équation de Hamilton-Jacobi-
Bellman (HJB) [FR75, BCDI7]. Pour analyser (2.1.16), nous introduisons la fonction de valeur
u*: Q — R, définie comme suit :
inf, E [fTT:t Otz v) + fO(E, g, mi)dt + g%(x)|

ut(t,z) =
t.q. do; = v.d7 +V20dW,, pourt<r7<T, Ty = T.

Sous des hypotheses appropriées, u* est la solution de viscosité [FR75] de 1’équation HIJB suivante:

{_atu —olAu+ He (t, 2, Vu(t,z)) = f(t,z,mf), V(t,z)€Q, (2.1.18)

u (T, ) = g°(x), vz € T
ou le hamiltonien H€ est 1ié a la conjuguée de Fenchel de ¢ :

H¢(t,x,p) = sup (—p,v) — (L, z,v).
vERC

Contréle optimal. Dans le cas ou H€ est différentiable par rapport a sa troisieme variable, nous
pouvons établir la formule fermée suivante pour le controle optimal de (2.1.16)):
vi(t,x) = —Hy(t, =, Vu*(t,z)), V(t,x) € Q. (2.1.19)
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Il convient de noter qu’ici, le controle optimal est exprimé sous forme de feedback, c’est-a-dire
comme une fonction du temps et de I’état (et non comme un processus stochastique). Lorsque le
feedback optimal est utilisé, ’état est la solution de ’équation en boucle fermée :

dz} = vy (t,z} )dt + V20dW,;, pour 0 <t <T, zy ~mg. (2.1.20)

A partir de maintenant, nous ne considérons que les controles optimaux décrits sous la forme de
feedbacks.

L’équation de Fokker-Planck. Supposons que v* soit Lipschitz. Nous référons a [CarlQ] ou il
est montré que m* (le flux de la distribution de la solution de (2.1.20))) est une solution faible de
I’équation de Fokker-Planck (FP) suivante :

{&:m —oAm +div(v*m) =0 Y(t,z) € Q, (2.1.21)

m(0,z) = m§(z), Vo € T

Le systéeme MFG. Combinons les équations ([2.1.18])-(2.1.21]). Le probléme de point fixe ([2.1.15])

est équivalent au systeme d’EDP couplé suivant, comprenant une équation HJB backward et une
équation FP forward :

(i) —Ow—ocAu+ H(t,x,Vu(t,x)) = f(t,xz,m(t)) (t,x)e€ Q,

(i) w(t,x) = —H, (t,x, Vu(t,z)) (t,z) € Q,

(iii)  Oym — ocAm + div(vm) =0 (t,z) € Q, (MEG)
(iv) m(0,z) =mf(z), (T, z)=g%(x) €T

L’existence de solutions classiques a peut étre établie sous des hypotheses de régularité
appropriées, en s’appuyant sur des estimations de Hoélder pour les équations paraboliques et sur
des arguments de point fixe, voir [LL07, [Carl0, BHP21, [Kob22] par exemple. L’existence d’une
solution faible pour une variante de avec des coefficients possiblement dégénérés et un
couplage local est prouvée dans [CGPT15] par une méthode de dualité.

Pour garantir I'unicité de la solution de , une hypothese largement adoptée est la mono-
tonie au sens de Lasry-Lions [LL07|] pour le cout de couplage f¢ : pour tout ¢ € [0,T] et pour tout
my et mg € P(T9),

/w (fc(t,x, my) — fO(t, x, mz)) (m1(z) — ma(z))dz > 0. (2.1.22)

MFG potentiels. Comme introduit dans [LLO7] et étudié dans [CGPT15, BCS17, BHP21], le
systeme (MFG)) est dit potentiel (ou variationnel) s’il existe une fonction F¢: [0,7] x P(T?) — R
telle que pour tout ¢ € [0, 1] et mq,my € P(T9),

1
Fe(t,my) — F°(t,mgq) = /0 /er fe(t, z,my + s(ma —my))(ma(x) — mi(x))dxds. (2.1.23)
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En présence d’'un tel F°, le systéme (MFG]) peut étre interprété comme la condition d’optimalité
du premier ordre d’un probleme de contrdle optimal de I’équation FP,

T
inf /Qﬁc(t,x,v)m(t, x)dtda:+/0 Fc(t,m(t))dt—l—/ngc(:c)m(T,a:)d:z:,

(m,v)
(2.1.24)

{ om —oAm + div(vm) =0, VY(t,z) € Q,
tel que

m(0,z) = m§(z), Vr € T¢.

Sous la condition de monotonie , F¢ est convexe par rapport a sa deuxieme variable. Cepen-
dant, le probleme lui-méme reste non convexe en raison du manque de convexité du terme
(¢(v)m et de la non-convexité de ’ensemble admissible. Cependant, en employant la transforma-
tion de Benamou-Brenier, qui remplace (m,v) par (m,w) = (m, mv) (voir [BCS17] pour plus de
détails), le probleme peut étre transformé en un probleme convexe équivalent, donné par :

~ T
inf /Q€ [m,w](t,a:)dtd:c—i—/o F (t,m(t))dt—i—/wg (x)m(T, x)dx,

(m,w)
(2.1.25)
om —oAm +div(w) =0, V(t,x) € Q,
tel que
m(0,z) = m§(x), Vr € T¢,
ot la fonction £¢ [m,w]: @ — R est la fonction perspective de £¢ et est définie par
) /e (t, x, ;“liiﬁ)))m(t,:n), si m(t,z) # 0,
EC[TI’L w] (t, I) = 0’ si m(t 1;) — w(t7 :Ij) — 07 (2126)

+00, sinon.

Si le systeme a une solution classique, alors nous pouvons restreindre le probleme a
I'espace de Hilbert L2(Q) x L2(Q, R?). Dans ce scénario, le probleme (2.1.25)) s’inscrit dans un cadre
similaire au probléme d’optimisation abstrait . Nous nous référons a [LLO7, [CGPT15, BCS17]
pour le probleme dual de , qui est un probleme de controle optimal de 1’équation HJB.
Des méthodes numériques exploitant la convexité de peuvent étre appliquées pour trou-
ver une solution de , telles que la méthode de “fictitious play” [CHI17, [HS19] et I’algorithme
GFW [LP22] du point de vue primal, l'algorithme ADMM (Alternating direction method of mul-
tipliers) [BC15, [And17] et ’algorithme de Chambolle-Pock [AL20] du point de vue primal-dual.

2.1.3 MFG discrets

Nous décrivons dans cette section une classe de MFG entierement discrets (discrets en temps et en
espace), avec une structure potentielle. Cette classe est inspirée de [BLP23b] et de la référence plus
ancienne [GMSI0] sur les modeles MFG discrets. La principale motivation de notre MFG discret
est de fournir un cadre abstrait pour I’analyse et la résolution de la méthode des différences finies
développée au chapitre

Données du modele de MFG discret. Etant donné un ensemble fini A, nous désignons par
R(A) (resp. R%(A)) I'ensemble des fonctions de A vers R (resp. RY). En fixant 7' € N et un
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sous-ensemble fini S de R, définissons :
T={0,1,...,7-1}, T={0,1,....T}, P(T,S)= {m eR(T xS) | VteT, mt,) e P(S)}.

Comme dans le cas continu, pour la description de notre modele MFG discret, nous avons besoin
d’un cotit intégral ¢, d’un cout de couplage f, d’une condition initiale mg, et d’un cott terminal g,

N

ol
0:TxSxRESRU{oc}, f:TxSxR(S)—=R, mgeP(S), geR(S).
Pour un m donné dans 73(7—, S), nous dénotons par £, I'application définie par
b (L, w) €T x S U(t,x,w) + f(t,z,m(t)),

ou m(t) = (m(t,z))ges. Pour formuler le systeme MFG discret, nous avons également besoin
d’'une borne sur le contréle D > 0. L’espace de controles admissibles, désigné par ]RdD(T x S),
est I’ensemble de tous les éléments v dans RY(T x S) tels que ||v(t,z)|| < D pour tout (¢,z). La
probabilité du mouvement d’un état = € S vers un autre état y € S a un instant ¢ € 7 sous un
certain controle v € R% (T x S) est donnée par

wvl(t, z,y) = w(t, z,y,v(t, x)),

ol 7 est une fonction de 7 x S x S x R% & R. Nous supposerons que 7 est une fonction affine par
rapport a la derniere variable (la variable de controle).

Par rapport au probleme du point fixe pour les MFG continus, I’'équilibre de Nash de
notre MFG discret est un couple (v,m) satisfaisant

{@ € BRY(m),

= (Law( (2.1.27)

))t€7~"

Ici, BR? est l'application de meilleure réponse correspondant & un probléme de controle optimal
stochastique. Par souci de concision, nous considérons directement les commandes sous forme de
feedback, c’est-a-dire sous forme de fonctions déterministes du temps et de I’espace. Ainsi, BRd(m)

est la solution de -

Z U (, XY, 0(t, XP)) AL + g(X3) | (2.1.28)
=0

ot (X}'),c7 désigne une chaine de Markov satisfaisant aux conditions suivantes

inf
vERL (T %XS)

IP’[X;’H =y | X! = x] = nv](t,z,y), pourte T, Xj~ myg.

Formulation des MFG discrets. De maniére similaire au cas continu, le probleme de point
fixe discret est équivalent a un systeme couplé, impliquant les variables u € R(7~' x S),
v eRYT x S), et m € P(T,S) :

(i) uw=HIB(m),

(i) v=V(u), (DMFG)

(iii) m = FP(v),
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ou les applications de Hamilton-Jacobi-Bellman HJB, de commande optimale V, et de Fokker-
Planck FP sont définies comme suit :

e Etant donné m € P(T,5), u = HIB(m) € R(T x S) est la solution de

u(t,z) = inf  p,(t, x,w)At + ZyES w(t,x,y,wu(t+ 1,y), V(t,z)eT xS,
loll<D (2.1.29)
u(T,z) = g(x), Vo e S.

e Etant donné u € R(T x S), v = V(u) € RHT x S) est défini par

v(t,x) = argmin (¢, x,w)At + Zw(t,x,y,w)u(t +1,y), V(t,z)eT xS. (2.1.30)
lwl<D pert

e Etant donné v € RYT x ), m = FP(v) € R(T x S) est défini comme la solution de

m(t+1,y) = cgm(t,z,y,v(t,x))m(t,x), V(t,y) €T xS,
(2.1.31)
m(0,z) = mo(x), Ve € S.

L’existence de solutions a (DMFGJ) peut étre démontrée en appliquant le théoréeme du point fixe
de Brouwer a ’application FP o V o HIB. L’unicité de la solution de (DMFG]) repose sur une
version discréte de la condition de monotonie Lasry-Lions (2.1.22)) : pour tout my et ms € P(S),

D (s x,ma) = f(t,x,my)) (ma(z) — ma(x)) > 0. (2.1.32)

€S

MFG potentiels discrets. De maniere similaire au systeme potentiel dans le cas continu ([2.1.23]),
nous appelons (DMFG]|) un jeu potentiel s’il existe F': T x S — R tel que pour tout t € T et pour
tout my et mo dans P(S), cela satisfait :

1
F(t,my) — F(t,m2) = /0 Z f(t,z,my + s(ma —my))(ma(x) —mi(x))ds. (2.1.33)
z€S

Cette formulation nous permet de considérer un probleme de commande optimale en temps discret
et a états finis associé a (DMFG|), similaire a (2.1.24]) dans le contexte continu. En appliquant

la transformation de Benamou-Brenier a ce probleme de commande optimale, nous obtenons le
probleme convexe équivalent suivant (similaire & (2.1.25)) dans le contexte continu) :

inf  J(m,w), tel que (m,w) € A. (2.1.34)
meP(T,S)
weR (T xS)

ol la fonction de cofit J et I'ensemble A sont définis comme suit :

J(m,w) = At S " lm,w(t, ) + Aty F(t,m(t) + Y gl@)m(T,z);

teT xz€S teT €S

A= {(m,w) e P(T,S) x RYT x S) |3ve RE(T x S) tel que m = FP(v), w = mv}.
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Ici, £ est la fonction perspective de £, comme défini dans (2.1.26)). L’équivalence entre (DMFG) et
(2.1.34)) est discutée dans le paragraphe suivant.

Un probléme partiellement linéarisé. Notant que comme le cott de couplage f correspond a la
dérivée directionnelle de F', on peut facilement exprimer la linéarisation du terme ZteT F(t,m(t))
dans la fonction objectif J. En exploitant la convexité du probleme ainsi que cette
linéarisation, nous sommes motivés a utiliser 1’algorithme GFW 2.2} - pour resoudre . Dans
ce contexte, nous consaderons la linéarisation partielle suivante de J en tout p01nt m' € 'P(T S)

(qui est similaire & (2.1.8)) : pour tout (m,w) € P(T,S) x RYT x 9),

T (m AtZZﬁmw (t,z) + f(t,z,m (t))m(t, x) —|—Zg

teT z€S €S

Le probleme de controle optimal associé s’écrit comme suit :

inf  Jp(m,w). (2.1.35)
(mw)eA
Le probleme joue le role du probleme partiellement linéarisé de I’algorithme
et sera résolu a chaque itération. Remarquons que dans , la troisieme variable dans f est
fixée & m’. Une observation importante est que le probléme est équivalent au probleme
de controle optimal stochastique . Par conséquent, peut étre résolu a l'aide du
principe de programmation dynamique. Plus précisément, la solution de est donnée par
Iapplication BR: P(T,S) — A définie comme suit : Etant donné m’ € P(T,S), nous obtenons
(m,w) = BR(m') en calculant successivement

5 =VoHIB(m'), m=FP®®), et w=nmi. (2.1.36)

Nous appelons BR D’application de meilleure réponse : étant donné une prédiction m’ de la distri-
bution d’équilibre des agents, ¢ (comme défini ci-dessus) est le feedback optimal pour le probléeme
de contréle optimal sous-jacent et m est la distribution résultante.

Si de plus nous supposons que le cott intégral £ est a-convexe par rapport a sa troisieme variable,
alors pour tout (m,w) € Aet pour tout v tel que w = mwv, on a

Ty (M, ) — Ty (772, D) > %Atz > llw = 0)t, 2)|Pm(t, z), (2.1.37)

teT xS

pour m/, m, ¥, et w définit comme précédemment. Comparé i , le terme J,, (m,w) —
T (m,w) joue le rdle du saut de Frank-Wolfe au point m’ dans Palgorithme GFW appliqué a
E1.39).

Nous notons que 'inégalité est valable non seulement dans le cas potentiel, mais aussi
dans le cas non potentiel (lorsque F' est absent mais que I’hypothese de monotonie de f est toujours
vérifiée). Une inégalité similaire, de méme nature, a été étudiée pour le cas continu dans [[LP22]
Lem. 29]. En combinant avec la condition de monotonie discrete , nous pouvons
établir I'unicité des solutions pour & la fois (DMFQ)) et (2.1.34)), ainsi que leur équivalence, comme
conséquence du lemme [6.2.9| :
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1. Le systeme (DMFG]) a une solution unique (@, v, m).
2. Le point (m,w) est la solution unique de (2.1.34)), ot w = mu.

L’inégalité joue également un role crucial dans la preuve de 'inégalité fondamentale
énoncée ci-dessous, qui constitue une partie essentielle de I’analyse de stabilité du schéma de
différences finies présenté dans la section m De plus, est essentielle dans 1’analyse
de convergence de I'algorithme GFW discutée dans la section [2.2.4

L’inégalité fondamentale. L’inégalité fondamentale, établie pour , nous permet de
quantifier la variation de la variable de controle v lorsque le systéeme est soumis a des
perturbations. Considérons une version perturbée de avec des termes supplémentaires
(n,8) € R%(T x S) dans le membre de droite :

(i) w=HJIB(m;n),

(i) v =V(u), (PDMFG)

(iii) m =FP(v;9),
ou HIB(m;n) est défini en ajoutant n(¢,x) & droite de la premiere ligne de (2.1.29)) pour chaque
(t,z) € T x S. De méme, FP(v;0) est défini en incorporant ¢ dans (2.1.31) en suivant la méme
approche.

Soient (u,v,m) et (u,v,m) les solutions de (PDMFG]) et (DMFG]), respectivement. Supposons
que m > 0 et que £ est a-convexe par rapport a sa troisieme variable. Nous pouvons maintenant

énoncer notre inégalité fondamentale (voir la proposition m pour un énoncé rigoureux) :

% S lw=v)P(m+m)t,z) <Y > (u—u)(t+1,2)d(tz) + (M —m)n(t,z). (2.1.38)

teT z€S teT z€S

Cette inégalité revét une importance cruciale pour I'analyse de stabilité du théta-schéma.

2.1.4 Problemes MFO et MFG Lagrangiens

Dans cette section, nous introduisons une classe de problemes d’optimisation convexe portant sur
des mesures de probabilité, que nous appelons problemes d’optimisation a champ moyen (Mean-
Field Optimization, MFO). Nous définissons d’abord les problemes MFO et fournissons une con-
dition d’optimalité du premier ordre, qui s’avere équivalente aux conditions d’équilibre de Nash
pour une classe assez générale de jeux avec des agents non atomiques. Ensuite, nous donnons deux
exemples de MFG Lagrangiens potentiels qui s’inscrivent dans cette classe.

Problemes MFO. Les problemes d’optimisation sur des mesures de probabilité ont montré un
grand potentiel pour comprendre et analyser divers aspects des réseaux neuronaux (RN). Une
contribution notable & cet égard est faite dans [MMNI8], ou les auteurs utilisent une approximation
de type champ moyen pour étudier le comportement asymptotique d’'un RN & une seule couche
cachée a mesure que le nombre de neurones tend vers l'infini. En revanche, Particle [CBI8] se
concentre sur la recherche de minima globaux d’une fonction convexe d’une mesure, par le biais
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de sa limite “mean field”. Les auteurs explorent le comportement d’un algorithme de descente de
gradient de particules non convexe et établissent ses propriétés de convergence.

Motivés par les articles précédemment mentionnés, nous introduisons une classe générale de
problemes d’optimisation que nous appelons problemes d’optimisation & champ moyen (MFO).
Nous considérons deux espaces polonais, notés X et Y (qui sont des espaces métriques complets
et séparables), et un sous-ensemble fermé Z de X x Y. Soit m une mesure de probabilité sur X
et soit g une fonction mesurable de Borel définie sur Z et a valeurs dans H. Notre objectif est de

résoudre le probleme suivant, paramétré par m :

ueg}f(Z) f < /Z gdu>, (Pm)

ou l'intégrale fZ gdp doit étre interprétée au sens de Bochner [Cohl3, Annexe E|. L’ensemble
admissible P,,(Z) est 'ensemble de toutes les mesures de probabilité sur Z dont la distribution
marginale sur X est m. Nous supposons que f est convexe et différentiable, que V f est L-Lipschitz,
et que g est borné et continu sur Z. Nous appelons le probleme un probleme MFO, utilisant
la terminologie introduite dans [CCRW23|. Le probleme peut étre considéré comme un
probleme d’optimisation du bien-étre social en tenant compte d’agents non atomiques (le cas des
agents atomiques est exploré dans [Wanl7, BLO"22]). Dans le probleme , les positions des
agents sont distribuées selon une mesure m, et l’ensemble Z représente l’ensemble des couples
admissibles de positions et de stratégies des agents. La fonction g(z,y) décrit la contribution faite
par un agent situé a la position x et suivant la stratégie y & un bien commun. La fonction objectif
f dans joue un role similaire a celui de (]ED, représentant un cout social évalué en le terme
agrégatif [, gdpu.

Remark 2.1.2. Le probleme peut étre reformulé comme un probléme d’optimisation convexe

de la forme (2.1.1)) en fixant K = G, == { [, gdp, |, u € Prn(Z)} dans (2.1.1).

Nous introduisons ensuite une version linéarisée de (P,,)) autour d’une mesure donnée ji. Ce
probleme intervient dans I'application de I'algorithme de Frank-Wolfe. Il est donnée par :

uegnf(z) /Z</\,g(w,y)>du(m,y) (2.1.39)

ouA=V/f ( i) 7 gd/l). Les solutions de ce probleme peuvent étre caractérisées par l'intermédiaire de
la fonction de meilleure réponse BR,, une fonction a valeurs dans I’ensemble des sous-ensembles
de Y, définie comme suit :

BR,)(z) = argmin (), g(x,v)),

ou Z, est 'ensemble des y € Y tels que (z,y) € Z. Alors, tout p € Pp,(Z) est une solution de

(12.1.39) si et seulement si :

supp(pz) € BRy(x), pour m-p.p. z € X. (2.1.40)

Ici, (pz)zex désigne la désintégration de i (voir le théoreme|4.2.7)) et supp(u,) désigne le support de
1. Cette équivalence justifie I'utilisation de I'algorithme FW : le probleme linéarisé, initialement
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posé sur P,,(Z), peut étre résolu par I’évaluation de BRy, c’est-a-dire par la résolution de problémes
plus simples posés sur Z.

Nous discutons ensuite de la condition d’optimalité du premier ordre associée au probleme .
Etant donné ji € P,,(Z), nous avons que fi est une solution de si et seulement si i est la
solution du probleme linéarisé autour de p lui-méme. Une condition d’optimalité du premier ordre
similaire pour les MFG lagrangiens peut étre trouvée dans [CHI7, Eq. 3.13]. En conséquence, le
probleme MFO est équivalent au probleme d’équilibre suivant, consistant a trouver un couple
(u, A\) satisfaisant :

{ supp(uz) € BRy(x), m-p.p. (2.1.41)

A=Vf([z9dp).

Ce systeme couplé peut étre interprété comme les conditions de Nash pour un jeu avec des agents
non atomiques : un agent en position x doit minimiser (\, g(x,-)) et A est une variable de couplage,
commune a tous les agents, qui résulte de leur comportement collectif . Plusieurs jeux rentrent
dans ce cadre, en particulier, les jeux de congestion agrégatifs [LOW22] et les jeux potentiels
non atomiques [CL18b]. Dans le paragraphe suivant, nous donnons deux exemples de problémes
potentiels associés aux MFG lagrangiens.

MFG lagrangiens. Les MFG lagrangiens ont été étudiés en profondeur dans [BCS17, [SS21),
CC18, [Sar22, MS19, [CMS16]. Dans le contexte des MFG décrits par un systeme couplé d’'EDP,
nous adoptons un point de vue Eulérien, qui considere 1’évolution de la distribution des joueurs
dans le temps. En revanche, le cadre lagrangien se concentre sur la distribution des trajectoires des
joueurs (qui ne sont pas soumises a des perturbations browniennes).

Donnons un premier exemple de MFG lagrangien, adapté de [Sar22]. Fixons un domaine Q C R?.
Soit AC([0, 7], R?) I’ensemble des fonctions absolument continues de [0, 7] dans RY. Pour tout
x € (), nous notons

[:={y e AC([0,T],RY) | ~(t) € Q, ¥t € [0,T]}, I, ={yel | y(0) =z}

Soit Z = {(x,7) | v € Q, v €I';}. Soit m € P(N) la distribution initiale des états des joueurs.
Définissons I’ensemble admissible des distributions de trajectoires :

Pn(Z) = {p € P(2) | m#p=m},

oum: Z — Q,(x,y) — x. Définissons e;: I' = Q,v — ~(t) et ma: Z — T, (x,7) — ~. Considérons
le probleme d’optimisation suivant :
T

T
Lt /0 /Z (7 (), 4(8)dtdp(2) + /tZOF%t,et#m#u)dH /Z FOD)dp(z),  (2.1.42)

ou /¢ et g° sont définies comme dans la sectionet F¢ satisfait I’équation . La condition
de monotonie sur f¢ implique que la fonction F¢ est convexe, comme dans le cas du second ordre.
Il est facile de reformuler en tant que cas particulier d’un probleme MFO. De plus, en
utilisant la condition d’optimalité , nous pouvons obtenir une formulation équivalente de
en tant que MFG lagrangien. Cet exemple est discuté plus en détail dans le chapitre |4 et
la section 4.1l
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Nous présentons ensuite la formulation potentielle d’une autre classe de MFG lagrangiens, im-
pliquant une variable de prix, extraite de [GHS22]. Pour ces MFG, nous prenons

Z = {z = (z,7) € Q x W*°(0, T; R%) |z e, v(0)=a, v(t) €Q, [F®)| < C, pp. t € (O,T)},

oi1 Q C R% et C' > 0 sont fixés. Nous introduisons ensuite une fonction ®: [0, 7] x R? — R et nous
considérons le probleme :

T

| ' | e swmane) + [ o (t, / ﬁ(t)du(2)> dt+ [ FOTNduCe), (2143

ou /¢ et g¢ jouent le méme réle que dans les modeles du second ordre. Encore une fois, ce probléeme
peut étre formulé sous la forme d’un probleme MFO, et la condition d’optimalité associée nous
permet de Uinterpréter comme un MFG lagrangien. Plus précisément, la variable \ (apparaissant
dans ) joue le role d’une variable de prix. Nous donnons plus de détails sur cette classe de
problémes dans la section

2.2 Contributions de la these

Dans cette section, nous fournissons une description détaillée des contributions de la these. La
section porte sur un probléme d’optimisation agrégatif de grande taille, autant du point de
vue théorique qu’algorithmique. La section est dédiée a I’étude du probleme MFO ,
qui généralise le probleme relaxé de la section Dans la section nous explorons une
nouvelle méthode de discrétisation par différences finies, dénommée theta-schéma, pour le systeme
du second ordre . Nous analysons ses propriétés de convergence. Enfin, dans la Section
2.2.4] nous nous concentrons sur une propriété d’“indépendance au maillage” de la convergence de
I’algorithme de Frank-Wolfe généralisé pour le probleme , discrétisé avec . Nous
mentionnons que toutes les constantes C' utilisées dans le reste de ce chapitre sont indépendantes
les unes des autres, sauf mention explicite.

2.2.1 Optimisation non convexe de grande taille : randomisation, estimation
du saut et résolution numérique

Cadre et motivation. Cette section, associée au chapitre[3] est consacrée a analyse théorique et &
la résolution numérique du probleme d’optimisation agrégatif, non-convexe, et de grande dimension,
défini comme suit :

L
Glx)= D gi(z)
;g{ J(z) = f(G(x)), ol : N zzz;

(P)
X = Hfil Xi.

Ici, le nombre N peut étre vu comme le nombre d’agents et on suppose qu’il est grand. La
caractéristique principale de ce probleme est la forme agrégative de la fonction GG, qui est la moyenne
des fonctions de contribution g; des N agents. Chaque fonction de contribution est définie sur un
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ensemble A et est a valeurs dans un espace de Hilbert H. L’agrégat G(x) représente la contribution
collective de tous les agents. Bien que trés peu d’hypotheses structurelles soient faites sur les
ensembles X; et les fonctions g;, nous supposerons que f est convexe, avec un gradient Lipschitz-
continu et que les ensembles d’images g;(X;) sont tous bornés. L’idée centrale du chapitre 2 est que
lorsque N est grand, le probleme peut étre bien approché par un probleme convexe.

Le probleme trouve des applications dans divers domaines, y compris 'optimisation du bien-
étre social [Wan17], la gestion des systémes électriques [SABT23] et les problemes d’allocation des
ressources [BBGT20]. 1l trouve des applications en apprentissage supervisé, comme ’entrainement
des réseaux neuronaux avec une couche cachée [MMNIS] [CB18], les problemes de reconstruction
parcimonieuse [Mal09, MBP14] et le probleme dual des machines & vecteurs de support linéaire
(SVM) [SST09, [FR16].

Organisation. Nous proposons d’abord une nouvelle technique de relaxation basée sur la randomi-
sation, rendant le probleme @ convexe. Ensuite, nous donnons une borne supérieure du saut de
relaxation, qui est de l'ordre de O(1/N). Ensuite, nous montrons que cette estimation du saut peut
étre améliorée en étudiant une relaxation géométrique de . Du point de vue algorithmique, nous
introduisons une méthode appelée méthode de sélection, pour reconstruire une solution approchée
du probléeme primal @ a partir d’une solution approchée du probleme relaxé. Nous déduisons de
cette méthode une méthode générale, que nous appelons algorithme de Frank-Wolfe stochastique
(SFW), pour la résolution de @ Il combine ’algorithme FW avec la méthode de sélection. Nous
fournissons un résultat de convergence pour l'algorithme SFW. Enfin, nous appliquons I’algorithme
SFW pour résoudre un probleme de programmation quadratique mixte et un probleme de controle
optimal en grande dimension.

Relaxation par randomisation et une premiére estimation du saut. Pour tout: =1,..., N,
étant donnée une mesure de probabilité p; sur &;, nous notons E,,, [g;] 'intégrale de g; par rapport
a la distribution p;, ¢’est-a-dire [ X, gidp;. La version relaxée de @ est obtenue en remplacant les
variables x; par les mesures de probabilité p; et en remplagant les fonctions de contribution g;(z;)

par E,,[g;]. Le probleme randomisé résultant s’exprime comme suit :

inf 7(n) = [(E,(G), ot = (PR)
P= IIL P(X).

Le probleme est en effet une relaxation car pour un N-uplet de mesures de Dirac p =
(0zyy---y0zy), nous avons J(u) = J(z1,...,2n5). On peut voir que I'ensemble admissible P est
convexe et que E,[G] est linéaire par rapport a p. Par conséquent, le probleme relaxé est un
probleme d’optimisation convexe. Nous appelons saut de relaxation la quantité :

Val — val.
Il est facile de voir que le saut de relaxation est positif ou nul.
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Theorem 2.2.1 (Proposition et Théoreme [3.2.9)). Soit p = (pi)i=1,....N, 0ot pi € P(X;) pour
tout 1. Soit (Xi)izl,__’N des variables aléatoires indépendantes telles que X; ~ ;. Alors il existe

une constante C > 0 indépendante de N telle que pour tout € > 0,

B - T () < T 2:2.)
62
P(J(X)—j(u)gfr—i—e) >1—exp <_NC> (2.2.2)

Une conséquence du résultat précédent est que le saut de relaxation est de I'ordre de O(1/N).
Ici, nous présentons une courte preuve de (2.2.I). Considérons ¥ = + sz\i 1 9i(X;). Alors, nous
avons E[J(X)] = E[f(Y)] et J(u) = f(E[Y]). En exploitant I'indépendance des X;, nous pouvons
déduire que la variance de Y a un ordre de O(1/N). En utilisant la continuité Lipschitz de V f,
nous obtenons 'inégalité :

F(Y) < £(BIY]) + (VFEY]).Y ~E[Y]) + 2|y~ E[¥]|"

ou L est la constante de Lipschitz de Vf. En prenant I'espérance des deux cotés de 'inégalité,
nous obtenons , car le terme du premier ordre est nul et le terme quadratique correspond a
la variance de Y. La preuve de repose sur 'inégalité de McDiarmid [McD89], une inégalité
de concentration.

Une relaxation géométrique et une meilleure estimation du saut. Il est pratique de réécrire
le probléeme primal sous une forme équivalente :

N
) 1
ylg; fly), telqueye) = N ;y'm (PG)

ou Y; = gi(X;) pour tout i = 1,..., N. En effet, par définition de ), tout y € H appartient a ) si
et seulement si il existe x € X' tel que y = + Zfil gi(x;). Pour un tel z, nous avons f(y) = J(x).
Il est naturel de considérer la relaxation suivante :

inf f(y), tel quey € conv(Y). (PGR)
yeEH

Il n’est pas difficile de vérifier que val = val(PG) et Val = val(PGR)). Ainsi, le saut de
randomisation est égal a val(PG|) — val(PGR)). Soit ¢ la dimension de l'espace d’agrégat H. Nous

avons l’estimation suivante.
Theorem 2.2.2 (Proposition [3.4.9). Il ezxiste une constante C, indépendante de N, telle que

C'min{q, N
val(PC) - val(PCR) < N (2.23)

La preuve de ce saut de relaxation plus précis repose sur une notion de mesure de non-convexité
pour les ensembles, introduite dans [Cas75]. Etant donné un sous-ensemble K de ‘H, nous appelons
mesure de non-convexité de K le nombre p(K) défini par

1/2
p(K) :< sup inf Var(Y)) ,

yeconv(K) E[Y]=y
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ou Y est une variable aléatoire finie & support dans K et Var(Y) est la variance de Y au sens
de [Vil03, Rem. 7.5], c’est-a-dire Var(Y) = E[||Y — E[Y]||?]. A Taide de p, nous pouvons établir
I'inégalité suivante, avec une preuve similaire a celle du théoreme [2.2.1

N 2
L L
val(PG) — val(PGR) < £ p(V)* < o35 p( > yz-> :
=1

Ensuite, nous appliquons [Cas75, Thm. 2], qui est lui-méme déduit du lemme de Shapley-Folkman,
pour obtenir la borne suivante :

N 2
. -

Q|=min{q,N} €@

En combinant les deux inégalités précédentes, nous obtenons ’équation ([2.2.3]).

Algorithme de Frank-Wolfe stochastique. A partir du théoreme nous obtenons la
méthode de sélection suivante pour retrouver une solution approchée de a partir d’une solution

approchée de :

e Méthode de sélection. Etant données des mesures de probabilité u; sur AX;, pour tout
1=1,..., N, nous considérons N variables aléatoires indépendantes X; telles que X; ~ p;.

Les inégalités (2.2.1)) et (2.2.2)) indiquent que Perreur résultant de la méthode de sélection tend vers
0 lorsque N tend vers 'infini, a la fois en espérance et en probabilité. La question restante est de
résoudre le probleéme initial (PR)). Considérons la linéarisation suivante de la fonction objectif J

de en un certain point g € P :

1 N
(I, BIGY = 3 3 (VD). [ o)

En conséquence, minimiser la fonction ci-dessus par rapport a p € P est équivalent a résoudre les
N sous-probléemes suivants, pour ¢ =1,..., N :

uieigfx,-) <Vf(Eu[G]) ; / gidui> : (2.2.4)

1

La décomposition du probleme primal (]ED en N sous-problémes plus petits offre plusieurs avantages.
Tout d’abord, elle permet une implémentation de I’algorithme en parallele. Deuxiemement, les sous-
problemes ont des solutions qui sont des mesures de Dirac : si ; minimise (f(Ez[G]), gi(+))
dans X;, alors §,, est une solution de . Ces propriétés nous incitent a appliquer I'algorithme
FW (Algorithme pour résoudre le probleme , dans lequel le probleme linéarisé est
équivalent aux N sous-problémes . Nous avons un taux de convergence sous-linéaire pour
Ialgorithme FW [2.1] pour le probleme en prenant wy, = 2/(k+2) comme indiqué dans ([2.1.7)).

Un probleme de dépassement de mémoire peut survenir lors de 'application de 'algorithme
FW au probleme : potentiellement, ’algorithme FW nécessite de stocker N nouveaux points
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dans le support de la solution a chaque itération. Cela signifie que KN espaces de stockage sont
nécessaires pour stocker le résultat apres K itérations, ce qui peut devenir prohibitif lorsque le
nombre d’itérations K est élevé. Cette difficulté est mentionnée dans les articles [BSR17, [CB18].
Pour surmonter ce probleme, nous proposons une variante de 'algorithme FW, dans laquelle la
méthode de sélection est utilisée ny fois a chaque itération k de ’algorithme FW. Nous appelons
cette variante algorithme de Frank- Wolfe stochastique (SFW). Il est présenté dans 1’algorithme

Algorithm 2.3: Frank-Wolfe stochastique
Initialisation : 2° € X;
for k=0,1,2,..., K do

Etape 1 : résolution des sous- probléemes.
Calculer y* = % Zf\; gi(xF);
fori=1,2,...,N do

‘ Trouver :Ef € argmin, . . (V*), gi(x4));
end

Etape 2 : mise a jour.
Choisir ny € N*. Fixer w, = 2/(k + 2);
for j=1,2,...,n; do
fori=1,2,...,N do
Echantilloner /\f’j ~ Bern(wy), indépendamment de toutes les variables aléatoires
précédemment définies;
Fixer ifj =(1- )\fj)xf + /\f’jff;
end
Fixer $FJ = (if’j)izL.i.,N;
end
Trouver "' € argmin{J(z) |z € X*}, ot X* = {&%7, j =1,2,... n} U{a*};

end

A partir d’une initialisation z° € X, I’algorithme génere une suite (z¥)geny dans X. Pour
l’analyse de lalgorithme et sa description, il est pratique d’introduire p*f = (Ogty -y 0gr ). Avec
cette notation & disposition, nous observons d’abord que y*, tel que défini & Pétape 1 de I’Algorithme
2.3 satisfait y* = & Zf\il E,x[gi]. Ainsi, I'étape 1 de l'algorithme joue le méme role que
dans I’algorithme FW pour , qui est décentralisé et peut étre calculé en parallele.

Concentrons-nous ensuite sur I’étape 2 de ’algorithme et définissons ¥ = (Oz1, ..., 0z ) et
iF = (1 — wp)p® + wefi®. Contrairement & la procédure d’apprentissage de I'algorithme FW, nous
n’utilisons pas directement fi* & la prochaine itération, mais nous utilisons plutét notre méthode
de sélection, ny fois, pour générer ny variables aléatoires (:f:k’j) j=1,....n,- Enfin, I'étape 2 sélectionne
une variable aléatoire #%7 qui minimise J.

Le résultat suivant concerne la convergence de 1’algorithme[2.3] Comme les sorties de 1’algorithme
[2.3]sont des variables aléatoires, nous fournissons des résultats de convergence en termes d’espérance

et de probabilité pour le saut d’optimalité

Vi = J(2¥) — val(PR).
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Theorem 2.2.3 (Théoreme [3.3.7] et Corollaire [3.3.8)). Il existe une constante C > 0 telle que
C
Elvk] < 72 pour K =1,2,...,2N. (2.2.5)

De plus, il existe C' > 0 tel que pour tout A > 0, si nous choisissons ny > max(Ak?/N,1) pour
tout k, alors

C+C A
IP[ny< ; ]Zl—exp(—), pour K =1,2,...,2N. (2.2.6)

La preuve du théoreme repose sur une approche similaire a 'analyse classique de 'algorithme
FW. Dans une premiere étape, nous prouvons l’inégalité suivante :

Y < ¢ + Sk
S K% )
ou Sk est une variable aléatoire qui accumule les erreurs résultant de la méthode de sélection
a chaque itération. Ensuite, I’équation découle du fait que E[Sk] = 0. La preuve de
I’équation est considérablement plus complexe, elle nécessite le calcul d’une borne supérieure
de IP’[S K > e}, obtenue grace a une extension de 'inégalité de concentration de McDiarmid fournie
dans [Dell5l Thm. 7].
Un résultat de convergence plus précis a été obtenu dans le théoréme [3.3.7 En particulier,
nous disposons d’une formule plus précise pour la probabilité dans ’équation , ce qui montre
I'intérét d’augmenter le nombre de simulations ng.

Simulations numériques. Dans les sections[3.6]et[3.7], nous démontrons efficacité de I’algorithme
SFW en l'appliquant & deux problemes différents : un probleme quadratique mixte en nombres
entiers (MIQP) et un probleme de chargement de batteries analysé dans [LOP23|, formulé en tant
que probléeme de controle optimal de grande dimension. Pour le probleme MIQP, nos résultats
numériques indiquent que ’algorithme SFW présente un taux de convergence empirique meilleur
que celui prédit par la théorie. De plus, en termes de temps de calcul, 'algorithme SF'W surpasse
des solveurs populaires tels que SCIP et GUROBI pour des valeurs suffisamment grandes de N.
Dans le cas du probleme de chargement de batterie, I'algorithme SFW évite la malédiction de la
dimensionnalité, qui affecte les problemes de controle optimal de grande dimension.

Comparaison avec la littérature et perspectives. Si nous supposons que (]ED est convexe,
alors les méthodes classiques de relaxation lagrangienne (Chapitre XII de [HUL93]) peuvent étre
appliquées. Grace a la forme agrégative de G, le probleme dual de présente une structure
séparable, comme expliqué dans [SAB™ 23| [Pac18| dans des contextes similaires. En conséquence, les
algorithmes primaux-duaux mentionnés dans la Sectionpeuvent étre utilisés pour aborder .
De plus, si nous faisons des hypotheses supplémentaires sur la régularité de g; et X}, I’algorithme
de descente de coordonnées par blocs (BCD) et ses extensions (voir [BT13) [FR16]) pourrait étre
utilisés pour résoudre . Malgré la non-convexité du probleme (]ED, les approches numériques
exploitant la séparabilité du cott du probléme dual sont particulierement attrayantes, car elles
permettent une résolution décomposée du probleme. Cependant, elles soulevent deux difficultés :
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le (potentiellement) grand saut de dualité et la reconstruction d’une solution primale & partir de la
solution duale. Ces deux difficultés ont déja été abordées par Wang dans [Wanl7]. Elle a proposé
une relaxation convexe du probléme, basée sur la méme approche géométrique que (PGRJ), qui
permet d’obtenir une estimation du saut de dualité diminuant avec N. Son principal outil était le
lemme Shapley-Folkman [Sta69], qui permet de montrer que I'image de G est proche d’un ensemble
convexe.

En comparaison avec les résultats théoriques de [Wanl7], nous donnons une estimation plus
précise du saut de relaxation. Selon le théoreme le saut est de 'ordre de O(min(q, N)/N?),
ou ¢ représente la dimension de H. Cette estimation est plus précise que celle obtenue en appliquant
[Wan17, Thm. 3.5, qui aboutit & un saut de I'ordre de O(q?/N?).

Comparons notre approche algorithmique avec celle de [Wanl7]. Les deux approches exploitent
la décomposabilité du probleme en N problémes et nécessitent que les sous-problemes puissent étre
facilement résolus. La méthode de [Wanl7, Algorithm 2] nécessite le calcul de ’ensemble complet
des solutions &-optimales, ce qui est plus exigeant. Contrairement & [Wanl7], I’Algorithme ne
nécessite pas de réaliser des décompositions Shapley-Folkman. C’est un avantage majeur lorsque
la dimension de ’agrégat q est tres grande. En contrepartie, nous sommes seulement capables
de trouver des solutions O(1/N)-optimales, tandis que l'algorithme de [Wanl7] peut trouver des
solutions O(q?/N?)-optimales.

La conception d'une méthode pour le calcul de solutions O(min{g, N}/N?) sera le sujet de
futures recherches. Nous avons également l'intention de travailler sur des problemes plus com-
plexes, impliquant par exemple des contraintes convexes sur ’agrégat, comme dans les problemes
d’allocation de ressources étudiés dans [BBGT20]. De telles contraintes pourraient étre traitées
avec des extensions de l'algorithme Frank-Wolfe pour des cotits non lisses, comme celles proposées
dans [SEMFE20, YFCI19]. Enfin, nous prévoyons d’appliquer notre méthode a des problemes de
controle optimal de grande taille, qui ont une structure plus complexe que ’exemple de la batterie
présenté dans ce travail, comme les variantes non convexes du probleme étudié¢ dans [SABT23].

2.2.2 Problemes d’optimisation de type champ moyen : résultats de stabilité
et discrétisation Lagrangienne

Cadre et motivation. Dans le chapitre [4] de cette these, nous nous concentrons sur le probleme

MFO (P.)), qui est motivé par le modele de prix du MFG lagrangien (2.1.43). Rappelons la

formulation de (P, :
inf du | . P,
HEPm(Z) / </Zg M) (Pre)

Nous renvoyons a la section [2.1.4] pour une description des applications de cette classe de problemes
et de leur relation avec certains modeles potentiels de MFG Lagrangien. Soulignons que le probleme
relaxé associé aux problemes agrégatifs de la section précédente, le probleme , s’inscrit dans
le cadre général des problemes MFO.

Organisation. Nous commengons par établir la condition d’optimalité du premier ordre du
probleme (P,,). Ensuite, nous étudions la stabilité du probleme primal (P,,)) par rapport & son
parametre m. De plus, nous formulons le probleme dual de (P,,)), démontrons la dualité forte et
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étudions la stabilité de la solution duale. Au niveau numérique, nous proposons de discrétiser la
variable marginale m et de résoudre le probleme résultant avec ’algorithme SFW (Algorithme .
Nous étudions la convergence de cette méthode. Enfin, nous effectuons des simulations numériques
pour un modele MFG Lagrangien tiré de [GHS22].

Condition d’optimalité du premier ordre. Rappelons la définition de la fonction de meilleure
réponse individuelle BR de X vers les sous-ensembles de Y :

BR)\(:U) = argmin <)‘a g(xvy»
YE€Ls
Theorem 2.2.4 (Corollaire [4.3.5). Tout i € Pp(Z) est une solution de (P,,)) si et seulement si
les conditions d’équilibre suivantes sont satisfaites :

A=Vi(f;9dm), 227

supp(fiz) € BR5x(z), m-p.p.

La preuve suit les étapes principales décrites précédemment dans la section [2.1.4] Tout d’abord,
nous prouvons que i est une solution de si et seulement si i est la solution d’un probleme
linéarisé autour de . Ensuite, dans une deuxiéme étape, nous donnons une caractérisation de
I’ensemble des solutions des problemes linéarisés : d’un point de vue technique, la principale diffi-
culté de cette étape est liée a ’application du théoreme de sélection mesurable.

De plus, nous établissons un résultat d’existence de la solution sous une hypothese de “tightness”
sur la suite minimisante de .

Analyse de stabilité. Soient mg et m; deux mesures de probabilité dans P(X). Nous considérons
deux instances du probléeme avec m = mg et m = mq, que nous noterons (P,,,) et (Py,,)
respectivement. Nous nous intéressons tout d’abord a la variation du cout optimal, en relation avec
la distance de Kantorovich-Rubinstein d; entre mg et mg.

Nous effectuons I'analyse de la stabilité sous I’hypothese supplémentaire suivante : il existe
Ly > 0 tel que pour tout z1 et x2 dans X, pour tout y; € Z,,, il existe yo € Z, tel que

lg(x1,91) — g(w2,y2)|| < Lgdx (21, x2). (2.2.8)

Theorem 2.2.5 (Théoreme [4.3.16|). Il existe une constante C > 0, indépendante de my et my,
telle que
|val(Py,,) — val(Pp,)| < Cdi(mg, mq).

La preuve du théoreme [2.2.5|repose sur une méthode de reconstruction, décrite dans I’algorithme
qui établit un lien entre les solutions approchées des problemes (P,,, ) et (P, ). Plus précisément,
étant donnée une solution approchée fig du probleme (P,,,), la méthode de reconstruction permet
d’obtenir une solution approchée 1 du probléme (P,,,). Pour donner une compréhension intuitive
de notre méthode de reconstruction, considérons le cas particulier suivant ou mg = % Zf\f: 1925

N _ N . ~ N
myp = %Zi:l 0z,, €t o = %Zi:l 5(zi,yi)‘ Lei, (ml)z]\il?(wl)zj\il e XN et (yi)ij\il € [liz1 Za.-
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D’ aprés [PC19 Prop. 2.1], il existe une permutation de {Z1,...,Zn}, notée {z,..., 2y}, telle que
pr=x Z 10(z,.;) est une solution du probléme de transport optimal suivant :

inf / dx(z,2")dp(z,2), (0OT)
pell(mo,ma) J X x X

ou II(mg, m) est Pensemble de tous les plans de transport de mgy & m;. Par conséquent,

dy (mo, m1) :/ dx(x,2")dp*(x,2") dx(x;,
XxX NZ

En utilisant ([2.2.8)), pour tout 4, il existe un y; € Z, tel que ||g(x}, y;) — g(ws, yi)|| < Lodx (s, 2}).
Dans notre méthode de reconstruction, chaque x; est transporté vers z} tout en transportant

simultanément y; vers le point y; € Z, pour i = 1,..., N. Cela peut étre exprimé comme suit:
1 & 1 &
o= Zl Owigy) —7 1= Zl Oat ) (2.2.9)
1= 1=

La distribution uq appartient a P,,, (Z), de plus,
H/ gdpo — / gdp
z z

Par conséquent, en utilisant la méthode de reconstruction pour cet exemple particulier, nous

N
L
L S ﬁde(wux;) :Lgdl(mo,ml).

_ H;V S (gl ui) — 9o )

(2.2.10)

pouvons obtenir une solution réalisable pour (P,,,) tout en controlant efficacement la distance entre
les termes agrégés par la distance dj(mg, my).

Dans le cas général, ou une solution de type “assignation optimale” n’est pas disponible pour
le probleme de transport optimal , le lemme de recollement [Vil09, p. 11] est utilisé dans
la méthode de reconstruction. Cela nous permet de construire une mesure de probabilité v €
P(X x Y x X) telle que sa distribution marginale par rapport aux deux premieres variables soit
égale a fig et que la distribution marginale des premiere et troisieme variables soit p*, ol p* est une
solution de . FEnsuite, nous introduisons la fonction S: Z x X ~» Z,

S(z,y,a") ={(",y) € Z | llg(z',y) — g(z,y)|| < Lgdx(z,2")} .

Nous démontrons que S admet une sélection mesurable s sous des hypotheses appropriées. Dans
notre méthode générale de reconstruction, la solution approximative résultante du probleme (P,,,)
est donnée par p; = s#p*. Nous démontrons des résultats similaires a dans ce cas général,
a partir desquels découle le théoréme [2.2.5]

Probléeme dual. Comme mentionné dans la remarque[2.1.2, nous pouvons reformuler le probleme
(P,n) comme un probleme d’optimisation convexe de la forme (2.1.1) en fixant K = G,, =
{/ 2 9du, |, 1 € Pp(Z)} dans (2.1.1). De maniere similaire & (2.1.3)), le probleme dual résultant

s’exprime comme suit :

sup —f*(A) = xa,, (=)
AeM
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Le probleme dual précédent est équivalent a :

— inf  D,,(A\) = f"(\) — inf (X, g(x dm(x). D
ot P =10 = [ int Ogla) dmo) (D)
Tout d’abord, nous montrons l’existence et 'unicité de la solution du probleme dual (D,,). Cela
peut étre établi sur la base de deux observations : (1) la fonction f* est fortement convexe, (2) le
deuxieme terme dans D,,(\) est convexe par rapport a A. Ensuite, en supposant que G, est un
ensemble fermé, nous établissons la relation de dualité forte entre les problemes (P,,)) et (D,,|) avec
le théoreme de Fenchel-Rockafellar. Soit \*(m) la solution du probleme dual (D,,)). Définissons la
fonction suivante :
v: P(X)x X =R, (m,x) — ian (A"(m), g(z,v)).

Grace a la dualité forte, nous pouvons prouver la stabilité du probleme dual et caractériser la
dérivée directionnelle du cott optimal de (P,,|) par rapport a m.

Theorem 2.2.6 (Lemme et Proposition 4.4.5)). Il existe une constante C' > 0 indépendante
de mg et mq telle que

max { [ Dy (A () = Dy, (A (m))], A" (mo) = A (ma)|2} < Cdr (mo, ma).

La fonction v est la dérivée directionnelle de la fonction de valeur de , c’est-a-dire,

1
val(P,,,) — val(P,,,) = /t:O /X v(mg + t(my — mg), z)d(m1 — my)(x)dt.

Discretisation. Nous présentons une méthode de résolution originale pour le probleme MFO
. Notre approche repose d’abord sur une discrétisation de la marginale m, comme proposé
dans [Sar22] pour les MFG lagrangiens. Nous approchons la distribution marginale commune m
dans par une distribution empirique my = % vazl Og,,oux; € X pouri=1,...,Net N
est un entier suffisamment grand. Cela nous permet d’écrire le probleme discrétisé associé a

inf du | . Py
HEPmy (Z) f </Z g M) ( )

Nous pouvons établir un lien entre le probleme ([P,,, ) et le probleme relaxé (PR} introduit dans
la Section [2.2.1 Tout d’abord, nous observons qu’une distribution de probabilité p appartient &
Py (Z) si et seulement il existe y1; € P(Z,,) pour chaque i = 1,..., N tels que pn = + le\il 0z, ®

i

comme suit :

;. Cela conduit a la formulation équivalente du probleme discret :

N
1
inf -— Zi, id i\Ys . 2.2.11
Mep(zmi)f<NiZI/Z%g< Yi) M(y)> (2.2.11)

Nous pouvons observer que (2.2.11)) est un cas particulier de en choisissant X; = Z,, et
9i(+) = g(x;,-). Cette équivalence nous permet d’appliquer 1’algorithme SFW (Algorithme de la
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section [2.2.1) a (2.2.11f). Dans ce contexte, si y € vaz 1 Zz, est le résultat apres plusieurs itérations
de I’algorithme alors les sous-probléemes pour la prochaine itération sont :

N
1
Ui € BR)\(z;), where \ = N Z;g(x,,yz) (2.2.12)

Enfin, la combinaison de l’algorithme avec la méthode de reconstruction (Algorithme 4.1
permet d’obtenir une solution approximative de (P,,|) dont la qualité augmente a mesure que le
parametre de discrétisation N augmente. Voici comment fonctionne cette combinaison :

1. Soit yX € Hfil Z, le résultat de I’Algorithme appliqué a (2.2.11)), pour 1 < K < 2N et
pour un nombre arbitraire de simulations n; > 1. Soit uﬁ = % sz\; 1 5(xi,y{()'

2. On passe a la méthode de reconstruction (Algorithme [4.1)) avec les entrées suivantes : mg =
my, mi =m et jig = u%. La sortie est notée i, qui est un élément de I’ensemble P,,(Z).

En combinant le résultat de convergence de 'algorithme SFW (théoreme [2.2.3)) avec la stabilité du
probleme primal (théoréme [2.2.5)), nous obtenons le résultat de convergence suivant.

Theorem 2.2.7 (Théoreme [4.5.8). Il existe une constante C > 0, indépendante de my et de m,
telle que :

E [f </ng;%>} —val(P,) < C (11( +d1(mN,m)> .

Remark 2.2.8. Selon le théoréme[2.2.7] pour obtenir une meilleure convergence, il est souhaitable de
trouver une distribution empirique my = % Zf\i 1 0z, qui soit aussi proche que possible de m pour
la distance di. Ce probleme est couramment appelé probleme de quantification optimale. Une esti-
mation précise de da(mpy, m) est donnée dans [MMI16], Prop. 12], et nous modifions légerement cette
estimation pour établir une estimation de dj(mpy, m) dans le lemme m Pour plus d’informations
sur la quantification optimale, nous renvoyons a [GG12].

Simulations numériques. Nous appliquons dans la Section notre méthode de discrétisation
et lalgorithme SFW a un MFG lagrangien tiré de [GHS22|, dans lequel les agents exploitent leur
propre stock d’une ressource épuisable. Dans ce modeéle, les agents ont un stock initial différent
qui suit une distribution m. Les agents prennent des décisions concernant leur vitesse de vente. Le
prix de cette ressource a un instant ¢ est une fonction décroissante de la vitesse de vente agrégée
a Uinstant ¢. Suivant [GHS22|, le but principal de ce modele est de trouver 1’équilibre de Nash tel

que défini dans (4.6.2)).

Etat de I’art et perspectives. Notre condition d’optimalité nécessaire et suffisante du premier
ordre est similaire aux conditions d’équilibre de Nash étudiées dans [CLI18bD, Sec. 3] pour
les jeux potentiels atomiques et dans [CCI8| Def. 3.1, Eq. 3.32] et [SS21], Def. 2.2] pour les MFG
lagrangiens. Les auteurs de [CCI18] établissent également l’existence de solutions au probleme
d’équilibre de Nash associé en utilisant le théoreme du point fixe de Kakutani.

L’article [CHIT, Sec. 3] propose une résolution des MFG lagrangiens potentiels avec 1’algorithme
de fictitious play, qui peut étre vu comme un cas spécifique de l'algorithme FW avec un taux
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d’apprentissage wy = 1/(k + 1). Le probléme potentiel de débordement de mémoire et la nécessité
de discrétiser la distribution des conditions initiales des agents ne sont pas discutés.

L’article [Sar22] étudie la discrétisation d’'un MFG lagrangien avec des termes de congestion
locaux. L’auteur propose et étudie une technique de régularisation pour le terme de congestion,
une discrétisation dans le temps des trajectoires et une discrétisation de la distribution initiale des
agents, ce qui conduit a un programme non linéaire résolu avec la méthode de quasi-Newton. Des
propriétés de convergence pour les solutions discretes ont été obtenues.

Discutons de quelques extensions possibles de ce travail. Une fagon facile de construire my,
en comparaison avec une approche de quantification optimale, consiste a tirer N échantillons de
la distribution m et a construire la distribution empirique correspondante. On pourrait modifier
I’analyse de convergence effectuée pour le théoreme pour tenir compte de 1’aléa de my, en
utilisant des inégalités de concentration telles que [FG15, Thm. 1, Thm. 2|. Elles permettent en
effet d’estimer d,(my, m) tant en termes d’espérance que de probabilité, ou d, est la distance de
Wasserstein d’ordre p.

Une autre perspective concerne I’étude d’une version entierement discrétisée du probleme MFO
. Une étape cruciale dans l’algorithme SFW est la résolution des sous-problemes
(intervenant dans la définition de la fonction de meilleure réponse). Ces sous-problémes pourraient
étre posés sur un espace de dimension infinie, comme c’est le cas, par exemple, dans le modele
de prix . En général, il est nécessaire de discrétiser ces problemes (comme c’est fait dans
[Sar22l, Sec. 5]). On pourrait étendre l’analyse de convergence et chercher un résultat quantitatif
prenant en compte 'effet de la discrétisation des sous-problémes.

2.2.3 Estimations d’erreur d’un théta-schéma pour les jeux a champ moyen du
second ordre

Cadre et motivation. Cette section est associée au chapitre [5l Elle est consacrée a un nouveau
schéma aux différences finies pour le systeme de jeux a champ moyen du second ordre ,
reposant sur théta-schéma. Notons par Vy, divy et Ay les opérateurs de gradient, divergence et
Laplacien discrets du schéma aux différences finies centré. Soit 6 € [0, 1]. Commencons par décrire
la discrétisation de I’équation FP. A tout instant t, le théta-schéma de 1’équation FP comprend

deux étapes :

1. Un schéma explicite pour une équation FP intermédiaire, avec un coefficient (1 — ) pour le
terme du Laplacien :

m(t 4+ 1/2) — m(t)
At

— (1= 0)aApm(t) + divy(mo(t)) = 0. (S1)

2. Un schéma implicite pour une équation de la chaleur intermédiaire (sans terme de divergence):

m(t+1)—m(t+1/2)
At

— o Ap(m(t + 1)) = 0. (S2)

Remarquons que lorsque le terme de divergence est absent (v = 0), le schéma ci-dessus 1'
coincide avec le théta~-schéma classique pour I’équation de la chaleur [AII07]. Pour 1’équation HIB,
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nous proposons un schéma adjoint ; & chaque instant ¢, deux étapes sont effectuées : (1) un schéma
implicite pour une équation de la chaleur intermédiaire (sans le Hamiltonien) et (2) un schéma
explicite pour une équation HJB intermédiaire.

Décrivons les principales propriétés du théta-schéma, qui justifient notre intérét pour lui. Si
f# = 0, notre schéma est un schéma explicite qui a une interprétation naturelle en tant que jeu
a champ moyen discret. Cependant, il n’est pas clair que le schéma explicite pour I’équation FP,
lorsque 6 = 0, bénéficie de propriétés de stabilité pour certaines normes ¢2. Pour assurer la stabilité,
une idée naturelle consiste a prendre un schéma implicite pour le terme du second ordre, c’est-a-dire
6 = 1. Cela donne un schéma mixte (implicite pour le terme laplacien et explicite pour le terme de
divergence). Nous soulignons que le terme de divergence doit rester explicite, afin de garantir que
le systeme discret ait une structure de . Lorsque 6 = 1, nous constatons que est un
schéma explicite d’une équation de continuité (sans terme de diffusion). Pour assurer la monotonie
de , une discrétisation upwind du terme de divergence devrait étre utilisée, au lieu du schéma
centré. Comparée a une discrétisation centrée, la discrétisation “upwind” présente les inconvénients
suivants : (1) lerreur de consistance est d’un ordre inférieur, (2) nous devons alors construire un
hamiltonien numérique (voir [ACD10, [ACCD13]) pour préserver la structure adjointe. Enfin, nous
proposons de prendre 6 € (1/2,1) dans — et de conserver le schéma centré pour le terme du
premier ordre. La stabilité en £2 et la propriété de monotonie sont respectées dans ce cas grace a
une estimation d’énergie discrete et une condition CFL détaillées ultérieurement. Nous aboutissons
ainsi a un systeme discret qui a une structure de , a un ordre supérieur pour l'erreur de
consistance et qui ne nécessite pas la construction d’un hamiltonien numérique.

Organisation. Nous commencons par introduire le théta-schéma associé a 1’équation
et énoncons notre principal résultat sur l'estimation de l'erreur de ce théta-schéma. Ce théta-
schéma s’inscrit dans le cadre de . L’existence et I'unicité de la solution du théta-schéma
sont déduites de la condition et de ’équation . Ensuite, nous présentons plusieurs
propriétés de stabilité du théta-schéma. Ensuite, nous discutons de l’erreur de consistance du
théta-schéma. Enfin, nous donnons un apergu de la preuve du principal résultat, qui repose sur
I’analyse de la stabilité et de la consistance.

Formulation et résultat principal. Les principales hypothéses sur les données de (MFGJ), qui
sont vérifiées dans les sections suivantes, sont les suivantes :

Les fonctions £°(-, -, v), £5(-,x,v), ¢°(+), f°(-,-,-) et m§(-) sont L°-Lipschitz continues, ou la
continuité Lipschitz de f¢ par rapport a m est pour la norme |- |12 ;

La fonction £¢ est a“-fortement convexe par rapport a la variable de controle ;

La condition de monotonie (2.1.22)) est satisfaite ;

Le systeme continu (MFG) a une solution unique (u*,v*,m*), avec u*,m* € CI+T/2’2+7"(Q) et
v* € CT(Q) NIL>([0,1];C*7(T9)), ot » € (0,1).

Le temps terminal dans (MFG|) est fixé a 1 dans cette section. Nous discrétisons ’horizon
temporel [0,1] en T' pas de temps égaux, ce qui donne une taille de pas temporelle de At = 1/T.
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De méme, nous discrétisons espace d’état T en une grille avec N points dans chaque dimension, ce
qui conduit a une taille de pas spatiale de h = 1/N. L’horizon temporel discrétisé est noté 7 (ou T
si le temps terminal est inclus), et espace d’état discrétisé est noté S. Pour tout € S, nous notons
Bu(x) = [1%, [« — hei/2, 2+ he;/2), ot (e;)i=1..
@ € R*(TxS) et tout (p,q) € [1,00]?, nous définissons la norme ||¢

4 est la base canonique de R%. Pour toute fonction
Ina = I (1ot Vlers)) oo o -

Notons ¢, H, f, mg et g les discrétisations de £¢, H¢, f¢, m§ et ¢g¢, respectivement, comme défini
dans —. Nous notons que la discrétisation de H® dans ce contexte ne nécessite pas
la construction d’un Hamiltonien numérique, contrairement & [ACCD13|. En prenant 6 € (1/2,1),
nous pouvons maintenant introduire le théta-schéma de (MFQ]) : trouver (u,v,m) € R(T x S) x
RY(T x S) x R(T x S) tel que Y(t,z) € T x S,

(i) v=Vy(u), (Theta-mfg)
(iii)) m = FPy(v),

ot 'application de Hamilton-Jacobi-Bellman HIBg: P(T,S) — R(T x S), m + u, est définie

comme suit :

— L) —ul/28) g Aju(t +1/2,2) = 0,
~ U2l (1 g)oAyu(t +1/2,2) + H[Vyul- +1/2,)](t) = f(t,z,m(?)),
U(T, ‘T) - g(fIZ’),

Iapplication de contréle optimal Vg: R(T x S) — R4 (T x S),u — v, est définie comme suit :

_u(t—&-l,x)—AlLt(t-i-l/?@) — o Apu(t +1/2,2) =0,

v(t,z) = —Hp(t,z, Vhu(t +1/2,x)),
et I'application Fokker-Planck FPg: RY(T x S) — R(T x S), v +— m, est définie comme suit :

mitEl/2e)omite) (1 — 9)Apml(t, z) + divy,(vm) (¢, z) = 0,

m(t+17$)_A7”;l(t+1/27$) _ eo'Ahm(t + ]-7 Jf) = O’

m(0, ) = mo(z).
A partir des définitions de HJBy et FPy, nous pouvons constater que la structure adjointe du
systeme couplé (MFG|) est préservée dans le systeme discret résultant, ce qui est une propriété

importante pour ’analyse de la stabilité dans cette section et pour le cas potentiel discuté dans la
Section Nous fixons maintenant une constante M, définie comme suit :

1
M=— (2 e [165(t,, )] + VA(LG + L5 + Lg)). (2.2.13)
t,x)e

aC
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Nous démontrons dans le théoréme que la constante M est une borne supérieure de ||v]|so,00-
Nous considérons la condition suivante sur (At,h) :

h? 2(1 — 0)o
At ———— h< ———. CFL

~ 2d(1—-0)o’ - M ( )
Le résultat principal de cette section est ’estimation d’erreur suivante pour (Theta-mfg)).

Theorem 2.2.9 (Théoreme [5.2.10). Soit 0 € (1/2,1) et (At,h) satisfaisant la condition (CFL)).
Alors (Theta-mfg) admet une solution unique (up, vy, mp). De plus, il existe une constante C' > 0,
indépendante de At et de h, telle que :

[un = uhllooco + Imn = mp [l < CRT,

ot uf, mf € R(T x S) sont définis par vl (t,z) = u*(tAt,z) et m}(t,z) = th(m) m*(tAt, y)dy.

Existence et unicité. Rappelons notre cadre général pour les MFG discrets, introduit dans

la section Nous montrons dans le lemme [5.4.1] que (Theta-mfg)) est équivalent au systéme
(DMFG]). Nous donnons une formule explicite pour 'application 7 décrivant les transitions de
probabilité sous un controle donné. Un point clé est que w(t,z,-,w) doit étre une distribution

de probabilité sur S, ce qui peut étre établi sous la condition CFL. L’unicité de la solution de

(Theta-mfg) découle de I'inégalité fondamentale ([2.1.38]).

Stabilité du théta-schéma. Suivant le systéme de perturbation général (PDMFG]|), nous intro-
duisons la version perturbée de (Theta-mfg) avec des termes additionnels (1,8) € R%(T x S):

(i) w=HIBs(m;n),
(ii) v = Vy(u), (2.2.14)
(iii) m = FPy(v;9).

Soient (u,v,m) et (up, vy, mp) des solutions de (2.2.14]) et (Theta-mfg)) respectivement. Supposons

que m > 0. Notre analyse de stabilité comprend les trois propriétés suivantes, liées a chacune des
applications HIJBy, Vy, et FPy :

1. Stabilité de l'équation HJB. A partir du principe de la programmation dynamique et de la
régularité de f¢, nous pouvons déduire I'inégalité suivante :

C

L
lu = unlloo.o0 < 5375 lm = mnlloc2 + [Inll1,00, (2.2.15)
ou L° représente le module de continuité de Lipschitz de f€.

2. Stabilité du contréle optimal. Nous déduisons de 'inégalité fondamentale (2.1.38)) que :

% o = onlP(m +ma)]|, | < ZrZ(u —up)(t+ 1,2)8(t,2) + (mn — m)(t, 2)n(t, z).
teT z€S

(2.2.16)
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3. Stabilité de I’équation de FP. Pour analyser la stabilité de ’équation de FP, nous considérons
I’estimation de 1’énergie pour ’équation parabolique discréte donnée par :

{W — 0ARu(t 4+ 1) — (1 = ) Appu(t) + diviypo(t) = divydy(t) + (L),
1(0) = po,

ou 01,02 € R(T x S) représentent des perturbations sous forme de divergence discrete et
d’autres formes, respectivement. Supposons que ||v]|oo,00 < M. Alors, il existe une constante
C indépendante de h et At telle que

o 0 < (ol + [0l + S0t (o + o)) 22am
€ TET

La notation VZ désigne 'opérateur de différences finies forward. La preuve de ’estimation
d’énergie (2.2.17)) est similaire a celle des équations aux dérivées partielles paraboliques, voir
[Lio71l [LSUSRS|, et a celle du schéma implicite, voir [ACCDI3|. Notons que pour établir

(2.2.17)), nous devons prendre 6 > 1/2.

Erreur de consistance. Rappelons la définition de (u,,m;) dans le théoreme [2.2.9, Pour (¢,z) €
T x S, prenons

vp(t,x) = —Hp(t, x, Vyuy (t + 1/2,z)),
ol uy(t 4+ 1/2) et uy(t 4+ 1) satisfont la premiere ligne de HIBy pour tout ¢ € 7. Définissons

la matrice inversible By = Id — 8o AtAj,. En utilisant la régularité de la solution continue, nous
obtenons le résultat de consistance suivant.

Theorem 2.2.10 (Lemme|5.5.5)). Le triplet (uy, vy, m}) satisfait le systéme perturbé (2.2.14) avec
des termes de perturbation n et 0 tels que

n=0(Ath"),  Bi§ = Atdivy(6)) + O(Ath™%),  ou 6, = O(R*+9).

Esquisse de la preuve du théoréeme Définissons € = At H vy — vh|2m;§H1 1

e En combinant la propriété de stabilité pour ’équation HJB (2.2.15)), I'inégalité fondamen-
tale (2.2.16)), et 'erreur de consistance du théoreéme [2.2.10, nous pouvons obtenir une borne
supérieure de € en fonction de ||m} — my||02 €t h.

e Fn utilisant la stabilité de I’équation FP (2.2.17)) et en considérant ’erreur de consistance du
théoreme [2.2.10, nous pouvons obtenir une borne supérieure de ||m} —m4| 0,2 en fonction de
eet h.

En combinant les deux estimations précédentes, nous obtenons que ||m} —mp ooz < Ch™F%2 pour
une constante C indépendante de At et h. La conclusion de théoreme découle de I'inégalité
de Holder pour les normes discretes (voir le lemme [5.2.2)).
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Etat de l’art et perspectives. En 2010, un premier résultat concernant la convergence d’un
schéma aux différences finies pour les MFG stationnaires a été obtenu dans [ACDI0]. Dans cet
article, les auteurs ont également proposé un schéma implicite pour les MFG dépendant du temps et
ont prouvé l'existence et I'unicité de la solution de ce schéma. En 2013, un résultat de convergence
a été obtenu pour le méme schéma implicite dans [ACCD13] lorsque le hamiltonien a une forme
monomiale. Les deux travaux cités supposent ’existence d’une solution classique de . En
2016, en l’absence de cette hypothese d’existence, [AP16] a prouvé que la solution du schéma
implicite converge vers une solution faible de lorsque les pas de grille tendent vers zéro.

Nous mentionnons les articles [CS14l [CST5] [HS19] qui étudient les discrétisations de type semi-
lagrangien des systemes MFG. Nous mentionnons également larticle [BC22] qui contient un taux
de convergence explicite pour une semi-discrétisation en espace, obtenu avec des différences finies.
A notre connaissance, le travail présenté dans cette section est le premier, dans le contexte des
MFG, a donner un ordre de convergence précis pour un schéma numérique entierement discret.

Nous discutons dans la prochaine section de la résolution de avec l'algorithme
GFW. Comme nous l'expliquerons, ’application de cet algorithme est rendue possible par le fait
que la structure potentielle des MFG continus est préservée au niveau discret par .
L’algorithme GF'W repose essentiellement sur la résolution successive des équations HJB discretes
et des équations de Fokker-Planck, qui ne nécessitent pas de résoudre des équations non linéaires
(comme ce serait le cas avec le schéma entierement implicite de [ACCD13]). Les travaux futurs
pourraient se concentrer sur ’analyse numérique d’une extension du théta-schéma reposant sur
des méthodes de “splitting” [Tho95, Sec. 4.4], appliquées au Laplacien discret impliqué dans les
équations linéaires implicites. Cela permettrait de faciliter la résolution des équations HJB et
Fokker-Planck discretes et donc de réduire la complexité numérique de I'algorithme GFW.

Une autre perspective concerne ’extension de a des modeles MFG plus complexes,
tels que les modeles MFG avec couplage par le biais d’une variable de prix [BHP21]. Ils appartien-
nent a la classe des MFG de controles (abrégés MFGC), car le prix dépend de la distribution et du
controle des agents. Notons que le prix apparait dans le hamiltonien de I’équation HJB du systeme
couplé. Il faudrait proposer une discrétisation adaptée de la relation de couplage supplémentaire
(impliquant la variable de prix) et établir une inégalité fondamentale pour le cadre discret obtenu.
Cela permettrait de mener une analyse de stabilité. Mentionnons que larticle [LP22] contient
déja des résultats de stabilité pour de tels MFGC, dans le cadre continu. En ce qui concerne la
consistance, 'analyse exploiterait les propriétés de régularité de la solution continue obtenue dans
[BHP21], en particulier la continuité de Holder de la variable de prix.

2.2.4 Un algorithme avec la propriété d’indépendance au maillage pour les jeux
a champ moyen potentiels du second ordre

Cadre et motivation. Dans cette section, nous examinons la résolution des MFG potentiels du
second ordre, équivalents au probléme de controle optimal (2.1.25)). Comme déja mentionné dans

la section la structure potentielle est préservée par (Theta-mfg)). En conséquence, le MFG
discret peut étre abordé avec ’algorithme GFW, décrit dans la section

L’objectif principal est de montrer que les performances de ’algorithme GFW ne sont pas
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affectées par un raffinement du maillage de discrétisation. Les principaux résultats de cette section

sont deux propriétés d’indépendance au maillage pour la résolution de (MFG|) avec (Theta-mfg)) et
I'algorithme GFW, comme indiqué dans les théoremes 2.2.12] et [2.2.13]

La terminologie “indépendance au maillage” (en anglais, mesh-independence) a été introduite

dans l'article [ABPR86]. On dit qu'un algorithme satisfait une propriété d’indépendance au maillage
lorsque environ le méme nombre d’itérations est nécessaire pour satisfaire un critere d’arrét, en
comparant un probleme en dimension infinie et sa version discrete.

Organisation. Nous commencons par présenter ’algorithme GFW pour la résolution des MFG
potentiels généraux et des MFG discrets. Nous fournissons deux résultats concernant la vitesse
de convergence du colit potentiel. Une vitesse est sous-linéaire et I’autre est linéaire, en fonction
du choix du taux d’apprentissage —. Ensuite, nous prouvons que 'algorithme GFW
présente des taux de convergence sous-linéaire et linéaire indépendants du maillage lorsqu’il est
appliqué a . Ces résultats de convergence reposent sur ’étude de la semi-concavité de
HJBy, la stabilité en ¢2 de FPy, et la stabilité en ¢ de FPy oV, o HIBy.

L’algorithme GFW pour les MFG potentiels discrets. Rappelons les données utilisées pour
(IDMFG)) : 'ensemble de pas de temps T, I'espace d’état S, le colt intégral £, le cotit de couplage
f, la condition initiale myg, et le cotit terminal g, ou :

(:TxSxR 5 RU{o0}, [f:TxSxR(S) =R,  moeP(S), geR(S).

Nous supposons que £ est a-convexe par rapport a sa troisiéme variable, que f est L-Lipschitz par
rapport a sa troisieme variable, et que la condition est satisfaite.

Nous présentons 'algorithme GFW pour résoudre les MFG potentiels discrets dans ’algorithme
Comme discuté dans la Section [2.1.3] & chaque itération de ’algorithme GFW, nous devons
résoudre le probleme partiellement linéarisé . La solution de ce probleme est obtenue a
travers la meilleure réponse BR.: 73(7', S) — A, définie dans . Pour le taux d’apprentissage
A, dans Dalgorithme nous proposons les deux regles suivantes :

1. une regle de mise a jour pré-définie comme dans ’algorithme

2

Ae = s
PRt

(2.2.18)

2. une regle de mise a jour adaptative similaire a la recherche linéaire (2.1.10f) utilisée dans

l’algorithme :
jmk(mk,wk) — jmk(mk ’(Z)k)
Ay = mi W) g\ 2.2.19
‘ ”““{ LISk — |2, ; 2219

Pour énoncer les résultats de convergence de ’algorithme nous devons introduire trois
constantes clés. Les deux premieres sont définies comme suit :

Ci= sup HFP(U)HgOQ et Coy= sup [[FPoVoHIB(mM)|ooc-
vERL (T S) meP(T,S)
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Algorithm 2.4: GFW pour MFG potentiels discrets
Initialisation : (m®, w°) € A;
Premiere itération : (m!,w') = (m° w°) = BR(m°) ;
Choisir une régle de mise & jour entre (2.2.18]) et (2.2.19)) ;
for k=1,2,...do

Etape 1 : résolution du probleme partiellement linéarisé.
Calculer (m*, w*) = BR(m");

Etape 2 : mise a jour.
Fixer Ay € [0,1] par la régle de mise & jour choisie;
Fixer (m*+1 wh+l) = (1 — \p)(mF, wP) + A\, (mF, @%);

end

La troisieme constante C'3 est telle que pour tout vy, v9 € RdD(T x ), nous avons :

[P (v1) — FP(v2)|35 < C3A Y D [|(v1 — v2) (1, @) FP(v1) (¢, ) ||*
teT zeS
Nous verrons plus tard que pour le théta-schéma (qui est un cas particulier de ), les esti-
mations des constantes C et C3 découlent d’une estimation d’énergie et qu’une estimation
de la constante C3 peut étre déduite d’une propriété de semi-concavité de ’application HJB discrete
et de la £*°-stabilité de FP o V o HIB.
Rappelons que J est la fonction objectif dans le probleme de contrdle optimal convexe

associé au potentiel (DMFG]|). Soient (m,w) la solution de ([2.1.34]).

Theorem 2.2.11 (Proposition|6.3.1)). Nous considérons la suite (my, wy)k>1 générée par Ualgorithme
(24). Soit D = Cy1L|S|Y/? et c = max{l - W ; %} €(0,1).

1. Taux sous-linéaire. Si la régle de mise a jour choisie est (2.2.18|), alors,

= 8D

J(mF, wk) — J(m, o) < - Vk > 1. (2.2.20)

2. Taux linéaire. Si la régle de mise a jour choisie est (2.2.19)), alors,

J(mF, wh) — J(m, o) < 4Dc*,  Vk>1. (2.2.21)

La preuve du théoreme [2.2.11]est similaire a I’analyse de convergence de I'algorithme GFW dans
un espace de Hilbert [KW22] et a celle des MFG potentiels continus [LP22].

On peut voir a partir de théoreme que les constantes de convergence D et ¢ dépendent de
divers facteurs, notamment de la constante de forte convexité a, du produit L|S ]1/ 2 et des trois
constantes clés C1, Cs et (3 définies précédemment. Afin d’étudier la propriété d’indépendance
du maillage de I'algorithme lorsqu’il est appliqué a une discrétisation numérique du potentiel
, le point crucial est d’établir 'indépendance de ces facteurs par rapport aux parametres de
discrétisation At et h.
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Maintenant, appliquons I’algorithme au théta-schéma associé au (MFG]|) potentiel. Nous
faisons les mémes hypotheéses pour ce systéme continu que dans la section Selon le lemme

le théta-schéma associé (Theta-mfg)) préserve la structure potentielle au sens de (2.1.33)).

Un taux de convergence sous-linéaire indépendant du maillage. Dans ce paragraphe, nous
établissons que la constante D est indépendante de At et h. En combinant cela avec (2.2.20]), nous
obtenons le premier résultat de convergence sous-linéaire dans le théoreme Nous avons les
deux estimations a priori suivantes :

e Le Lemme montre que o = o, Ly = Leh=42 ) et |S| = 1/h%, ot1 af est la constante de
forte convexité de £¢ et L€ est la constante de Lipschitz de f€ ;

e [’estimation d’énergie (2.2.17) implique que C; et C3 sont indépendants du maillage, puisque
la constante C' dans (2.2.17)) est indépendante de At et h.

N

A partir de la définition de la constante D et des deux points ci-dessus, nous en déduisons

lindépendance au maillage de D. Soit (up,vn, my) la solution de (Theta-mfg). Posons v, =
J(m* w*) — J(m,w). Nous obtenons le résultat de convergence suivant.

Theorem 2.2.12 (Taux de convergence sous-linéaire, Théoreme [6.4.5)). Dans l’algorithme en
appliquant la régle de mise a jour (2.2.18)), il existe une constante Cy indépendante de At et h telle
que pour tout k > 1,

Cy
< —.
Ve = 2

Un taux de convergence linéaire indépendant du maillage. Pour explorer le taux de con-
vergence linéaire indépendant du maillage de 1’algorithme pour , il est nécessaire
d’établir I'indépendance de la constante Cs par rapport aux parametres de discrétisation At et
h. Pour ce faire, nous devons étudier la stabilité £>*° de FPy o Vg o HIBy. Deux hypotheses

supplémentaires sont nécessaires :

e Les fonctions ¢¢(t, x,v), f¢(t,z,m) et g°(x) sont L-semi-concaves par rapport a x, pour tout
t€10,1], v € R et m € P(T%);

e La fonction ¢¢ a une forme séparable par rapport a v, ¢’est-a-dire £°(t, x,v) = Zgzl Gt x,v;),

ou v; est la i-eme composante de v.

Nous nous référons a la définition de la semi-concavité telle que décrite dans [CS04, Def. 1.1.1].
En vertu des deux hypotheses supplémentaires précédentes, nous obtenons un second résultat de
convergence.

Theorem 2.2.13 (Taux de convergence linéaire, Théoreme [6.4.9). Dans [’algorithme en ap-
pliquant la régle de mise a jour (2.2.19), il eziste deuz constantes, cg € (0,1) et Cyp > 0, toutes
deux indépendantes de At et de h, telles que pour tout k > 1,

k
T < Cycy.
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La preuve du théoreme [2.2.13| repose sur la stabilité £*° de FPgy o Vg o HJBy. La preuve de la
stabilité ¢ de FPy o Vy o HIBy s’inspire du cas continu (voir par exemple [CL18a, Lem. 5.3]).
Nous donnons un apercu de la preuve dans le cas continu :

1. La semi-concavité de la solution u de 1’équation HJB implique que D?u < L - Id;

2. En combinant cela avec la convexité de H¢, nous pouvons déduire qu’il existe une constante
C > 0 telle que —div v = Tr(HS,[Vu] D*u) < C uniformément;

3. Puisque div v est le coefficient précédant m dans I’équation FP, le principe du maximum pour
les équations paraboliques implique que ||m|jp~ < exp(C)|m§|L~ (le temps terminal est 1).

Dans notre contexte discret, nous commencons par prouver que pour tout m €& 73(7', S), la
fonction u = HIBy(m) est 3L-semi-concave par rapport a x. Soit v = Vy(u) et m = FPy(v). Grace
a la semi-concavité de u, il existe une constante C' indépendante de At et h telle que —divyv(t, z) <
C. Par conséquent, nous pouvons en déduire que [[m(t + 1,-)||cc < (1 + CAt)||m(t, )| pour
tout t € 7. Il en résulte que ||[/]lso0o < exp(C)||molloo- Etant donné que le terme de droite de
I'inégalité précédente est indépendant de I'entrée m, il fournit une borne supérieure de Cs, qui est

indépendante du maillage. En combinant cela avec (2.2.21]), le théoreme [2.2.13| s’ensuit.

Etat de I’art et perspectives Différentes méthodes ont été proposées dans la littérature pour la
résolution des MFG potentiels, en plus de l'algorithme GFW analysé dans le cadre continu dans
[LP22]. A noter que des taux de convergence sous-linéaires et linéaires ont été obtenus pour le
modele continu dans cette référence. Il convient également de noter que l'algorithme GFW peut
étre considéré comme une généralisation de la méthode de fictitious play introduite dans [CHI17,
HS19]. Dans le cas du potentiel convexe, I’algorithme ADMM a été utilisé dans [BC15], [And17] et
’algorithme de Chambolle-Pock a été utilisé dans [AL20]. Certains articles proposent de discrétiser
le probleme de contrdle optimal (2.1.2F)), voir par exemple [LSTI0, [And17]. Dans ce contexte, il est
trés souhaitable que la structure potentielle du MFG continu soit préservée au niveau du systeme
couplé discrétisé, afin de pouvoir appliquer directement des méthodes d’optimisation adaptées au
systéme discret. C’est notamment le cas pour le schéma implicite proposé dans [ACCDI13].

A notre connaissance, dans le contexte des jeux moyens, la propriété d’indépendance au maillage
n’a pas encore été établie pour d’autres méthodes. Bien qu’elle semble étre une propriété naturelle,
elle peut ne pas étre vérifiée en général. En particulier, elle pourrait ne pas étre satisfaite pour les
méthodes primales-duales, dont ’application repose sur une formulation de point selle du probleme
convexe de la forme, dans laquelle 'équation FP est “dualisée”. Cette formulation de
point selle implique un opérateur linéaire, décrivant 1’équation FP (discréte) (voir par exemple
[AL.20, Sec. 3.2]). A mesure que les paramétres de discrétisation diminuent, la norme opérateur
de ces opérateurs (pour la norme euclidienne) augmente, ce qui a un impact sur les propriétés
de convergence des méthodes telles que ’algorithme Chambolle-Pock. En revanche, I’équation
Fokker-Planck discrete reste satisfaite a chaque itération de I’équation GFW.

Proposons quelques extensions possibles de ce travail. Nous pouvons étudier la convergence
de l'algorithme GFW appliqué au MFG discret non monotone, ou la condition de monotonie
n’est pas satisfaite. Cela entralne la non-convexité de la fonction potentielle associée
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F. En conséquence, la convergence de 'algorithme GFW vers un minimum global de la fonction
objectif n’est généralement pas garantie. Cependant, nous pouvons montrer qu’un point (/m, ) est
un équilibre de Nash du MFG potentiel au sens de si le saut de Frank-Wolfe (le terme de
gauche de ) en ce point est nul. Heureusement, de maniere similaire a ’approche utilisée
dans [LJ16], nous pouvons prouver que l'algorithme GFW converge vers un point stationnaire de
tel que le saut de Frank-Wolfe en ce point s’annule. Cela implique que l'algorithme GFW
peut toujours converger vers un équilibre de Nash malgré la présence de la non-monotonie. En
conséquence, nous pouvons étudier davantage la propriété d’indépendance au maillage du théta-
schéma dans ce scénario.

Une autre perspective porte sur la discrétisation et l'application de l’algorithme GFW au
probleme de planification de [ACCDI12|, appelé MFGP. Dans MFGP, au lieu d’avoir une con-
dition terminale ¢¢ pour I’équation HJB, nous considérons une condition terminale fixe pour
I’équation FP, notée m7, € P(T?%). Ce probleme peut étre vu comme un probleme de transport
optimal généralisé. L’article [ACCDI2| considere également une approximation, appelée MFGPP,
obtenue par régularisation de la contrainte de temps final sur la distribution. Cela ouvre la voie
a une résolution numérique du probleme de planification par I'application de l'algorithme GFW
a MFGPP. Cependant, I'application de ’algorithme GFW peut étre difficile car la constante de
Lipschitz du terme de couplage dans MFGPP augmenterait avec le parametre de pénalité.
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Chapter 3

Large-scale nonconvex optimization:
randomization, gap estimation, and
numerical resolution

3.1 Introduction

Problem formulation This chapter is devoted to the theoretical analysis and the numerical res-
olution of the following large-scale, aggregative, and nonconvex optimization problem:

L
Glz)= D gi(z)
;Ielfv J(z) = f(G(x)), where: N ;

(P)
X = Hi]\il X

Here, N can be seen as the number of agents and is assumed to be large. The mappings g;: X; — &
are given and referred to as the contribution mappings. The space £ is a real Hilbert space. The
main feature of this problem is the aggregative form of the function G: X — £, which is defined
as the average of the N mappings g;. We will call G(x) the aggregate. Let us emphasize that the
dimension ¢ of the aggregate space £ can be arbitrarily large and possibly infinite. While very
few structural assumptions are made on the sets X; and the mappings g;, we will assume that f
is convex, with a Lipschitz-continuous gradient and that the image sets g;(X;) are all bounded. A
central idea in this work is that the problem can be well approximated by a convex problem when
N is large.

In various examples of interest, the function f has a separable structure as defined below. It
turns out that taking into account the separability of f, when possible, allows us to refine our
theoretical results (more precisely, to reduce some of the constants of interest, see Remark .
From now on, we suppose that £ is the Cartesian product of M separable Hilbert spaces denoted
Ej, for 5 =1,..., M. We assume that f is additively separable, that is to say, we assume that

M M
F) =Y fiw), Y..um) € [[&
j=1 i=1
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where f;: £ — R. Note that when f is not separable, one can take M =1 and £; = £. We assume
that the contribution mappings are of the form

gi(x;) = (gij(xi))jzl,...,M’ where g;;: &; = &;.

Hence the criterion J of problem writes
M | N
J(@) = F(G@) =D fi( 5 D 9ua)- (3.1.1)
j=1 i=1

We present and discuss some motivating examples in Section [3.5], arising from social welfare prob-
lems, optimal control problems and supervised learning.

Related works and methods Let us return to the general problem . Classical Lagrangian
relaxation (Chapter XII of [HUL93|) methods can be relevant here because the dual problem is
separable in the sense below, thanks to the aggregative form of G. To see this, let us reformulate
(P) as: infr, yexxe f(v), subject to the constraint that v = G(x). Its dual problem is:

sup (— f*(A) + @(N)), (3.1.2)
AEE

where f* is the Fenchel conjugate function of f, and ®(\) is defined by
| N
(\Gx) ==Y inf (X gi(z:). (3.1.3)

inf
xEX N <4 1:17,,6)(,;
1=

D(N) =

One sees that ®(\) can be evaluated by solving N independent sub-problems, one for each i in
{1,...,N}. Solving these sub-problems can be much easier than addressing frontally the original
problem with N coupled variables. This approach has been extensively employed in convex settings
[SABT23| [Pac18]. However, the nonconvexity of the problem raises two major difficulties: the
potentially large duality gap and the reconstruction of a primal solution from the dual optimal
solution.

These two difficulties are addressed by Wang in [Wanl7]. She proposed a convex relaxation of
the problem, based on a geometrical approach, that allows to obtain an estimate of the duality gap
of order O(q?/N?). Her main tool was the Shapley-Folkman lemma [Sta69], which allows to show
that the image of G is close to a convex set. This idea was already present in the seminal work of
Aubin and Ekeland in [AE76], dealing with a different setting involving a coupling constraint. We
refer the reader to [KCD22| for the most recent improvements dealing with this class of problems.
We also refer to [Wanl7] for a more exhaustive of mathematical works dedicated to the estimation
of the duality gap, where a kind of convexification occurs. After having solved the dual problem by
a cutting plane method and then found an approximate solution to the relaxed primal problem via
a projection problem, Wang’s method recovers an approximate solution to the original nonconvex
problem, by computing a Shapley-Folkman decomposition of the aggregate with a standard linear
programming approach.

There exist another important class of methods for large-scale optimization problems which
are the block coordinate descent algorithm and its variants [BT13, [FR16]. These methods may
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not be applicable without additional assumptions on the sets X; and the maps g; (in the current
framework, the sets X; could be discrete). Even if we make additional regularity assumptions, they
may be inefficient, in particular because the cost function J is not convex in general.

Contributions and organization of the paper We first introduce in Section|3.2|a convex relaxation
of the original problem . The relaxed problem is obtained by randomization, that is to say, we
replace the variables x; by probability measures u; on X;. The contribution mappings g;(x;) are
replaced by [ X, gi(x;)dui(x;); these terms are linear with respect to ;. The resulting randomized
cost function, denoted J, is convex, and so is the randomized problem. We give a first upper bound
of the relaxation gap of order O(1/N). The randomized problem has a stochastic interpretation: it
amounts to replace the variables x; by independent random variables X; of probability distribution
wi, and to replace g;(z;) by the expectation of g;(X;). To derive a good candidate (for (P)), given an
approximate solution to the randomized problem u = (i1, ..., n), we propose to simulate random
variables X; with probability distribution p;. We will call this technique the selection method.
We give a sharp estimate of the probability of error for the selection method. More precisely, we
estimate the probability that J(X1,...,Xn) > J(p) + (% + e), given € > 0. The proof relies on
McDiarmid’s inequality, a concentration inequality [McD89).

From a numerical point of view, our main contribution is a method which is parallelizable,
which benefits from the convexity of the randomized problem, but avoids the difficulty of the
manipulation of probability measures (arising in the formulation of the randomized problem). This
could be achieved by combining the Frank-Wolfe (FW) algorithm [DHT78, [Jagl3], applied to the
randomized problem, and the selection method described previously. The resulting algorithm, called
stochastic Frank-Wolfe (SFW) algorithm, is described and analyzed in Section [3.3] Each iteration
of the algorithm requires to solve a subproblem of the form , which is decomposable into
N subproblems. Resorting to the selection method, we avoid to manipulate explicitely probability
measures on the sets A;, which may otherwise cause memory issues. The SFW method is able to
find an O(1/N)-solution to problem [P| In addition, we estimate the probability that the iterate xy
is (% + e)—optimal, for k < 2N, where k is the iteration counter. This result relies on concentration
inequalities for martingales [Dell5] which generalize McDiarmid’s inequality.

Let us note that many articles in the literature are dedicated to stochastic variants of the Frank-
Wolfe algorithm. These variants are concerned with the situation where the cost function is in the
form of the expectation of a random cost and where its gradient is evaluated by sampling. See for
example [DUIS| HKMS20| [HL16, MHEK20, YSC19], see also [FMSE21], [LYFC19] and the references
therein. Let us emphasize that the stochasticity of our algorithm has another origin, namely the
selection method. In all these articles, convergence is established in expectation; to our knowledge,
only the article [TBL22] quantifies the probability of success of some stochastic method based on
the Frank-Wolfe algorithm.

Our last theoretical contribution is a sharp estimate of the relaxation gap, of order O(gAN/N?),
where ¢ is the (potentially infinite) dimension of the aggregate space €. It is proved in Section
It relies on a geometrical relaxation of problem , shown to be equivalent to the relaxation by
randomization. The relaxation gap is estimated with the help of a measure of nonconvexity for sets
(introduced in [Cas75]) and with the help of the Shapley-Folkman lemma [Sta69]. We also give an
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estimate of the price of decentralization (as defined by Wang in [Wanl17]). We conclude the section
with a detailed comparison of our approach and the one of [WanlT].

Section is dedicated to examples and discussions on numerical aspects. We provide in
sections and numerical results for a mixed-integer linear-quadratic program and a discrete
aggregative optimal control problem.

3.1.1 Notations

On sets For two sets A and B in a normed vector space X', we denote by d(A): = sup, ,c4 ||z —
y||lx the diameter of A, by A+ B = {z+y|x € A,y € B} the Minkowski sum of A and B, by
M = {\z | z € A} the scalar multiplication of A with A € R and by conv(A) the convex hull of
A. Note that conv(A + B) = conv(.A) + conv(B).

For all i € {1,..., N}, we denote X_; = (H;;ll Xy % (Hf}’:iﬂ X;). Given z € X, we denote

Toi = (1, 0, Tim1, Tit1,-- -, TN) € X_;. From time to time, we represent x by the pair (x;, z_;).

On functions Let H be a real Hilbert space. Let (-, )3 and || - || denote the corresponding scalar
product and norm. Let F: H — R U {+o00}. The domain of F, denoted by dom(F), is defined
by dom(F) = {x | F(x) # 4+00}. When F is differentiable, we denote its gradient by VF. The
gradient is defined as a function from H to itself. We say that VI is L-Lipschitz on a subset A of
H if for any x,y € A, we have

IVF(z) = VF(y)lln < Lz = ylln- (3.1.4)
The subgradient of F' at some point x € dom(F') is denoted by OF (z) and defined by
OF (z) ={pe M| F(y) > F(z) + (p,y — x),Yy € H}.

The Fenchel conjugate of F' is denoted by F*: H — R and defined by F*(p) = sup,cy (p,z) —F(x).

On measures Given a set (), we denote by J, the Dirac distribution at some point z € . We
denote by Ps(€2) the set of finitely supported probability distributions, defined by

K
P5(92) = { > Miba,

k=1

K
K eN, (\)is; € RS, (w)is, € ) = 1}.
k=1
Let u = Ele MOz, € Ps(€). Given a Hilbert space H and a mapping F': Q — H, we denote
K K ,
BuF) = SWF @, o2 [F] = 3 Ml Flan) ~ B [F]
k=1 k=1

In other words, £, [F ] is the integral of F' with respect to the measure p and 03 [F ] is the variance
of the probability measure Z‘jzl AjOp(z,), in the sense of [Vil03, Remark 7.5]. Finally, the Bernoulli
distribution with parameter w € [0, 1] is denoted by Bern(w).
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3.2. Relaxation by randomization and gap estimation

On numbers and real-valued random variables We denote by mAn the minimum of the numbers
m and n in RU {+o0}. Let X be a real-valued random variable. The expectation of X is denoted
by E[X], the variance of X is denoted by Var(X) and the conditional expectation of X w.r.t. some
o—algebra F is denoted by E[X | F]. Given p € Ps(Q2) and a random variable X in €2, the notation
X ~ p indicates that p is the probability distribution of X.

3.2 Relaxation by randomization and gap estimation

In this section we first make a structural assumption on the general problem of interest, problem
. Next we introduce a relaxation of the problem, obtained by randomization. We give an upper
bound of the randomization gap in Proposition [3.2.6] Finally we propose a method to recover
an approximate solution to , given an approximate solution to the randomized problem. Its
performance is investigated in Theorem

3.2.1 Assumptions and constants

We recall that £ is the Cartesian product of M separable real Hilbert spaces £;. We denote by
(-, )¢, the associated scalar products and by ||-||¢, the corresponding norms. Let us emphasize that
we will not consider any other norm in the spaces £;. We equip £ with the scalar product (-, -),
defined by ((y1,...,ym), V], -, V) = Zj]\;(yi,yg)gj and we denote by || - || the corresponding
norm.

For any i =1,...,N and for any j =1,..., M, we denote

N
1
Sij = {gw(%) ‘ x; € Xz} and Sj = N ZSU
i=1

The following regularity assumption will be in force all along the chapter.
Assumption A. Fori=1,2,...,Nand j=1,2..., M:

1. The range set S;; in &; has finite diameter d;; := d(S;;).

2. The function f; is L;-Lipschitz on conv (S;).

3. The function f; is continuously differentiable on a neighborhood of conv (S;), and Vf; is
L;—Lipschitz on conv (S;), in the sense of (3.1.4).

We next define two constants Cy > 0 and C7 > 0 by

M 1 M ~ N
CO = Z (Lj 1I<Illa<)](v {dij}), and Cl = N Z (Lj Zd%)
- J i=1

j=1 =1

Remark 3.2.1. We will regularly employ notations of the form O(h(N,q, k)), where h is an ex-
plicit function of N, ¢ (the dimension of £), and k (some iteration counter). We use it to express
the fact that some variable is bounded by C h(N,q, k), where the constant C' only depends on
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(maxlSiSN dij)j:1 »s and the Lipschitz moduli (Lj)j=1,..m and (ﬂj)j:17,,_7M. With this conven-

[RAS}

tion in mind, we have

Co=0(1) and C;=O0(1).

Remark 3.2.2. Our results can be applied to aggregative problems of the form

M N
i 3 (i),

i.e. of the same form as in (P)), but without the coefficient % Indeed, it suffices to define g;; = N g;;
to come down to the formulation and to use the fact that d(g;;(X;)) = Nd(gij(X;)). The
introduction of the coeflicient % induces a natural scaling of the problem as N increases. It also
enables to us to highlight the convexification of the problem as N becomes large, assuming that

the coefficients d;; are uniformly bounded.

We state in the following lemma a straightforward inequality, exhibiting the role of the constant
Cy. Note that the role of the constant C; will be revealed in Lemma [3.2.6

Lemma 3.2.3. Let Assumption be satisfied. For alli € {1,...,N}, forallz_; € X_;, z; and

mn X;, it holds:

Co
/

b T—i) — ST, )| < -
(el 0) — T o) < <

3.2.2 The randomized problem

The randomized problem is obtained by replacing each optimization variable x; by a probability
measure ; € Ps(X;). The contribution mappings g;(x;) are replaced by their integral with respect
to pi, Ey, [gi]. Denoting Ps = vazl Ps(X;), we obtain

LN Mo N
uiggaj(/ﬁ) ::f(NZEl[giD:Z_:fj<NZ:E"[gij])' (PR)

The following equality justifies the denomination of the relaxed problem: given u € Ps and given
N random variables X; in & such that X; ~ pu;, we have

N
T = (5 S Eln(x)]). (3.2.1)
=1

Remark 3.2.4. Working with probability measures with finite support, we do not need to equip the
sets X; with a topology and to consider regularity assumptions on the mappings g;. Note that the
original problem and the randomized one do not necessarily have a solution under the standing
assumptions of the chapter.

Let J* and J* denote the values of the primal problem and the randomized problem (PR))
respectively. One is interested in comparing J* and J*. The next lemma gives a direct result for
one direction of this comparison.

Lemma 3.2.5. Let Assumption[Zf] hold true. Then —oo < J* < J*.
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3.2. Relaxation by randomization and gap estimation

Proof. By the definitions of E, [g;;] and S;, we have that % ZZ 1 By 19i5] € conv(S;). Since f; is
Lipschitz-continuous over the bounded set conv(S}), we deduce that J* > —oco. Let z € X'. Define
= (0zy5---,0zy) € Ps. Then J(u) = J(x). As a consequence, inequality J* < J* follows. O

The randomization gap is then defined as
randomization gap = J* — 7" > 0.
Next we prove a first upper bound of the randomization gap, of order O(N)

Proposition 3.2.6. Let Assumption |A| hold true. Let p € Ps and let (X;)i=1
independent random variables such that X; ~ p;. Then,

N denote N

-----

E[J(X)] - < 2N2 Z (L Zo (9] ) < 2CN (3.2.2)

where X = (X1,...,Xn). As a consequence, J* — J* < —1.

Proof. Let us define Y; = %(Zl 1965 (X )) for j =1,...,M. Let us set Y = (Yj);=1
have

-----

E[J(X)] =E[f(Y)] and  J(u) = f(E]Y)).
Since the variables X; are independent, the random variables g;;(X;) are also independent (for fixed
j). It follows that

LN
IE[HY]—IE[ Hg} N2 ZE[HQU Elgi; (X Hg} :WZU;QM [9i5]-
i=1

By Assumption [A] we have

M
1 = 2
f(¥) < FEN]) + (VAEIY),Y —EIY])s +5 > (Li][V; —EW]]3, ).
j=1
Taking the expectation of the above inequality and recalling the definition of Cy, we deduce ({3.2.2)).
O

Remark 3.2.7. As we explained in the introduction, our analysis covers the case of a non-separable
cost f (when M = 1), however, when f is separable, it is useful to take this property into account.
The aim of this rem is to justify this fact. Let us assume (in this remark only) that f is indeed
separable, i.e. M > 1. Let us treat f as a non-separable function. It is easy to verify that the
mapping V f is Lipschitz continuous with modulus (maszl’m, M Ej); this estimate is tight. If we
do not take into account the additive structure of f in the proof of Proposition we end up
with the following estimate:

E[J(X)]gj(ﬂwrjiﬂ( max L)ZZU (9],

which is less precise than inequality (3.2.2). The same kind of comment could be made for the
constants appearing afterwards in the convergence results of our numerical method.
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We finish this subsection with an equivalent relaxed problem in the situation when the sets X;
(resp. the contribution functions g;) are identical. We refer to this situation as the symmetric case.

Lemma 3.2.8. Suppose that there exists a set X and a function g: X — £ such that X; = X and
gi =g, for all i. Then,

Jr = VE%%() f(Eu[g)). (3.2.3)

Proof. Let v € Ps(X). Take p = (v,...,v) € Ps. It follows that f(E,[g]) = J(u). As a
consequence, inf,cp, (x) f (Ey[g]) < inf,ep, T(1). On the other hand, let & = (fi1,...,fin) € Ps.
Take 7 = Zf\il fi/N € Ps(X). Then, we deduce that J(iz) = f (Ez[g]). The conclusion follows. [

The relaxed problem in (3.2.3) has a natural interpretation as a mean field relaxation: instead
of considering an optimization problem with N symmetric agents, we consider an arbitrarily large
number of agents and optimize their distribution v.

3.2.3 Selection method

Suppose that a minimizer or an approximate minimizer u of the randomized problem has
been obtained. We address in this subsection the issue of recovering an approximate minimizer of
the original problem (]ED from p.

A naive approach would consist in averaging the measures p;, assuming that the sets X; are
convex. In such a case, one can define the point x; = E,,[Id]. Another approach, motivated
by Proposition [3.2.6] consists in sampling u, that is, in simulating N independent random vari-
ables (X1,..., Xy), with distributions X; ~ p;. This can be done without additional structural
assumption on the sets X;, moreover, Proposition ensures that for any € > 0,

P{J(Xl,...,XN)<j(u)+%+e} > 0. (3.2.4)

Of course, one can realize several samplings of p to increase the probability of finding a good
candidate for the original problem. We will refer to this approach as the selection method.

Ezxample. Consider the following instance of the problem , where N is a large even number:

2
minimize{J(:cl,:cg, L EN) = —% vazl z? + (% Zfil xz) };
subject to z; € [-1,1], i=1,...,N.

(3.2.5)

It is easy to see that x* is a minimizer of if and only if 2* has N/2 coordinates equal to 1
and the others equal to —1. In this example, the original and the relaxed problem have the same
value, J* = J* = —1. The relaxed problem does not have a unique solution. One of them is
[ = %(5_1 +61). Averaging ji as suggested above yields @ = (0,...,0) and J(Z) = 0. Thus in this
example, the averaging method yields a poor candidate, whatever the value of N.

On the other hand, the selection method yields good candidates when N is large. Indeed, assume
that P[X; = —1] = P[X; = 1] = 1/2. When N is large, by the law of large numbers [Tsy09], nearly
half of the random variables X; are equal to 1 while the others are equal to —1, with probability
close to 1. Then in such a case X is almost a minimizer of .
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The next theorem provides a sharp estimate of the probability in 4]) and confirms the interest
of the selection method for large values of N. It relies on a concentration inequality, McDiarmid’s
inequality [McD89], and its variant [Dell5] (cf. Corollary of “variance type”. It is quite
intuitive that if the probability measures p; have a small variance (in a sense to be specified), then
the selection method will be more efficient. The interest of taking into account the variances of the
probability distributions will be revealed in the analysis of the stochastic Frank-Wolfe algorithm in
Subsection [3.3.3

Theorem 3.2.9. Let Assumption [A] be satisfied. Let u € Ps and let X1,..., Xy be N independent
random variables such that X; ~ p;. Let X = (Xy,...,Xn). Then, for all € > 0,

P|J(X)<J(p )+§V+e} >1—exp <—2]C\%62) (3.2.6)
Assume further that for all i =1,..., N, there exists a constant v; such that
o [J( )] <07, (3.2.7)
forall x_; € X_;. Then can be strengthened as:
P |J(X +ZZ2N2 2 o] +e| >1—exp | ——— Ne . (3.28)
j=11i=1 2(21':1]\7%‘24‘%)

Proof. Combining Lemma and McDiarmid’s inequality [McD89], we obtain

IP’[J(X) <E[J(X)] + e} > 1 —exp <—2g§2> .

Combining this estimate with the second inequality of Proposition we obtain (3.2.6)).
Estimate ([3.2.8)) is proved similarly, combining McDiarmid’s inequality of “variance type” proved
in Corollary and the first inequality of Proposition [3.2.6 O

We provide in the next lemma an explicit candidate for (3.2.7)).
Lemma 3.2.10. Inequality (3.2.7)) is satisfied with v? = %(Z]J\; L?)aii (gi)-

Proof. We first state a general following property: given a probability measure p and two maps hy
and ho suitably defined, we have the inequality

2 2 2
o [hiohg] < L%0; [hs], (3.2.9)
assuming that hj is L-Lipschitz continuous. Let us prove this property. For any z, we have

[ 0 ha(@) = Byl o hal|* = ||y 0 ha(a) — by (Bulha))|
+ 2(h1 0 ho(x) — hi(Eu[ha]), hi(Epu[ha]) — Eulhi o ha))
+ [P (Bpulha)) — Byl o ho|)?
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Taking the expectation, we obtain that
o2l o ha] = By ||y 0 hz = ha(Bylha))[*] = ([P (Bulha]) = Bl o ol

Since hy is L-Lipschitz continuous, we have Ey,[[|h1 o hy — hi(Ep[ho])||?] < L?*0,[h2]?. Inequality
(3.2.9) follows immediately. Next, it is easy to verify that the function f is L-Lipschitz continuous,
with L = (Zj]\il sz.)l/Q. Using (3.2.9), we conclude that

2

1 L
op [162-0)] < Doy, | i)+ €| = 500 [oi]

where C' = % Zi/# gir(zi) is regarded as a constant. The estimate follows. O

3.3 Stochastic Frank-Wolfe algorithm

3.3.1 Assumptions
We introduce two new assumptions, which will be in force until the end of the chapter.
Assumption B. For all j =1,..., M, the function f;: £ — R is convex over conv(S;).

Let p! and p? lie in Ps. Take w € [0,1]. Let g = (u1,...,un) be defined, for any s = 1,..., N,
by p; = (1 — w)u! + wp?. Here, the addition and the multiplication by a scalar are understood as
usual in the set of signed measures. In the sequel, we simply denote p = (1 —w)u' 4+ wu?. We have
p € Ps; moreover, Ey, [gi] = (1 —w)E,1[g] +wE,z2[g], for any i = 1,..., N. Then, Assumption
implies that J(u) < (1 — w)J (') + wJ (?). In words, the randomized problem is convex.

In this section, we address the numerical resolution of the randomized problem (and the original
problem) under Assumption Let us mention that this convexity assumption is natural for the ap-
plication problems described in the introduction. It allows the application of the Frank-Wolfe algo-
rithm (also called conditional gradient algorithm) [DHT§]|, for which convergence can be established.
The Frank-Wolfe algorithm requires to solve at each iteration a subproblem. Here, the subproblems
can be decomposed in N optimization problems, which can be solved in parallel. This property is
particularly interesting, since we aim at solving instances of with large values of N. We do not
detail here the practical resolution of the subproblems, which can only be investigated case by case.
Instead, we make the following assumption. Let us set A:={V f(y) | y € conv(G(X))} C £.

Assumption C. For all i =1,..., N, for all A € A, the problem

in

xie.f;(i (/\,gl(xz)> (3.3.1)

has at least a solution. For all i = 1,..., N, we fix a map S;: A — A} such that for any A\ € A,
Si(A) is a solution to (3.3.1).

The map S; can be understood as a best-response function corresponding to agent ¢. The
involved cost function is a linear combination of the contribution mappings g;;, with j =1,..., M.
In problem (3.3.1]), A can be interpreted as a price variable associated with g;(z;).
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Remark 3.3.1. 1t is easy to find assumptions which ensure the existence of the map S;. For example,
one can assume that X; is a compact set in a topological vector space and that g; is continuous.
Let us emphasize that Assumption [C]is essentially an assumption of numerical nature: S; should
be understood as the output of an (efficient) numerical procedure for the resolution of ([3.3.1). The
algorithms described afterwards largely rely on evaluations of S;.

3.3.2 Basic Frank-Wolfe algorithm

We first describe a rather direct application of the Frank-Wolfe algorithm, which is referred to as
the basic Frank-Wolfe algorithm. The starting point of our numerical approach is the following
lemma, the proof of which is straightforward.

Lemma 3.3.2. Let A € A and let i = (fi1,...,iAN) € Ps. Then, i is a solution to

N
1
inf <)\,— E > 3.3.2
5 (v y S B (332)
if and only if for alli =1,...,N, [i; is supported in argmin, cy (A, gi(x;)).

The cost function in should be regarded as a linearization of 7, as needed in the abstract
formulation of the Frank-Wolfe algorithm in [DHT78]. An immediate consequence of Lemma [3.3.2]
is that (Js,(r),---»>0sy())) 18 @ solution to (3-3.2). The resolution of problem is a key step
in the numerical procedures developed afterwards; let us emphasize that the maps S;(y) can be
evaluated independently from each other, i.e. the resolution of can be parallelized.

Algorithm 3.1: Frank-Wolfe Algorithm

Initialization: p° € Py ;

for k=0,1,...,K do
Step 1: Resolution of the subproblems.

Set ¥ = % Zfil E, [gl] and set \¥ = Vf(y*);
fori=1,...,N do

‘ Compute 7F = S;(A\F);

end

Step 2: Update.

Set ﬁk = (55311, ,(5:7:?\7);

k+1 _ (1 _ Wk)Mk -{—wkﬂk.

Set u

end

The convergence analysis performed afterwards relies on standard arguments (compare our proof
with [Jagl3]). We introduce the primal gap 7; and the primal-dual gap [, defined by

N
W=TW) =T Be= (VW) v" =), where: g = ;;gi(aéf). (3.3.3)

Note that B can be evaluated numerically. The following lemma shows that S is an upper bound
of the primal gap Y.
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Lemma 3.3.3. For allk € N, v < .

Proof. Let k € N. Let u € Ps and let y = % Zfil E,,lgi]. By Lemma we have (V f(y*), 7*) <
(Vf(y*),y). Thus, using the convexity of f, we obtain

B = (V1) y" =0 > (VL) v" =) > F6*) = Flu) = T(W") = T(w). (3.3.4)
Since p is arbitrary, we deduce that 8, > J(u*) — J* = . O
We have the following convergence result.

Proposition 3.3.4. Let Assumptions[4], [B, and[C hold. Then, in Algorithm[3.1], for any K € N*,

2C
YK < ?

Proof. As we will see, the result is a consequence of Lemma with C = % and up = 0. By
Assumption [A]

M ~
L .
PG < W+ F@N 0 =)+ 0 Sl -l
Jj=1
We have y**1 — 4% = Wi (g% — y*). Therefore, by definition of By,

M 3
L
FOHY) < £ — wnbi+ b Y0 LT - o (3.3.5)
j=1

By definition, ngf — yé“HQ = | PR om [9:5(ZF) = gi; ()] ?_ thus by Cauchy-Schwarz inequality,

N N
1 1
7§ — yf|I” < ¥ ST E 9@ = 950)]|° < ¥ > dy.
1=1 =1

Combining the above estimate with (3.3.5) and using the inequality v < fx proved in Lemma

we obtain that v < (1 — wg)yk + %wz Thus Lemma applies, which concludes the
proof. O

In the following remark, we give an alternative value of wy in Step 2 of Algorithm while
preserving the convergence rate from the previous proposition.

Remark 3.3.5. For any k € N, denote hy(w) = —wf; + %uﬂ, where the constant Cj, is defined by

Cp = ij‘il L; Hgf — yf |2. In view of inequality (3.3.5), the result of Proposition remains true

if the sequence (wg)ren is chosen such that for any k& € N, h(wy) < h(wg). The result remains in
particular true for

wi = argmin h(w) = min (ﬁ, 1). (3.3.6)

wel0,1] Ck

The above proposition shows the convergence of the Frank-Wolfe algorithm. Yet the algorithm

only provides a relaxed solution. In order to get a solution to the original problem, one can use

the selection method introduced in Subsection A first direct application of Proposition [3.2.6
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yields the following. Let (Xi,..., Xx) be N independent random variables such that X; ~ p¥, for
all ¢. Then,

27 O
ElJX)| <J 4+ —+ —.
TS =T+ 57 45y
Therefore, from a theoretical point of view, there is no guaranty of improvements when k& > N

Oy

% becomes negligible in comparison with 53;. The following lemma

since, then, the error term
provides a convergence result (in probability) for the combination of the Frank-Wolfe algorithm

and the selection method, for a number of iterations £ < N.

Lemma 3.3.6. Let (ur)ken be the output of Algorithm . Let k < N. Let ¢ € (0,1). Let
n € N* and let (Xg)z;l”}\l, be Nn independent random variables such that X ~ pk. Let XJ =

(X7,...,X%). Then,

. ; . 3Ch . 202 k? 1
Proof. Since k < N, we have 20—]\1[ < % Therefore, by Theorem
. ; . 207 (O 2Ne*n
¥ LE}EMX” ST %“] 21— - T ):
for any € > 0. Take € = % If n satisfies (3.3.7)), then exp ( — %) <. O

3.3.3 Stochastic Frank-Wolfe algorithm

At each iteration of Algorithm a new point z¥ is added to the support of each distribution
uf. Therefore, if at iteration K, the points (if)kzo,“_,K,l are distinct from each other (for each i),
then KN places are needed to store the iterate p€, which can be prohibitive as K becomes large.
We propose in this subsection a variant of Algorithm which significantly mitigates the risk of
memory overflow. We call it the Stochastic Frank-Wolfe (SFW) algorithm, it is given in Algorithm
3.2l below.

Starting from an initialization 20 € X, Algorithm [3.2] generates a sequence (z¥)gen in X. Let
us emphasize that there is no probability distribution involved in the practical implementation of
Algorithm However, for the analysis of the algorithm and for its description, it is convenient
to introduce p* = (Ot s 5$’fv>' With this notation at hand, we first observe that y*, as defined
in Step 1 of Algorithm satisfies y* = % Zfil E,x[gi]. Thus the Steps 1 of Algorithms and
play exactly the same role. Let us focus next on Step 2 of Algorithm and let us define
ok = (0z1, ..., 0z ) and (¥ = (1 — wp)p® + wpfi®. In contrast with Algorithm we do not
directly use /i¥ at the next iteration but instead employ our selection method so that ¥ is reduced
to an N-uplet of Dirac measures. The application of the selection method is here simple since
ik =(1- Wk )0t + wrdzr. Thus, to simulate a random variable with distribution fi¥, it suffices to
simulate a random variable P with Bernoulli distribution Bern(wy,) and to consider (1— P)z¥+ Pz¥.
Using this method, Step 2 consists in simulating n; random variables (:f:k’j )j=1,...n, such that their
probability distribution is equal to fi¥ (to be rigorous, their probability distribution conditionally
to xk) Finally, Step 2 selects a random variable #%7 which minimizes J.
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Algorithm 3.2: Stochastic Frank-Wolfe Algorithm
Initialization: z° € X’
for k=0,1,2,..., K do

Step 1: Resolution of the subproblems.
Compute y" = 4 Zf\il gi(zF);
fori=1,2,...,N do

| Find zF € argmin, v (Vf(y*), gi(x:));
end

Step 2: Update.
Choose ny, € N*. Set wy, = 2/(k +2).;
for j=1,2,...,n; do
fori=1,2,...,N do
Simulate Pik’j ~ Bern(wy,), independently of all previously defined random variables;
Set &7 = (1 — P)ak + PP zk,
end
Set &89 = (7)1, N
end
Find zF! € argmin{.J(z) ‘J: € X*}, where XF = {2k7, 7 =1,2,... m};

end

It is important to keep in mind that all variables involved in the algorithm (xk , Tk gk ) and
all variables defined above (u*, ¥, ii*) are themselves random variables, since they depend on
the Bernoulli random variables PZI” . For the analysis of the algorithm, we need to consider the
filtration generated by the Bernoulli random variables. We introduce the set of indices Z defined
by

7= {(k,j,i)|k‘ eN,je{l,...m}), ic {1,...,N}} U{(0,0,0)}.

We equip the set Z with the lexicographic order: given (ki,j1,71) and (ke, j2,i2) in Z, we write
(k1,71,11) < (K2, j2,72) if and only if

[kl < kQ] or [kl = ko and j1 < jg] or [(kl,jl) = (kg,jg) and i1 < ig].

We further write (kl,jl,il) S (kz,jQ,ig) if and only if (kl,jl,il) < (k‘g,jg,’iQ) or (kl,jl,’il) =
(kq, jo,i2). Note that this order coincides with the simulation order of the random variables Pik’j in
the algorithm. The relation < defines a total order with minimal element (0, 0,0). For any (k, j,1) #
(0,0,0), we denote by (k, 7,7)—1 the maximal element of the set {(¥’, j',) € Z| (K, j',) < (k,j,%)}.
Finally, we consider the filtration (G)(x,;i)ez defined by

g ] trivial o—algebra, if (k,3,i) = (0,0,0),
(k1) o (G jiy—1> Pik’J), otherwise,

where a((](k,jvi)_l, PZ’”) denotes the o-algebra generated by G ;-1 and Pfj Note that :i‘fj is

G(k,j,i)-adapted and that zF and z* are G(k,1,1)—1-adapted.
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Theorem 3.3.7. Let Assumptions|[A], [B, and[( hold true. Then, for all K =1,...,2N,

4C
E[yk] < 717 where v = J(J/’K) -J"
Moreover, for all € > 0,
4Cy —e2N
P — >1-— 3.
[’yK< I +e}_ exp<2(vK+€mK/3)>, (3.3.8)

K-1
where vg = % <Z lc(kﬂt”) and myg = % <k:1ma;~1((_lw>. Finally, the fol-
k= /T

lowing estimates quantify the variability of vi:

Varlu) < 98 20 o B[(max (- 20,0)) ] < 2K (3a)

The proof is postponed to Section Let us note that the constants my and vk involved in
the theorem depend on the sequence (ny)g—o 1,.. but do not depend on N.

Corollary 3.3.8. Let A > 0. Assume that n; > max (AT":Q,l), for any k. Then, for all K =

1,...,2N,
4Ch + Cy A
L > 1 - ———
]P’[ny< % ]_1 exp( 12>

Proof. Using k + 1 < 2k, we obtain

o< 208 N~ Nk(k+1)\ _ 8NCE Kz‘lk
K=TK2(K+1)? A2 = AKA(K +1)2 | &

k=1 k=1
_4ANC}(K — 1)K - ANCE
AK?2(K +1)2 — AK?
and mg < %(k 1ma};{ 1N(k—s:41]2§k+2)) < éAN[gO_ Applying Theorem (3.3.7| with ¢ = %, we
obtain that P[’yK < %] >1—p, with
—(Co/K)?N -
p < exp Go/X) sexp|— |,
2(41\703 4 6Ncg> 12
AK? 3AK?3
as was to be proved. O

Remark 3.3.9. A variant of Algorithm consists in setting z*¥+1 = 2 if J(#%7) > J(2F) for all
j=1,...,ng. Theorem is still satisfied under this modification.

3.3.4 Proof of Theorem [3.3.7 and comments

Step 1: proof of the convergence in expectation We make use of the notations uk, ﬁk, and
(¥, introduced right after Algorithm We also introduce By = (Vf(y*),y* — g*), where g* =
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N Zl 1 9i(Z¥). By construction, we have

. 1 4
k+1y _ : AP )
J(x") = min J(z )_nk E J(z7).

‘7:17'“777419

Recalling that J(u*) = J(2*), we deduce that vyz11 < Y% + ax + by + cx, where

W g Z (759 = E[I") | Gpan1] )

b = 7’Tk Z ( ’J |g(k,1,1)—1] - j(ﬂk)),
= J(ﬂ’“) — T (Wh) = T (") — T (=)

The term a; does not play a significant role at the moment since its expectation is null. The term
by, must be understood as a relaxation cost, induced by the use of the selection method. The term
¢ is estimated exactly as in Proposition (3. as was seen in its proof, we have ¢, < —wg Sk —|—w2 Cl

A direct adaptation of Proposition shows that

bk*QNQZZLJkg” <J{[ZZ 1—wk d2 —wk(l—wk)QCJ\l[

7j=11i=1
Combining the above estimates, we obtain

Ch

3.10
oN (3.3.10)

5 C1
Vi1 S’Yk+ak+( wk5k+wk 5 ) + wi (1 — wi) 5~

For the choice wy = Wk, we have (1 —wg)/N =k/(N(k+2)) < wg, since k < 2N. It follows that

Cl 2C1
— ) —L <
wr(l —wr) o < Wi

and finally, since v, < S, we have yr11 < (1 — wg) 7k + w,%C’l + ag. Next by Lemma

K-1
e 5 (k+1)(k+2)
< _— + W : g _—
K K Sk here: S Pt K(K+1)

a. (3.3.11)

We have E[ag] = 0, thus E[Sk] = 0 and finally E [yx] < 2%

Step 2: proof of the probability and variance estimates We next need to find an estimate of
P[Sk > €]. For this purpose, we need to further decompose the term ay as a sum of random vari-
ables. A first observation is the following equality: E[J(ik’j) | g(m,l)_l] = E[J(ik’j) | g(;w-’l)_l],
which easily follows from Lemma As a consequence,

N
J(@&H7) — E[J(fﬁk’]) | G1y-1] = Z Ulk,j,i)s
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where
Ukgi) = E[J(@) | Gy — B[TE) | Gpjiy—1]-

We obtain the following decomposition of Sk:

K-1 Nk
B (k +1)(k+2)

Note that the index k starts at 1. Indeed, wy = 1, thus £°7 = z° and then agp = 0. Let us apply
Proposition to Sk. We have IE[U (kgi) | Gkjii) ] =0. Vlewmg the term J(£%7) as a function
F of the random variables A= (Plf ’j/)(k/ Jin)<(ki)s B = P and C:= (P, P ]/)(kwk(,ﬁ/’j,’i,), we

(2

can apply Lemma 4 to Uy iy, with 6 = Co/N (by Lemma 3.2.3)). This ylelds

U(k <C0

wr(1l — wk)Cg
Jrt) = N —_—.

and  E[U§ ;0 | Gwso-1] <=

Therefore, Proposition applies to P[Sk > €], where the constants m and v are given by

(k+1)(E+2)Cy mg
m = max _—_— = ——,
k=1,..K-1 npK(K +1) N N

o X 1)(k+2) 2%:C2 VK
;;2( npK (K + 1) ) (k+2)gN2 TN

This proves estimate (3.3.8]). Recalling that vx < 4% + Sk a.s., we obtain

Varfy] < B[] <E[(S +5¢)"] = 120;12 L E[S%].

Next by Proposition E[S%] < vk/N. The first inequality in (3.3.9) follows. The second
inequality follows from the inequality: max (’yK — 401 ,0)2 < 52

Remark 3.3.10. Let us set hip(w) = —wpfi + wQCl +w(l - w)QC]{, If for all k € N, we have
hi(wk) < hi(2/(k + 2)), then the convergence in expectation of Theorem still holds, i.e.
E['yK] < 4C1 /K, in view of inequality ([3.3.10] . In particular, one can take

. . [ Br—C1/2N
wg = argmin hg(w) = max [ min | ————,1,0|. 3.3.12
g wg[o,u () ( (Cl(l —1/N) ) ) ( )

3.3.5 A speed-up of the SFW algorithm

Step 1 of Algorithm requires to solve N independent subproblems. It turns out that only a
subset of those subproblems need to be solved for the implementation of Step 2. At iteration k
consider the following set:

n= {ie{l,...,N}\Pik’jzl}.

J=12,.,np
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If i ¢ Iy, then ii” = xf, in other words, for such an index i, it is not necessary to evaluate
Si(A*). A speed-up of the SFW algorithm can therefore be obtained by simulating the Bernoulli
random variables before Step 1, next by evaluating S;(\¥) only for the indices i in I}, and finally

k+1

by computing #*7 and z as before. The expectation of the number of subproblems to be solved

at iteration k is given by

E[|L]] = ﬁ:P[i €] =NO-P¢ L)) =N(1-P[PY =0, ¥j =1,...,m] )

(- (25)")

Note that this speed-up technique cannot be applied if wy is chosen according to formula (3.3.12)).
Indeed, this formula requires to evaluate (8, which implies that the N subproblems must all be
solved.

3.3.6 Stopping time strategy

In Algorithm [3.2] the number of samplings ny is chosen at the beginning of Step 2. We consider
here a variant: we generate a sequence of random variables 27 with probability distribution equal
to fir (conditionally to g(k,m)_l); the variables are constructed via Bernoulli variables independent
from each other. We define nj as the first index j such that

. C
J(@#9) < TGi%) + (5 + Co)uk, (3.3.13)
or, equivalently,
o _ C
FH9) < F(( = wr)y® +wong) + (S +Co )t (3.3.14)

where g* = % Zfil gi(zF) and §*7 = % Zfil gz(;f:fj) The next iterate is defined by z*+1 = gk,

Lemma 3.3.11. Let (z*).en denote the sequence obtained with the stopping rule (3.3.13). Then

J(z5H) — g < 4(01]{4_00), VK =1,...2N, a.s.
Moreowver,
4N —2
E[nk]g(lfexp<*m)> , Vk=1,...,K.

Proof. Let & be a random variable with probability distribution equal to ¥, conditionally to

G(k,1,1)—1- Then, for all € > 0, estimate (3.2.8) of Theorem yields:

P[J(8) > T(3) + S eon(l — ) +e

g(k,l,l)—l} < Pe (3.3.15)

—Ne?
(wi(1—wi)C2+ L)

—NCEw} < (—Nw,%) ( —4N )
e = €x <p:=ex =exp| +——== |-
Pem P\ gz — 2w202) ) =P TP T2 PA\le+2)?
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Recalling that %wk(l —wg) < %w,%, we deduce that

P[J(i’) > J (") + (% + Co)“’;% ‘ g(k,l,l)ﬂ} <p.

Now, let us consider a sequence of independent random variables (ﬁ?k’j )j=1,... (conditionally to
G(k,1,1)—-1), With conditional probability distribution [i*. By estimate (3.3.15)),

Pl = ] <B[7) > 7 + (T + o)k, 7 |Gy ] <0

We finally deduce that ]E[nk] <> gpit = ﬁ, which proves the second part of the lemma.
For the first part of the lemma, it suffices to observe that

ﬁ
2
and to conclude with Lemma [3.9.3] O

J(I‘k—H) < J(ﬂk) + < + Co)w]% < J(ZEk) _ ﬁkwk =+ (Cl + CO)W]%a

3.3.7 Distributed algorithm

In this subsection we present a privacy-preserving implementation of Algorithm[3.2] The Algorithm
[3:3]is equivalent to Algorithm the instructions are distributed over an operator, N agents,
a simulator, and an aggregator, who communicate with each other. Roughly speaking, the
operator sets up prices that are sent to the agents, which compute independently from each other
their best-response. The aggregator computes in a confidential fashion the aggregate associated
with a given value of (z;)j=1.. n. The simulator implements the random variables PZ]k of the
Stochastic Frank-Wolfe algorithm.

More precisely, at the beginning of iterattion k of Algorithm the operator sends a price Ay
to the agents, who calculate their best-response. The aggregator sends the corresponding aggregate
U to the operator, who can compute the primal-dual gap 8* and can fix the value of the stepsize
wk. Next the simulator realizes stochastic simulations, communicated to the agents. Only the
aggregate associated with each simulation, 4%, is communicated to the operator. The operator
decides when to stop the simulation phase through the logical variable test. For example, test can
be set to true as long as j < ng, for predefined values of ni. The variable test can also be designed
so as to implement the stopping rule of Subsection M Finally, the operator identifies
the number j* of the simulation that has yielded the best aggregate and communicates it to the
agents.

The key point in this algorithm is that the operator never receives information that is specific to
a given agent: it only collects aggregates (the variables 7*, §%7, and y*). Similarly, the agents have
only access to the prices A; and to j*. We do not detail here algorithms used by the aggregator to
compute the aggregate and refers the reader to [BBG™20], which investigates a similar approach for
preserving privacy, with an operator that only has access to aggregates (note that the underlying
mathematical method is different from ours). It is proposed in that reference to use a cryptographic
protocol called secure multiparty computation for the non-intrusive computation of aggregates,
taken from [SMZ'16] and [ABLT04].
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Algorithm 3.3: Distributed SFW Algorithm

[Agents] Initialization: 2° € X.
[Aggregator] Compute and send y° = ~ Zl 1 9i(2?) to Operator.
for k=0,1,2,...,K do
[Operator] Compute and send A\*¥ = V f(y*) to the Agents.
fori=1,2,...,N do
[Agent i] Compute zF € S;(\F).
end for
[Aggregator] Compute and send y N ZZ 1 9i(z¥) to Operator.
[Operator] Compute g% = (\F y* —y >
[Operator] Compute, send wy with (3.3.12) or with wy, = kiﬁ to Simulator.
[Operator] Set j = 0 and send test = true to Simulator.
while test do
[Operator]| Increment j.
fori=1,2,...,N do ‘
[Simulator] Simulate and send P/ ~ Bern(wy,) to Agent i.
[Agent i] Set 257 = (1 — PPk 4+ PFIgh,
end for
[Aggregator] Compute, send §*7 = ~ ZL 1g2( ) to Operator.
[Operator| Update and send test to Simulator.
end while

[Operator] Find j* € argmln (%), Set yhtl = ki’
7'=1,...,

[Operator] Send j* to the Agents
fori=1,2,...,N do
[Agent z] Set k! = ghi",
end for
end for
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3.4 Refined gap estimates

3.4.1 Nonconvexity measure and gap estimate

We give in this subsection a refinement of the randomization gap obtained in Proposition
Our analysis relies on the concept of nonconvexity measure, introduced in [Cas75].

Definition 3.4.1. Given a subset K of £, we call nonconvexity measure of K the number p(K)
defined by

1/2
p(/C)z( sup inf au[ldf) ,

yeconv(K) HEPs,
®) g a2y

where Id: £ — £ denotes the identity mapping.

The ”nonconvexity measure” terminology is motivated by the following: if K is convex, then
obviously p(K) = 0 and conversely, if p(K) = 0, then K is dense into conv(K). We have the
following two properties, easily verified. The map p is homogeneous in the following sense: given
a € R, we have p(aK) = |a|p(K). Moreover p(K) < d(K), where d(K) is the diameter of K. Another
particularly interesting property for our aggregative problem is the sub-additivity of p(-)2: given
two subsets Ky and Kz, we have p(K1 + K2)? < p(K1)? + p(K2)?, see [Cas75, Theorem 1]. We will
use an improvement of this inequality in the proof of Theorem based on the Shapley-Folkman
theorem.

The next lemma provides a general relaxation estimate based on the nonconvexity measure of
the feasible set. Let us emphasize that the central idea behind this result is the same as the one
in the proof of Proposition The only difference is the point of view, which is here geometric
while it was previously probabilistic.

Lemma 3.4.2. Let K be a subset of £. Let F be a differentiable real-valued function defined on
some neighborhood of conv(K). Assume that VF is L-Lipschitz continuous over conv(K). Then,

L
inf F(y) < inf F Zp(K)2.
?JHEIIC (y) o (yecgnlv(lC) (y)) + QP( )

Proof. Let y € conv(K). Let pu € Ps(K) be such that E,[Id] = y. Then, since VF is L-Lipschitz
continuous, we have

. L,
jnf F(y') < B,[F] < F(y) + 50, [1d].
Minimizing the right-hand side with respect to u, we obtain that

. / L~ 2
n < — .
yl,eﬁcf(y) < Fly) + 50(K)

Minimizing the result with respect to y yields the announced estimate. O
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Some notations are needed for the application of Lemma [3.4.2] to (P]). We set

9ij(@i) = \/ Lj gij (@), gi(wi) = (9ij(20) ;1 ar

M
) =1(2)  Fw) =X i)
Obviously, J(z) = f(% PR Gi(z;)) = Z]]Vil f](% PR Gij(zi)). Finally we denote
| X
Vi=gi(X;) and Y= NZ%-
i=1

We give next two new formulations of problems and , revealing the geometric nature
of the relaxation technique employed so far.

Lemma 3.4.3. We have

Jr = inf f(), (PG)
*=  inf  f(y).
J e f(y) (PGR)

Proof The first equality is straightforward. For the second one, it suffices to observe that conv()) =
w L SN conv();) and that conv();) = {Eu (3] | i € Ps(Xy)}- O

We introduce the following constants:

D; = EL i,  DIk| = Jmax > D (3.4.1)
S e

Theorem 3.4.4. Let Assumption [4] hold true. It holds:

1 Dig A\ N]

T < i —_—. 4.2

S = s 2N2 (QC{L N} Z’O (%) ) -  2N?Z (3-4.2)
Ql=gAN 1€¢

Note that D[N] = NC1, thus the new gap estimate is the same as the one obtained in Proposition
when ¢ > N and it is strictly better when ¢ < N.

Proof of Theorem [3.7.7. We let the reader verify that V£ is 1-Lipschitz. Then Lemma and
the homogeneity of p yield

1 1 AN
ok o 2 < - . .
T =T < 5p0)° < 2N2p(;1 M)
Applying [Cas75l Theorem 2], we obtain that

N 2
p(;%) = ocfitn 2 PO

IQl=gAN " €@
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which proves the first inequality. Observing that

M M
P(yz <d yz Z gzg Z gzg =D,

we obtain the second inequality. O

3.4.2 Duality and price of decentralization

In this subsection we introduce a dual problem (we work again under Assumption and investigate
its connection with the geometric relaxed problem (PGRY]). This allows us to obtain a last refinement

of the randomization gap. For all i = 1,..., N and for all A € £, we introduce
®,(A) = inf (A gi(zi)), Yi(A) = argmin (A, y;), Xi(A) = argmin (A, g;(x;)).
T €X; Yi€Vs TEX;

We refer to the following problem as the dual problem:

N
aup () + 1 >-2.0) ()

\eé&
Let D* denote the value of Problem (D).

Assumption D. The function f: & — R is lower semi-continuous and convex, and the set conv())
is closed.

Remark 3.4.5. Assume that £ is finite-dimensional. If the sets X; are compact and the maps g;
continuous, then the sets ); = g;(A;) are also compact. It is then easy to verify with Carathéodory’s
theorem that conv()}) is also compact, thus closed, which finally implies Assumption @

Lemma 3.4.6. The problem (PGR) has a solution.
Proof. This is a direct application of [BC11, Theorem 11.9]. O

The next lemma provides a duality result and a characterization of optimal solutions for problem
(PGR).

Lemma 3.4.7. Let Assumptions[A] [B, [0, and[D] hold true. Then, J* = D* and the dual problem
@]} has at least one solution. Fiz a solution A to Problem @D Lety € £. Then, y is a solution to

if and only if y € Of*(\) and y € % Zz]\;l conv(Y;(N)).

Proof. Let h denote the indicatrix function of conv(}). By Assumption the domain of f contains
a neighborhood of conv()’). By Assumption@], h is lower semi-continuous. Therefore, the Fenchel-
Rockafellar theorem [Roc97] applies and yields

7" =inf (£)+h(v) =sup (= F*O) = (-)).

Y AEE

Moreover, the supremum in the right-hand side is a maximum. We have

Sh(=N)= inf () = inf () o,
( ) yEC})Irlw(:)))< y> o y NZ
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As a consequence, J* = D* and problem @D has at least one solution.

Now let us fix a solution A to the dual problem (D). Let y € £. Then y is a solution if and
only if (i) f(y) + f*(\) = (A, y) and (i) h(y) + h*(—=\) = —(\,y). The condition (i) is equivalent
to y € df (). The condition (ii) is equivalent to

y € conv(Y) and (\,y) = —h*(=\) = inf (\, 7).
Yy ey

Thus (ii) <= y € Y, where Y = argmin (\,y’). We further have
y’€conv ()

N N
1 1
. . / . ) _ .
Y = conv (a];g/;ényln Ay >> = conv( i ;_1 yz()\)> =N ;_1 conv (Vi(N)),
which concludes the proof. O

Remark 3.4.8. If f is differentiable on &, with a Lipschitz-continous gradient, then f* is strongly
convex (see [BCI11, Theorem 18.15]), which implies that (D] has a unique solution.

Let us fix a solution A to the dual problem until the end of the subsection. Let us consider
Jdec = ini J(x), subject to: z; € A;(\), Vi=1,...,N.
BAS
In words, we restrict &; to the best-responses corresponding to the dual variable A. Following the
terminology of [Wanl7|, we call price of decentralization the real number p = Jgec — J*.

Proposition 3.4.9. Let Assumptions[A], [B, [0, and[D| hold true. It holds:

* 1 ) 2
P < Jdee =T < W <Qg?%?)iN} Zp(yl()\)) )

Ql=qnN" €Q

Proof. The definition of Jg. and Lemma respectively yield:

Jdec = inf fly and J* = inf f(y).
yex it Vi(h) YEx 2L, conv(Yi(N))

The announced estimate follows then from Lemma and [Cas75, Theorem 2], as in the proof
of Theorem [3.4.41 O

Remark 3.4.10. The randomization gap is bounded from above by Jgec — J*. Moreover, one can
show that p(¥i(\)) < p(Y;). Thus Proposition [3.4.9 provides a last refinement of the gap estimate
B22).

3.5 Comments on numerical aspects and examples

3.5.1 Literature comparison

Let us compare our results and our method with the work of Wang [Wanl7]. Our gap estimate,
as well as our estimate of the price of decentralization, are of order O(min(q, N)/N?), while the
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estimates obtained by applying [Wan17, Theorem 3.5] are of order O(¢?/N?). We emphasize that
our first gap estimate, of order O(1/N), already improves [Wanl7] when ¢ > v/N. Note that the
geometric relaxation employed in Section is the same as the one used in [Wanl7].

Let us compare our algorithmic approaches. At a general level, one can observe that we have
a primal approach, while Wang solves the dual problem to the relaxed problem. Our approach is
restricted to the case where f is differentiable, while the dual approach allows to tackle the case of
hard constraints (for example when f is the indicator function of some convex set). Both approaches
leverage the decomposability of the problem into N problems and require that the subproblems
can be easily solved. Let us emphasize however that we only need to be able to compute a single
solution for those problems, while [Wanl7, Algorithm 2] requires to compute the full set of £&-optimal
solutions, which may be much more difficult. Our algorithm does not require to perform Shapley-
Folkman decompositions, contrary to [Wanl7]. This is a major advantage when the dimension of
the aggregate ¢ is very large. Also, we do not need to evaluate f*. As a counterpart, we are only
able to find O(1/N)-optimal solutions, while the algorithm of [Wan17] can find O(g?/N?)-optimal
solutions. The design of a method for the computation of O(q A N/N?)-solutions will be the topic
of future research.

3.5.2 Social welfare example

A particularly interesting instance of is the social welfare optimization problem investigated in
a closely related paper by Mengdi Wang [Wanl7]. The cost function is the following:

1 & 1 &

Following her terminology, the function h; is the contribution of agent i to some common goods, fj
is a social cost function of the common goods, and [; describes the individual preference of agent i.
There are various applications fitting into the framework of , see [Wanl7]. In particular, some
power system management problems can be modeled as . Such a problem is investigated in
[SABT23|: x; represents the production profile of the generator 4, [;(x;) is its individual production
cost, fo denotes the demand elasticity or, equivalently, a penalty function that depends on the
difference between the average production and some inflexible demand D (e.g. fo := || - —D||?) so
as to penalize the deviation of the overall production from the inflexible demand.

Let us also mention the resource allocation problems, investigated in [BBGT20|, for example.
These problems are of the form (3.5.1]), where fy is the indicator function (as defined in [BCIT]
Example 1.25]) of a given point y € £, modelling the resource to be allocated over the agents.
These problems find applications in energy management (see for example [GPA21] and [JBGOIS]).
They do not fit to the current framework, since the indicator function is not differentiable, but can
be reasonably well approximated, replacing the indicator by a penalty function.

3.5.3 Discussion on the case of finite feasible sets

The stochastic Frank-Wolfe algorithm investigated in the previous sections was motivated by the
difficulty of manipulating probability measures, from a numerical point of view. However, when
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the sets X; are finite, with relatively low cardinality, it is possible to store probability measures
with possibly full support and some other numerical methods can be used to solve the randomized
problem. Let us assume (in this subsection only) that the sets &; are of cardinality n, € N and
that X; = {x},...,x[""}. Then the randomized problem reads:

N n;
minVN) f(% Z Z yfg(xf)), subject to: v; € A(ny), (3.5.2)

v=i., i=1 ¢=1

where A(n;) denotes the (n; — 1)-simplex, i.e.

A(n;) = {1/ e R™

i
Zuezland VKZO,VKZI,...,HZ‘}.
(=1

The problem is a convex program on a Cartesian product of IV simplices. Let us first note that in this
framework, Assumption |C|is trivially verified, since problem is just a minimization problem
over X; which can be solved by enumeration. Moreover any variant of the Frank-Wolfe algorithm
can be implemented, in order to solve the randomized problem in a faster way. We refer the reader
to [Jagl3| [LJJ15]. Some other methods could also be implemented. The problem could be solved
with the projected gradient descent algorithm, but the projection on the simplices is expensive
(see [Conl6]). Instead, the problem can be naturally addressed with the mirror descent algorithm
[BT03] (see in particular the entropic descent algorithm in Section 5), and with accelerated versions
of the entropic descent algorithm [KBB15].

Let us observe that if we require v to have integer entries in the problem , then we are back
to the original problem. Indeed, the elements of the simplex with integer entries are its vertices,
that is, the vectors of the form (0,...,0,1,0,...,0). Therefore the original problem can be viewed
as a mixed-integer convex program (MICP) and can be addressed numerically with combinatorial
techniques, see [BKL12l [CLV20] and the references therein.

3.5.4 Aggregative optimal control

We describe here a large-scale optimal control problem of the form of problem , with an infinite-
dimensional aggregate space. We verify Assumptions [A] [B] and [C] and we discuss the applicability
of the Stochastic Frank-Wolfe algorithm.

Let us first fix the data of the problem. For any ¢ = 1,..., N, we consider: an initial condition
z) € R", a control set U; C R™, a dynamics F;: (2;,u;) € R* x U; = Fi(z;,u;) € R, and a
contribution function ¢;: R" x U; — RE. We also consider a social cost £: R¥ — R. We make the
following assumptions:

1. Regularity and boundedness. For any i =1,..., N,

e [; is non-empty and compact

e F; is continuous, Lipschitz continuous with respect to z;, uniformly with respect to wu;;
moreover, there exists a constant K; such that || F;(z;, u;)|| < K;(1+]|2i]|), for any (z;, u;) €
R™ x U;
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e ¢; is continuous; moreover, there exists a function R;: Ry — Ry such that ||¢;(z;, u;)|| <
Rz(HzZH + HUzH)7 for any (z;,u;) € R™ x Uj.

2. Regularity of the social cost. The function ¢ is continuously differentiable, moreover, ¢ and V/
are Lipschitz continuous with moduli L, and Ly, respectively.

3. Convezity assumption. For any i = 1,..., N, for any y € R¥, for any z; € R", we define
Zi(y, z) the set of all elements (Z1,Z) in R"*! where there exists u; € U;, such that z; =
Fi(zi,u;) and zo > (VL(y), ¢i(2i,u;)). The set Z;(y, z;) is convex.

Let us mention a particular case in which the above convexity assumption is true: for any
i=1,...,N, for any y € RF, for any z; € R",

e For any z;, the map u; — Fj(z;,u;) is affine.
e The set U; is convex and the function u; € U; — (VL(y), ¢i(zi, u;)) is convex.

For any i = 1,..., N, consider the set X; of pairs (z;,u;) € WH(0,T;R") x L>®(0,T;R™)
satisfying
Zi(t) = Fy(zi(t),ui(t), 2(0)=2), wi(t) €U, forae. te(0,T).
A direct application of Gronwall’s lemma shows that for any (z;, u;) € &j, we have ||z;[| 0, 7;rn) <
K;, where K; = (1 + ||y} ||) exp(K;T) — 1.
The aggregative optimal control problem of interest is defined as follows:

inf /O Te(;f é ou(z4(0), () ) it (3.5.3)

(ziyus) (a €T, X
It is a special case of problem with m = 1, & = £ = L?(0,T;R¥), and
g (zi,w) €Xp = (t€(0,T)— ¢i(z(t),ui(t)) € L*(0,T; R¥)
Fry e L0, T;RY) [T e(y(t)) dt.

Problem can be seen as a nonconvex optimal control problem with state variable (z;);.
It finds application in energy management, in the situations mentioned in the introduction and in
particular those involving storage devices, for which the dynamics of the state-of-charge must be
taken into account. Once again we refer the reader to [SABT23|, which considers a convex stochastic
aggregative optimal control problem. In general, only dynamic-programming-based methods can
provide global solutions to nonlinear optimal control problems. They are not applicable here
because of the high dimension of the state variable, equal to Nn.

It is easy to verify that Vf is continuously differentiable and that f and Vf are Lipschitz-
continuous with moduli v/T'Ly and Ly, respectively. Let K; be an upper bound of supy, ey, |luill, for
alli € 1,...,N. Then g;(X;) is bounded in L2(0, T; R¥), with diameter bounded by 2vTR;(K;+K;).
Therefore, Assumption [A] is satisfied. If ¢ is convex, then f is also convex and then Assumption [B]
holds true. Let us verify Assumption |C| Given y € G(X), the problem to be solved at each
iteration of the SFW algorithm reads

T
mf [ (Ve a0, m(0) . (3.5.4)
0

(zi,ui)EX;
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This is an optimal control with state variable z;, which falls into the class of problems introduced
in [FR75, Chapter III, Theorem 4.1] and therefore possesses a solution. It the dimension of the
state variable, n, is small, then it can be solved by dynamic programming. We refer the reader to
[FE13].

3.5.5 Supervised learning problems

We describe and discuss here two applications of problem in the context of supervised learning.

Neural networks with one hidden layer We refer the reader to [CBI8, MMNI8, MMMI9).
Consider a neural network of the form = Zf\i L0«(a,7;), where a € R? is the feature vector,
r = (z;))¥, € (RP)N are the network parameters (to be optimized), and o.: RY x RP — R an acti-
vation function. We consider a loss function ¢: R — R . Given a data set (a;, bj)j]‘il € RExR)M,
the learning problem of interest writes

1 & 1 &
inf  — (b-—— (a;, ) 3.5.5
()Y e ®P)Y M Z PATT N 2T (8, 2:) (8:5.5)
It is of the form (P)), with & = RM, & =R, f;(y;) = ¢(bj — y;)/M, gij(x;) = o«(aj, ;). Assume
that the set {o.(a;,z)|x € RP, j € {1,...,M}} has a bounded diameter d. Assume moreover
that ¢ is continuously differentiable and that V¢ is Ly,-Lipschitz continuous. Then Assumption
is satisfied and we have D; = LV¢JZ, for the coefficients D; introduced in (3.4.1]). Therefore, by
Theorem the optimality gap is bounded by

(M A N)Ly,d?

2N?2 '
Moreover, if ¢ is convex, then Assumption [B|holds true. The resolution of the subproblems (3.3.1])

is not easy in general, we refer the reader to [dP20] where the linearized problems are shown to be

solvable by second-order cone programming in the case of ReLu activation functions.

Note that we are here in the symmetric case, as defined at the end of Section [3.2.2l The
mean-field relaxation proposed in Lemma3.2.8 was also utilized in [MMMTI9, MMNTS] for learning
problems of the form (3.5.5). A gap estimate of order O(1/N) is demonstrated, in the case of a
quadratic loss function ¢, see [MMNIS8|, Prop. 1]. Our gap estimate is more general since V is only
supposed to be Lipschitz; moreover, it is more precise in the case of an overparametrized network
(i.e. when M < N), since then it is of order O(M/N?).

Sparse reconstruction Another important learning example is the sparse reconstruction with
the lp-penalty, see [Mal09, MBP14]. Let D be a M by N dictionary matrix. The objective is
to approximate the observed vector 2 € RM by a sparse linear combination of the columns of
D. Following [MBP14, Eq. 5.6], we are interested in the following least square problem with the
fo-penalty:

1 ) 1 M N 9 N
nf ol = Dall’ + Bllalls, = inf, 2; (- ;Dﬁai) +5; L oy (1),
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where § is a constant and |||, counts the number of non-zero entries in a vector a. Adding
constraints of the form «; € [u;, v;] to the problem, it is easy to see that Assumptions |A|and [Bfare
satisfied. The subproblems (3.3.1]) are here of the form

inf  zo; + IR\{O} (Ozl)

e 73S [uz 7”1‘}

for some real number z. One can show that there is a solution that necessarily lies in {u;,v;, 0},
thus it is easy to compute.

Finally, let us mention other applications of the problem in a convex framework, for instance,
the “sharing problem” in [BPCII], Lasso regression in [FR16] and the dual problem of a linear
support vector machine (SVM) in [SST09, [FR16].

3.6 Numerical test for MIQP

In this section we provide numerical results for a mixed-integer linear quadratic problem of the
form (]ED Let A be a real M x N matrix and let § € RM. Consider the following problem:

: 1 112 (1« Yj i
Loin J(2) = 75 llAz = Gllgn = ; N Z; Ajimi = 3 |- (MIQP)
Problem has the form (]ED, with f;(y;) = (yj — %’)2 for 1 < j < M, and g;;(x;) = Ajix;
for 1 <i< N,1<j < M. Moreover, Assumption |A| is satisfied with I~/j = 2 and di; = |Aji|.
Thus Cq = % Zfi 1 Z]Ail |Aji|. Due to the linearity of g;;, the randomized problem coincides with
the minimization problem of J on [0, 1]V, which is a convex linear-quadratic program that can be
solved with independent methods; thus it is easy here to obtain a precise estimate of J*.

In the numerical simulation, we draw the parameters Aj; according to the uniform distribution
on the interval [0,1] while y; is drawn according to the uniform distribution on [0, N/2]. Thus,
C1 ~ M and the gap estimate is given by 20—1{, ~ 0.5. We perform our numerical experiments on a
laptop with one Intel Core i5-8250U processor (4 cores) at 1.60 GHz and 8 GB RAM.

The first experiment is a comparison of Algorithm with an open source solver, SCIP,
[BBC™21] and a commercial solver, GUROBI, [GO18|]. As mentioned before, the dual (random-
ized) problem is a convex linear-quadratic program. We can compute J* easily by solver GUROBI.
Table shows the value J* and results of obtained from SCIP, GUROBI and Algorithm
for different values of M, N ranging from 100 to 3200. In Table “Nan” indicates that
the solver has failed to return a result or that computation time has exceeded one hour. Denote
by vs the result of Algorithm [3.2] The indicated gap is a relative gap, in percent, defined by
(vs — J*)/T*. We can observe that the relative gap decreases as N increases, which is consistent
with the randomized gap (3.2.2)). The last three columns of Table show that Algorithm is
competitive in terms of execution time, in comparison with SCIP and GUROBI. Finally, observe
that for N = M = 3200, none of the two solvers could solve the problems while Algorithm [3.2] has
provided a solutions in approximately 6 minutes.

The second experiment is on the basic Frank-Wolfe algorithm and its stochastic version
In this experiment, we fix M = N = 1000. Figure [3.I] shows the outcome of the basic
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N— M Ve SCIP | GUR. SFWa SCIP \ GUR. \ SFW
value | value value g P time in seconds
in %

100 2.077 | 2.077 | 2.077 2.136 | 2.870 0.88 0.20 0.03
200 4.120 | 4.120 | 4.120 4.159 | 0.956 5.99 0.69 0.09
400 7.871 | 7.871 7.871 7.904 | 0.430 || 87.78 7.90 0.91
800 || 15.953 | Nan | 15.954 | 15.966 | 0.079 Nan | 10.63 6.18
1600 || 32.045 Nan | 32.048 | 32.0585 | 0.042 Nan | 81.41 | 42.51
3200 || 64.717 | Nan Nan | 64.724 | 0.012 Nan Nan | 330.95

Table 3.1: Comparison of the approximate values and execution times obtained with SCIP, GUROBI and
Algorithm for problem (MIQP|) with M = N = 100, 200, 400, 800, 1600 and 3200. In Algorithm we
take np = 1 and K = 2N iterations.

Frank-Wolfe algorithm with 200 iterations. The left sub-figure shows the evolution of ~; for
wi = 2/(k+2) (green curve) and for wy, determined by line search (red curve). A sub-linear
rate of convergence is observed (note that logarithmic scales are employed for both axes). The right
sub-figure represents the evolution of J(X*) — 7*, where X* is a random variable with distribution
u¥. For both choices of wy,, approximate solutions to the problems are simulated, with a gap smaller
than 1073, significantly smaller than the gap estimate 20—1{, The line search approach is quicker than
the approach with wy = I%Q

I -g JxhH -
—e— FW._line —e— FW_line_Sampling
10! — FW —— FW_Sampling
107!
1073
103
10° 10t 10?2 103 10° 10t 10?2 103

Number of iterations

Figure 3.1: MIQP by Algorithm [3.1} 2000 iterations, with wy = 2/(k + 2) and line search (3.3.6).

Figure shows the outcome of Algorithm (with the modification suggested in Remark
, for different (constant) choices of nj with 200 iterations, for two different stepsize rules
(wrp = 2/(k + 2) on the left, line search on the right). Since the algorithm is stochastic, we have
tested it 50 times to evaluate its efficiency; the curves represent the average value of 7. The
standard deviation (for these 8 instances of the SFW method) is displayed on Figure In all

cases, an average value of the gap significantly smaller than 20—]\1, can be reached; the standard
deviation is also significantly smaller than 20—]\1, at the last iterations. There is a benefit (both in

expectation and standard deviation) in increasing the number of simulations nj (note that the
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choice n; = 1000 is much smaller the rule suggested by Corollary [3.3.8)). Yet the convergence is
slower in comparison with the basic Franck-Wolfe algorithm, which can be explained by the use of
the selection method at each iteration.

, SFW with wy =2/(k + 2) SFW with wy determined by line search
101 1
—— n=10"0 —— n=10"0
n=10"1 ne=10"1
10'4 —— m=10"2 | | —— M=10"2
100,
10—1 4
10—2 J
1073 4
10° 10! 102 103 10° 10! 102 103

Number of iterations

Figure 3.2: MIQP by Algorithm with 2000 iterations, expectation of the gap.

SFW with wy = 2/(k + 2) SFW with wy determined by line search

10° —— m=10"0 —— m=10"0

n=10"1 n=10"1

—¥— n=10"2 —¥— n=10"2
10!
102
1073
1074

10! 102 103 10! 102 10°

Number of iterations

Figure 3.3: MIQP by Algorithm with 2000 iterations, standard deviation of the gap.

3.7 Numerical test for discrete aggregative optimal control prob-
lems

This section is dedicated to a class of aggregative optimal control problems in discrete time and
discrete state space (the continuous version is presented in section . These problems involve
a large number N of agents, indexed by i = 1,..., N, and time steps ranging over t = 0,1,...,7.
For any agent ¢, we fix a finite state set .S; and a finite control set U;. The evolution of agent i
is described by transition functions wt: S; x U; — S;, where t = 0,...,T. We also fix mappings
Ul: S; — 2Ui describing the feasible controls of the agents: at time ¢, if the agent 7 is in state st, he
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can make use of all controls in Uf(s!). The initial state of each agent i is constrained to be in S? ,
a subset of S;. The problem also involves some functions f;: R — R which we call social cost (at
time ¢) and some functions hl: S! x U; — R, which we call contribution functions. We also make
use of functions ¢¢: S! x U; — R, which we call individual costs. The optimal control problem of
interest reads:

int I (s,u) = S0 fi (G S Gt )
7 et Do Li(sh ub),

st st =ql(stul), ul € Ul(st), s9 € S,

(2

V¢=0,1,....,T—1,i=1,2,...,N,

(3.7.1)

where (s,u) = (st,ul) =01

A standard approach to deal with problem relies on the dynamic programming principle
(see [Berl2]), in which a key step is to compute the value function V': {0,1,...,7} x S — R, where
the state space S is defined by Hf\; 1 S;. For our problem, Bellman’s equation reads as follows: for
any t € {0,...T}, for any s € S,

Vi(s) = min f( ZN: (84, u; ) 12]\[: (84, u;
_uEUf t s iy Wg N P 3] z
+ VI (s, u)),

where Ul(s) = Hf\;l Ul(si) and where mt(s,u) = (7¢(s;,u;))~.;. We observe that the complexity
of Bellman’s equation increases exponentially with /V; this phenomenon is the well-known curse of
dimensionality. As a consequence, the dynamic programming approach is not tractable for problem
when the number of agents N is large.

Let us reformulate optimal control problem as a problem of the form . Next, we
address its resolution with the SFW algorithm.

3.7.1 Reformulation

Let us consider an agent ¢ and let us describe its state-control feasible set &;j. Recall that a state
Si, a control set U;, mappings U}: S; — 2Vi | and transition mapping mt: S; x U; — S; are given.
We call feasible state-control trajectory an element z; = (s;,u;), where s; = (s9,...,s7) € (S;)T*!

’? %
and u; = (u,...,ul) € (U;)T*!, such that

7 (A
0 0 ¢ to ot 041 _ 0,60 6
s; €87, u; €Uj(sy), s =m(s],u5),

forany t = 0,...,7 and any # = 0,...,7T — 1. We denote by X; the set of feasible state-control
trajectories. We set X' = Hf\i 1 Xi. The non-emptyness of X; is a straightforward consequence of
the following assumption.

Assumption 3.1. The set S? is non-empty. For all t = 0,...,T, for all st € S;, the set Uf(s!) is
non-empty.
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With each agent i are associated (7' + 1) contribution functions hf, t = 0,...,T and (T + 1)

individual costs Z’Z‘f, t=0,...,7. Weset & = ...Er4+1 = Rand we define T+2 functions g;;: X; — &
by
(z2) ht(sz,uf) ift<T
9it\Ti) = vy .
o ST (st ) ift=T+1.

The social costs fo,..., fr are the same as in the original problem . The social cost
fre1: Ers1 — R is the identity function. With these definitions, problem is equivalent
to

T+1

1 N
inf | Z ft( Zgn(%)) (3.7.2)
X i=1

(z) N €T

3.7.2 Assumptions

As before, we denote g;(x;) = (git(xi))t=0,... 741, € = HT+15 RT+2 and for y € &, f(y) =
TH o fi(ys). Forany i =1,...,N and for any t = 0,...,T + 2, we denote

N

1
Vie = {gir(2;) |2 € X} and Y, = ~ Em
1=

Assumption 3.2. Fori=1,2,...,N and for t =0,1,...,T,
e f; is L4-Lipschitz on conv(Y;),
e f; is continuously differentiable on a neighborhood of conv(Y;), V f; is Ly-Lipschitz on conv(Y;)

e f; is convex on conv(Yy).

Assumptions and imply Assumptions [A| and [B| for problem (3.7.2). Assumption |C] is
trivially satisfied since &j is a finite set.

3.7.3 Resolution of the sub-problems

We explain now how to solve the sub-problems (3.3.1)) associated with the aggregative optimal
control problem (3.7.2). Let y € £. Let u € € be defined by uf = Vf;(y'). By definition of fryi,
puT 1 = 1. The sub-problem ([3.3.1)) reads:

T

inf > (¢t ub) + (', AL(s) ul)) ) (3.7.3)
T, €A,

t=0
The sub-problem ([3.7.3]) can be solved by dynamic programming. Algorithm yields a solution

to (3.7.3). For convenience, we denote

Gl (s, ui) = G (s5, ug) + (' hi(si, )

79 7 77 (A 79 1
in the algorithm. The algorithm consists of two steps: first in a backward pass, a sequence of value
functions (T/it)t:07..,,T+1 is computed, where Vit: S; — R. A globally optimal solution is obtained in
a forward pass. Note that the value of the optimization problem of Step 1 is finite as a consequence
of Assumption
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Algorithm 3.4: Dynamic programming algorithm

Step 1: Backward pass.
Set VI (st =0, for any s7 ! € ;.
fort=T7,T—-1,...,0do
for st € S; do
Define V}!(st) as

ugentlfi;r(ls;) Clut)(st, ) + VI (st ).

end
end

Step 2: Forward pass.
Find 59 € argmin V?(s9);
s%es9
fort=0,...,7 do
Find a solution u! to the problem

min  C4[pt](st, ) + Vi (w8, ).

£(5t 4t
Ul (st,ul)

o ol _tiot
Ift <T,set 5,7 =mnl(st,al).
end

Remark 3.7.1. As mentioned in the introduction, problem could be addressed by dynamic
programming. This would allow the computation of an exact solution. However, this would require
to compute a value function of the form V*(s), where s' = (s},...,sl) € Hfil S;. The resulting
complexity, of order T’ Hf\; 1 1S3, is prohibitive even for moderate values of N. In contrast, the
complexity of each iteration of the SFW algorithm is linear with respect to IV, while the accuracy
of the algorithm improves as N increases.

3.7.4 Numerical simulations on a battery charging problem

Let us now turn to the problem of the charging of a fleet of batteries. We propose a very simple
model which is essentially illustrative, rather than realistic. However, it is emphasised that the
proposed approach can easily incorporate more realistic constraints on battery operation (e.g.
taking into account limits on cycles numbers). Indeed, these refinements remain localized at the
sub-problem level (impacting only the dynamic programming Algorithm [3.4). They consist either
in adding a state variable or in modifying the local costs in order to penalise undesired behaviour.
Suppose that there are N batteries to be charged. Let s! be the state of charge (SoC) for the
battery i at the time ¢.

Dynamics. The dynamics of each battery is characterized by three parameters: an initial state
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of charge s;n € N, a maximal state of charge s*** € N, a maximal load speed u;"** € N. We define:

S' — {Sip max} SO {Sm} U — {0 max},
Ui (s;) = {0, ... min(uj™™, 57 — 57) },
t

(5, uf) = sf 4 u.

In words: the initial condition sin is given, the charging of the battery is additive, the charging

max max

speed is bounded by u®® and is such that s! can never exceed s}

Cost functions. Some positive coefficients (5;)i=1,..~, (ou)i=0,..., 7—1, and (¢t )0, 7—1 are given.
The individual costs are
(sthuby=0, vt=0,...,T—1,
ﬁT( T T) — Bi(smax _ ST)Q.

7

The contributions are defined by h! (s, ul) = 0 and
Ri(st,ul) =wul, Vt=0,...,T 1.
The social costs f; are defined by fr(yr) = 0 and

ft(yt):at(ytfct)Qa VtzovyTil

Therefore, the cost function J reads

T-1 N
AGE ) v
t=0 i=1

The cost function has two contributions, one depends on the average of charging levels of all the
batteries, the other one depends on the individual final SoC of each battery. To be more precise,
for t < T — 1, the average charging level needs to approach some target power ¢;. For ¢t = T, the
batteries expect to approach their maximum SoCs.

Numerical simulations. The parameters are chosen as follows:

e N=100,T =24

e 5" (resp. s

max __
X =4

18X is chosen randomly and uniformly in {0,1,...,20} (resp. {20,21,...,40}),

e o' is chosen randomly and uniformly in [1,2], 3; is chosen randomly and uniformly in [0, 1]
o ¢! = 1.5[sin(nt/12) + 1].

Thus, for t = 0,1,...,23, the diameter of the range set Yj; is less than u}*** = 4, and the Lipschitz
constant Ly is 2o, which is less than 4. Then, we have the following upper bound for the relaxation
gap C1/2N:

23 100

G101 )
Lo .. 4.3 4% =7,68.
2N = 200 100 Z( ; ) ’
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Chapter 3. Large-scale nonconvex optimization: randomization, gap estimation, and numerical resolution

Fig. shows the outcome of Algorithm with 500 iterations to get an approximation of
the minimum J* of the relaxed problem. The curve represents the relaxed cost. Fig. shows
the outcome of Algorithm for different choices of ny with 100 iterations. Since the algorithm
is stochastic, we ran it 50 times independently to evaluate its efficiency; the curves represent the
average value of v, = J(zF) — J*. The standard deviation is displayed in the right part of Fig.
In all cases, an average value of the gap significantly smaller than 7,68 can be reached; the
standard deviation is also significantly smaller than 7,68 at the last iterations. We have initialized
the algorithm with values of x? such that uf =0, for any t =0,...,7 — 1.
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Figure 3.4: Frank-Wolfe Algorithm with 500 iterations for the relaxed problem.

3.8 Conclusion

We have investigated a large-scale and aggregative optimization problem and its relaxation. New
error bounds for the relaxation gap have been obtained. We have proposed a tractable algorithm for
its resolution with a detailed convergence analysis relying on concentration inequalities. Assuming
that an efficient method for the resolution of the subproblems is available, the implementation of
our stochastic Frank-Wolfe method is easy.

Future research will focus on refinements of the selection method, allowing the computation of
O(q A N/N?)-solutions. We also aim at working on more complex problems, involving for example
convex constraints on the aggregate, as for example the resource allocation problems mentioned in
section [3.5.2] Such constraints could be handled with extensions of the Frank-Wolfe algorithm for
non-smooth costs as those proposed in [SFMFE20], YFC19|. Finally, we intend to apply our method
to large-scale optimal control problems, such as nonconvex variants of the problem investigated in
[SABT23].
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Figure 3.5: Algorithm with 100 iterations, expectation of the gap.
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Figure 3.6: Algorithm with 100 iterations, standard deviation of the gap.

3.9 Appendix

3.9.1 Concentration inequalities and other technical lemmas

Proposition 3.9.1. Consider T' real-valued random variables (Yy)i=1,..17. Let (Fi)i=1,. 7 denote
the associated filtration (Fy is the trivial o-algebra). Let Z; = E[Y;?|F;_1] and let St = Zthl Y;.
Assume the following:

T
(i) EY;|Fa]l=0, (i) Yy<m, (i) » Zv<wv, as. (3.9.1)
t'=1

forallt =1,...;T and for some constants m and v. Then, E[S%] < w. Moreover, for any € > 0,

2

P[Sr > €] <exp ( - m) (3.9.2)

Proof. The estimate of E[SZ] can be easily obtained by induction. For the estimate of ]P’[ST > e],

see [Dell5, Theorem 7]. O

As a corollary, we obtain the following McDiarmid’s inequality of “variance type”.
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Corollary 3.9.2. Let (2, F,P) be a probability space and let (;)i=1,..n be n measurable subsets
of Q. Let X = (Xj)i=1,..n be n independent random variables valued respectively in (€;)i=1,..n-
Consider a measurable function f: [, Q — R and real constants m € R and (v;)i=1,..n Such
that

Var [ f(X;, z—)] <v?, a.s., {f(Xl,:c -E[f(X z)” <m, a.s.,

for alli=1,...,n and for all z_; (Hl Lo, ) (HJ i1 QJ). Then, for any e > 0,
2

P|f(x) — E[f(x)] 2 ] Sexp<—2(z f +mg)) (39.3)

Proof. Define Y; = E[f(X) | X1,...,X¢]—E[f(X) | Xi,...,X;—1] and apply Proposition[3.9.1, O

Lemma 3.9.3. For all k € N, denote w = k+2
numbers. Assume that there exists a positive number C' such that

Let (ug)ken and (vi)ken be two sequences of real

Vi1 < (1 = wp)yk + Cwip + g, (3.9.4)

for all k € N. Then, for all K € N*,

=y LAY (3.9.5)
k=0
Proof. We proof this lemma by induction on K. We have wy = 1, thus taking k¥ = 0 in (3.9.4)), we

obtain that y; < C + ug, which proves the claim for K = 1. Let us assume that the claim holds
true for some K € N*. We deduce from (3.9.4) that

K-1

1 1 (k+1)(k+2)
< C 7< )
7K“—<1(+2+(K+2)) K12 £ TR(K +1) K

10 & (k+1)(k+2)
= K+1+§)(K+1)(K+2)uk

Therefore the claim holds for K + 1. This concludes the proof. O

Lemma 3.9.4. Let A, B, and C be three random variables. Assume that B is independent of (A, C)
and that B ~ Bern(w) for some w € [0,1]. Let F be a real-valued function of (A, B,C). Assume
that |F(A,1,C)—F(A,0,C)| <0, a.s. Finally, define U =E[F(A,B,C) | A, B|-E[F(A,B,C) | A].
Then,

E[U | A] =0, U <o, E[U? | Al <w(l —w)d?, a.s.

Proof. The equality E[U | A] = 0 is trivial. We have U = E[Z | A, B], where
Z=F(A B,C)—-E[F(A,B,C) | AC].

It is easy to verify that Z < 4, a.s., which implies that E[U | A] = E[Z | A] < ¢. The first inequality
is proved. For the second inequality, we first note that

E[Z?| A,C] = w(l —w)(F(A,1,C) — F(A,0,C))?,
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as can be easily verified. Thus E[Z | A] < w(l — w)é?. Next by Jensen’s inequality, we have
U? <E[Z? | A, B]. Therefore,

E[U? | A]<E[E[Z* | A,B] | A] =E[Z* | A] < w(l —w)&?,
as was to be proved. O

The following lemma is an elementary property of the conditional expectation. For the sake of
simplicity, we only state it (and prove it) with discrete random variables.

Lemma 3.9.5. Let X, Y, and Z be three random variables. Assume that 'Y and Z are discrete
and that Z is independent of (X,Y). Then, E[X |Y,Z] =E[X | Y].

Proof. By definition, E[X | Y, Z] = ¢(Y, Z), where ¢ is defined as follows: for any pair (y, z) such
that IP)[Y =yand Z = z] #0,

ElX1y_,1z_, ElX1y_
o9 = oozl Er=]
PlY =yand Z=2z2] P[Y =y]
since Z is independent of (X,Y"). Thus ¢ does not depend on Z and the result follows. O
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Chapter 4

Mean field optimization problems:
stability results and Lagrangian
discretization

4.1 Introduction

Mean field optimization (MFO) problems have recently gained significant interest in various do-
mains, including training problems with neural networks with one hidden layer [CB18, MMNI18§],
sparse inverse problems with differentiable observation models [BSR17], etc. The abstract mean
field optimization problem of interest writes:

inf
Jnf) F (),

where P is a set of probability measures and F is a function from P to R. This chapter is concerned
with the case where P is the set of probability measures sharing the same marginal distribution
and F(u) depends on the expectation of u with respect to a certain function. To be more concrete,
let X and Y be two complete and separable metric spaces and let H be a separable Hilbert space.
Let Z be a closed subset of X x Y and let m be a probability measure on X. We focus on the
following problem, parameterized by m:

inf / d ) s Pm
Lt f< i (Pon)

where g: Z — H is a Borel measurable function and f: H — R is a convex function. The admissible
set P (Z) is the set of all probability measures on Z whose marginal distribution on X is m. We
mention that the rigorous setting for is presented in Sec.

Motivation. Problem can be viewed as a social welfare optimization problem, where we
consider nonatomic agents (the case with atomic agents is explored in [Wan17, BLO™22]). Here, the
agents’ positions are distributed according to m, and the set Z consists of all feasible pairs of agent
positions and strategies. The function g(x,y) represents the contribution to some common goods
made by an agent situated at some position z and following a strategy y. The objective function of
involves a function f, called social cost f, evaluated at the aggregate term |, » g9dp. Tt is worth
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mentioning that problem has the general form of the potential formulation of several games
with variational structure, including aggregative congestion games [LOW22], nonatomic potential
games [CL18b], and potential Lagrangian mean field games (MFGs) [BCS17] described in detail in
the following paragraph. This is a consequence of the first-order necessary and sufficient optimality
condition: As will be shown, any fi € P,,(Z) is a solution to (P,,)) if and only if for A = V[, gdi),
it holds that

supp(fiz) € BRj3(z) == argmin {(\, g(z,9)) | (z,y) € Z}, for a.e. z in m. (4.1.1)
yey

Here (fiz)zex denotes the disintegration of i (see Theorem [4.2.7)) and supp(fi,) denotes the support
of fiz (see (4.2.1))). This result is precisely stated in Corollary In other words, (4.1.1)) defines

the conditions for a Nash equilibrium: an agent at position  must minimize (), g(x,-)) and X is a
coupling variable, common to all agents, which results from their collective behavior through the
relation A = V f( [, gdn).

Lagrangian MFGSs. The framework of the potential Lagrangian mean field games (MFGs) follows
from [BCSI17, [SS21, [CCI8, [Sar22]. Let us fix a domain @ C RY and a final time 7 > 0. Let
AC(]0,T],R%) be the set of all absolutely continuous functions from [0, 1] to R%. For any = € ,
we denote,

I:={y e AC([0,T],RY) | ~(t) € Q, ¥t € [0,T]}, I, ={yel | v0) =z}.

Let Z = {(z,y) | £ € Q,v€T,}. Let m € P(Q) be the distribution of initial states of players.
Following [Sar22], a general potential Lagrangian MFG writes:

T
inf / / t))dtdu(z) + F(estmodtp)dt, (4.1.2)

HEPm(Z) t=0

where L: R? — R is a running cost, F: P(Q) — RU{+00} is a congestion cost, e;: T' — Q, v +— (),
and my: Z — T, (z,7) — . We are interested in the case where there exist two functions §: R* — R
and f: R — R such that for any v € P(Q),

Fo) = F ([ atervta).

In this case, the previous Lagrangian MFG (4.1.2)) writes:

w2 / / £))dtdp(, ) + /:Of ( /Z g(v(t))du(x,w) dt, (4.1.3)

which follows the structure of problem . We comment more in details on this example in
Remark [£.3.61

Theoretical results. We study the MFO problem from both primal and dual perspectives.
In the primal sense, we establish a first-order optimality condition for under mild assump-
tions. As we already explained, this condition turns out to be equivalent to a Nash equilibrium
condition for Lagrangian MFGs and nonatomic potential games, as discussed in Remarks
Additionally, we provide an existence result for the solution under a “tightness” assumption
on the minimizing sequence of .
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The first contribution of this chapter lies in the stability analysis of the primal problem ,
see Theorem Firstly, we derive an upper bound for the variation of the optimal cost of
for two different parameters m. The obtained bound is linear with respect to the Kantorovich-
Rubinstein distance of the parameters. Secondly, we introduce a recovery method (Algorithm ,
which bridges approximate solutions for problems with different parameters. This recovery method
is important for the discretization of the problem, since it permits to construct an approximate
minimizer of the original problem based on an approximate solution of the discretized problem
(P, ) stated later.

From the dual perspective, we prove the strong duality for (P,,) under certain qualification
assumptions. We also conduct a stability analysis for dual problems with different parameters,
obtaining upper bounds for both the gap of the dual values and the distance of the dual solutions.
At the end of this section, we provide a formula for the directional derivative of the value function
of using the strong duality result.

Discretization and algorithms. We present an original resolution method for the MFO problem
. Our approach relies first on a discretization of the marginal m, as proposed in [Sar22|] for
Lagrangian MFGs. We approximate the common marginal distribution m in by an empirical
distribution my = % Zfil 0z,, where x; € X for i =1,..., N and N is a sufficiently large integer.
This allows us to write the associated discretized problem for as

MEPmN(Z)f< Zg s ( )

To solve numerically, a first approach is the Frank-Wolfe algorithm [JagI3|, in which one
needs to solve a linearized problem at each iteration. This approach is similar to the
fictitious play algorithm applied to the Lagrangian MFG in [CH17]. As mentioned in [BSR17,
CB18, BLOT22], one major issue of the Frank-Wolfe algorithm is the increase of the cardinality of
the support of the approximate solution along the iterations, which may cause a memory overflow
problem.

We suggest to leverage the fact that the discretized problem (P,,,|) can be equivalently rep-
resented as the relaxation of an aggregative optimization problem involving N agents, as defined
by the authors in [BLO™22]. This allows to apply to (P,,,]) the Stochastic Frank-Wolfe algorithm
proposed and investigated in [BLOT22|. The output of Algorithm has a support of fixed size
N.

Finally, the combination of the Stochastic Frank-Wolfe algorithm (Algorithm with the
recovery method (Algorithm allows to obtain an approximate solution of whose quality
improves as the discretization parameter N increases, as demonstrated in Lemmal[4.5.7and Theorem
To illustrate the effectiveness of our approach, we apply it to a numerical example taken
from |GHS22], involving the optimal exploitation of exhaustible resources.

Organization. In Section [4.2] we present some notations and results in measure theory and
set-valued functions, as well as the rigorous description of the data of problem . Section is
dedicated to the primal problem: We provide a first-order optimality condition, an existence result
and a stability analysis for the primal problem. In Section we formulate the dual problem of
, we prove strong duality, and we prove the stability of the dual solution. We provide our
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numerical method in Section We perform in Section some numerical simulations for a
Lagrangian MFG model taken from [GHS22].

4.2 Preliminaries

4.2.1 Results in measure theory

A metric space is called a Polish space if it is complete and separable. Let X be a Polish space
equipped with a metric dx, and let X be a o-algebra on X. The Borel g-algebra on X is denoted
by BX. Given any measure m on X, we refer to the triplet (X, X', m) as a measure space. Measure
spaces are said to be complete if for any A € X with m(A) = 0 and for any subset B of A, we have
B € X. We define

P(X) := {m is a positive Borel measure on X, and m(X) =1};
PHX) = {m e P(X) ‘ Jxg € X such that / dx(z,xz9)dm < —i—oo} .
X

Let 6, denote the Dirac measure at point . We denote by Ps(€2) the set of finitely supported
probability measures, defined by

K K
Ps(X) = {Zwkfszk K eN, (wi)isy € RS, (z)fl € XY wn = 1}-
k=1 k=1

In particular, we call m € Ps(X) an empirical distribution if \y =1/K for k=1,..., K.
The set P(X) is endowed with the narrow topology. We say that a sequence (my,),>1 in P(Z)
narrowly converges to some m € P(X) if for any bounded and continuous function F': X — R,

lim den—/ Fdm.
n—-4o00 X X

The space P!(X) is endowed with the Kantorovich-Rubinstein Distance,
d(mo,m) = sup [ Py~ m),
FeLip, (X) /Q
where Lip;(X) is the set of all 1-Lipschitz continuous functions on X. For any m € P(X), the
support of m is defined by
supp(m) == {z € X | m(V) > 0 for all open set V such that z € V'}. (4.2.1)

Lemma 4.2.1. Let m € P(X). Let F': X — Ry be a Borel measurable function. Assume that

/ Fdm = 0.
X

Then F =0, m-a.e. Moreover, if F~1({0}) is closed, then supp(m) C F~1({0}).

Proof. The fact that F = 0, m-a.e., is from [Rud87, Thm. 1.39(a)]. Now, let F~({0}) be closed.
Suppose that there exists x € supp(m) such that x ¢ F~1({0}). Since F~({0}) is closed, there
exists an open neighborhood V' of z such that F(z) > 0, for all z € V. By the definition of
the support of a probability measure, we have m(V) > 0. Therefore, f x Fdm > fv Fdm > 0,
contradiction. O
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4.2.2 Results about set-valued functions

In this subsection, we consider a metric space X equipped with a metric dx, a o-algebra X on X,
and a measure m on X. Additionally, we fix a Polish space Y with a metric dy, and we denote
the Borel o-algebra on Y by BY. We call F' a set-valued function from X to Y if F(z) C Y for all
x € X, denoted by X ~» Y for short. The graph of F is defined by

Graph(F) == {(z,y) e X XY | y € F(z)}.

We say that F has closed (non-empty) images, if for any x € X, F(x) is closed (non-empty) in Y.
Let us give some definitions concerning regularity properties of set-valued functions, which are
from [AFQ9, Def. 1.4.1, Def. 1.4.2, Def. 1.4.5, and Def. 8.1.1].

Definition 4.2.2. Let F': X ~» Y be a set-valued function with non-empty images.

1. (Lower semi-continuity). The set-valued function F' is lower semi-continuous at point z € X
if for any y € F'(z) and any sequence (z, € X),>1 converging to x, there exists y, € F(x,)
converging to y. The set-valued function F' is said to be lower semi-continuous if it is lower

semi-continuous at each point = € X.

2. (Upper semi-continuity). The set-valued function F'is upper semi-continuous at point x € X
if for any neighborhood U of F(z), there exists 7 > 0 such that for any 2’ € Bx (x,n), we have

F(z') CU.

The set-valued function F' is said to be upper semi-continuous if it is upper semi-continuous
at each point z € X.

3. (Lipschitz continuity). When X and Y are normed vector spaces, we say that F'is L-Lipschitz
continuous on X, for some L > 0, if for any x1, x5 € X,

F(ml) C F(x2) + By(O,de(.%'l, xg))
Here By (0,7) denotes the closed ball in Y centered at 0 with radius r > 0.

4. (Measurability). The set-valued function F' is measurable if the inverse image of any open
subset O of Y is measurable, i.e.,

FLO)={zecX | Flx)NnO # 0} € X.
An important property of measurable set-valued functions is the existence of measurable selec-
tions.

Theorem 4.2.3 (Measurable selection). Let F': X ~~ Y be a measurable set-valued function with
non-empty images. Then F has a measurable selection f, i.e., f: X — Y is (X,BY)-measurable
and f(z) € F(z) for any x € X.

Proof. See [AF09, Thm. 8.1.3]. O
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The following two lemmas will allow us to prove the measurability of some set-valued functions.

Lemma 4.2.4. If F: X ~ Y is a set-valued function such that F~1(C) € X for any closed subset
C of Y, then F is measurable.

Proof. See [CV06l, Prop. III.11]. O

Lemma 4.2.5. Let (X, X, m) be a complete measure space, with m a positive measure such that
m(X) = 1. Then any set-valued mapping F': X ~»Y is measurable if and only if Graph(F') belongs
to X @ BY.

Proof. See [AF09, Thm. 8.1.4]. O

4.2.3 Data setting and technical lemmas

Recall the MFO problem . We consider the following setting:
e Two Polish spaces and their Borel o-algebras: (X,B%) and (Y, BY).
e A probability distribution on X: m € P(X).
e A set-valued function F': X ~» Y with a closed graph and non-empty images. Let

Z = Graph(F), Zy = F(x), Vx € X.

The admissible set of probability measures:
P(Z) ={pn € P(Z) | m#pu=m},

where m: Z — X, (x,y) — .

A separable Hilbert space: H.
e Two Borel measurable functions: g: Z — H and f: H — R.

The integral [, gdp in (P,,)) should be interpreted in the Bochner integration sense. We refer
to [Coh13, Appx. E] for Bochner integrable functions.

Lemma 4.2.6. If there exists a constant M > 0 such that ||g(2)|| < M for any z € Z, then the
function g is Bochner integrable with respect to any p € P(Z), i.e., fZ gdp exists. Moreover, for

<A7/ngu> Z/ZM,g)du-

As a consequence, for any i, p2 € P(Z), we have

< /Z gdp /Z gdu2> = /Z /Z (9(2), g(y))dp (z)dpa(y).
120

any A € H, we have



4.3. Primal mean field optimization problem

Proof. As H is separable, the function g is strongly measurable. Moreover, as the constant function
M is Bochner integrable with respect to any pu € P(Z), and |g(z)| < M for any z € Z, it follows
from [Cohl13l Prop. E.2, Thm. E.6] that ¢ is Bochner integrable with respect to any u € P(Z).
Therefore, we can apply [Cohl13, Prop. E.11] to obtain the first equality of this lemma. The second
equality is obtained by applying twice the first one. ]

Theorem 4.2.7 (Disintegration theorem). For any p € Pp(Z), there exists a family of probability
measures {pzex € P(Y)}s such that for any Borel measurable function f: Z — Ry, we have

/zfdﬂ:/x/z, f(@,y)dps(y)dm(z).

Moreover, for a.e. x € X, ug is uniquely determined.

Proof. See [AGS05, Thm. 5.3.1]. O

Remark 4.2.8. 1t is not difficult to generalize Theorems to functions f bounded from below,
by adding to f a sufficient large positive constant.

4.3 Primal mean field optimization problem

4.3.1 Assumptions and constants

To simplify the presentation of the assumptions and the results of the chapter, we introduce the
following (set-valued) functions, parameterized by A\ € H:

e g\: Z—Rand uy: X =R,

gA(x,y) = <)‘7 g(m,y)), U)\(.%') = yleanl g)\(:v,y);

e Gy: X ~Rand BRy: X ~~ Y,

Ga(7) = {gx(z,y) | v € Z.}, BR)\(z) = argr;ingx(m,y)-
YELy

Assumption A. The following holds:

1. The function g is bounded. The function f is convex and differentiable, and V f is Lipschitz
continuous with modulus L.

2. Let Hy ==V f(H). Fixing any A € Hy, we have:

e the function g is lower semi-continuous;
e the set-valued function G, is lower semi-continuous;

e the set-valued function BR) has non-empty images.
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oo (L)

We present here a lemma following Assumption [A]l A similar result for the Lagrangian MFG is
presented in [CC18, Lem. 3.4].

Three useful constants below are defined, following Assumption [A}

M=suplg(z)l, D= sw |lg)—g(z=)[2  C= sup
2€Z 21,22€7 HEP(Z)

Lemma 4.3.1. Under Assumption EI, for any X € Hy, the set-valued function BR) has a closed
graph.

Proof. Let xp, € X converge to some Z € X, and let y;, € BRy(z) converge to some § € Y. We
have to prove that y € BR)(Z). First, we have y € Zz, since Z is closed. Fix any y € Zz. Since
G is lower semi-continuous, there exists a sequence (g )ren in Z;, such that
gA(Z,y) = lim gx(zk, Jr)-
k—o0
By the lower semi-continuity of gy, we have

gx(Z, ) < liminf g (zg, yk)-
k—oo

Since yx € BRy(zy) and §* € Z,,, we have gx(zx,yr) < ga(2k, Jx) for any k. Passing to the limit
in this inequality (using the above inequalities), we deduce that ¢(Z,7) < gA(Z,y). Thus, BR)
has a closed graph. O

In Section we will consider the dual problem of (P,,)). For the analysis of Section
Assumption [A] needs to be strengthened as follows:

Assumption A*. Assumption [A[1) holds true and Assumption [A[2) holds true for all A €
dom(f*), where f* is the Fenchel conjugate of f.

Remark 4.3.2. Assumption A* is indeed stronger than Assumption [A| since Hy = Vf(H) C
dom(f*). This inclusion is deduced from Fenchel’s relation: y = V f(z) < f*(y) = (z,y) — f(z).
4.3.2 First-order-optimality condition

The following lemma plays a key role in proving the first-order optimality condition for (P,,)).
Lemma 4.3.3. Let Assumption @ hold true. For any A € Hy, we have

inf Ay = dm.
uegiw)/z” s /xuA "

Here we present a proof of Lemma for the case where m has finite support, that is,
m € Ps(X). This particular case provides us with insight into the general proof, and proves
beneficial for resolving the discretized problem introduced in Section 4.5

Proof of Lemmal[{.3.9 when m € Ps(X). Fix any p € Pp(Z). Since g is bounded over Z, the
function gy is bounded from below. By Lemma and Remark we have

Lw@a&@m@%%@m@ZAmm7
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4.3. Primal mean field optimization problem

where the second inequality follows from the definition of uy.

Let us prove the converse inequality. Let us fix m € Ps(X). Let K € N, let (x)g=1,.. K € Xk
and let (wy)p=1,.. K € Rf be such that Zszl wp =1and m = Zle WOy, . Forany k=1,... K,
let y € BR) (k). Let us define

Mw

ké(xk 7yk
k=1

Clearly it € Pp,(Z). Moreover,

K
/gxdu ZkaA (ks Yk) ZWkUA(«’Uk)Z/ urdm.
k=1 X

The conclusion follows, moreover, ji minimizes |, 7 gxdp over P, (Z). O

In the general case, one has to find a measurable selection of BR), which requires us to prove
the measurability of BR), which cannot be done in a direct fashion. The complete proof is given

in Appendix

Theorem 4.3.4 (First-order optimality condition). Let Assumption[A|(1) hold true. Let ji € Py (Z)
and A\ =V f (fZ gdﬁ). Consider the following three assertions:

1. The measure i is a solution of problem ;
2. fZ gidﬂ = inquPm(Z) fZ gidu;'
3. supp(fiz) € BR5(x), m-a.e., where fiy is defined by the disintegration theorem.

Then, assertions (1) and (2) are equivalent. Moreover, under Assumption [A|(2), assertions (1),
(2), and (3) are equivalent.

Proof. Step 1. (Equivalence between (1) and (2)). We first prove that (1) = (2). Suppose that &
is a solution of problem (P,,)). Take an arbitrary p € Pp,(Z). Then, for any « € [0, 1], we have

f(/zgdﬂ> <f</ng(ﬂ+a(u—ﬁ))>
Sf(/zgdﬂ>+a</_\7/zgd(uﬂ)>+a2§D,

where the second inequality follows from the Lipschitz-continuity of Vf and the definition of D.

LD
0< <)\ / gd(p )> + aT
Let a go to 0. We obtain that

)\,/ d>— inf <)\/ d>. 4.3.1
< gdi) = 9du (4.3.1)

This implies (2) by the definition of g5.

Therefore
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Chapter 4. Mean field optimization problems: stability results and Lagrangian discretization

We now prove (2) = (1). Let (2) hold true. We obtain (4.3.1) by the definition of g5. The
convexity of f implies that for any p € P,,(2),

(o) 27 (o) « (5 Lot o) = o)

Therefore, i is a solution of problem ([P,,)).
Step 2. (Equivalence between (2) and (3)). By Theorem we have

[ sdi= [ [ sx@n)diat)in).
z xJz,
By Lemma [4.3.3] we have

inf vd :/ usdm.
MEPm(Z)/Zg)\ H X A

Therefore, assertion (2) is equivalent to

/X/ngx\(x’y)dﬂx(y)dm(ﬂﬁ)Z/Xu)\dm. (4.3.2)

Let (3) hold true. It follows that fZ, 95(z,y)dfiz(y) = us(x), m-a.e., which implies ([4.3.2)).

Let (2) hold true. We obtain (4.3.2) . The function z — (IZI 95 (2, y)dfiz(y)) — ux(2) is nonneg-
ative, for a.e. x € X, by the definition of uy. By , its integral is null, thus, as a consequence
of Lemma [4.2.1] we have

| @i = uso) = vf g5(wp). moae (133

x

Fix x € X such that equality holds in (4.3.3). Consider the map y € Z, — g5(z,y) — uy(z). It is
nonnegative, with a null integral, and BR3(z) is non-empty and closed. Then assertion (3) follows
with Lemma [£.2.1] [

Corollary 4.3.5. Under Assumption i s a solution of (Py)) if and only if the following equi-
librium equation is satisfied:

A=Vf([,9dR),

(4.3.4)
supp(fiz) € BRx(z), m-a.e.
Proof. This is a consequence of Theorem O

The equilibrium equation (4.3.4)) shares similarities with the conditions that characterize Nash
equilibria in Lagrangian MFGs [CC18, [SS21] and nonatomic potential games [CL18b], as illustrated
in the following two remarks.

Remark 4.3.6. In the Lagrangian MFG (4.1.3)), if (), 1) satisfies (4.3.4]), then X\ = (1, p(f)), where
p(a) =Vf (/, 3(v(t))dfi(z,~)). The variable p(fi) can be interpreted as a social price determined

by the population distribution fi. The second line of (4.3.4)) indicates that for almost every x with
respect to the measure m, the elements in supp(fi,) are solutions of an optimal control problem,
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4.3. Primal mean field optimization problem

similarly to |[CCIS8| Def. 3.1, Eq. 3.32] and [SS21, Def. 2.2]. In the framework of (4.1.3), this

problem writes:

in / L) + (p(a)(0), §0(1))) .
0

Y€l

Remark 4.3.7. To investigate the connection with the nonatomic potential games presented in
[CLI8b, let us consider a specific case of (P,,) where m = d,, for some zp € X. In this scenario,

(Py)) can be rewritten as:
inf
vEP(Zy,) f (/Z

Let 7 be a solution to the aforementioned problem, and define A = V f (fZI g(xo,y)dﬂ(y)). The
second line of (4.3.4) can be expressed as:

g(wo,y)dV(y)> :

zQ

(A g(0, 7)) < (A g(x0,y)), VY €supp(V), Yy € Zy,,

which is consistent with the definition of Nash equilibrium in nonatomic potential games presented
in [CLI18D, Sec. 3].

4.3.3 Existence of a solution under tightness assumptions

We denote by val(P,,|) the value of problem (P,,)). We can easily deduce from Assumption [A]| that
val(P,,)) > —oco. The following proposition demonstrates the existence of a solution to problem
(Pp)) under some additional assumptions.

Proposition 4.3.8 (Existence). Let Assumption[A| hold true. Let (pn)n>1 be a minimizing sequence
for problem (P,). Suppose that {fin}n>1 is tight in P(Z), i.e. for any e > 0, there exists a compact
subset K¢ of Z such that

n(Ke) > 1—c¢, Vn > 1.

Then every accumulation point of {j,}n>1 for the narrow topology (there exists at least one) is a

solution of (Py)).

Proof. By Prokhorov’s theorem [Vil09, p. 43], the set {pn}n>1 is relatively compact with respect
to the narrow topology. Without loss of generality, suppose that wu, narrowly converges to some
i € P(Z). The set P,(Z) is closed with respect to narrow topology by [SS21, Prop. 2.4]. This
implies that /i € P,,,(Z). Let A = Vf([,gdi). Since f is convex, we have

f (/ngﬂn> > f (/Z gdﬂ) +/ngd(un — i) (4.3.5)

Since g5: Z — R is lower semi-continuous and bounded from below by Assumption [A] we deduce
the following inequality from [Vil09, Lem. 4.3]:

lim inf/ 9xd(pn — ) > 0.
z

n—+00

125



Chapter 4. Mean field optimization problems: stability results and Lagrangian discretization

In inequality (4.3.5)), letting n go to infinity, by the definition of u,, we have

val(P,,)) = liginff </ gd,un> > f (/ gdu) > val(P,,).
n 00 7 7
Therefore, 1 is a solution of problem (P,,)). O

Remark 4.3.9. Let us make some comments on the assumption of tightness of {j,}n>1 in Propo-
sition [£.3:8] One simple example is that Where Z is compact in X x Y. Let us consider another
example inspired from the Lagrangian MFGS . We assume that f in is positive. Let
(ttn)n>1 be a minimizing sequence for S1nce Val- < 400, there exists 0 < M < oo
such that f( /. 7 9dpin) < M for all n. Then we construct

K. = {x’y ez‘/ dt<M}. (4.3.6)

By Markov’s inequality, for any n > 1,

(K)—l—un<{x'y EZ‘/ dt>M}>21 fzfo A dtdun

M

Since f > 0, we have I fo (t))dtdu, < f(fzgdun) < M Then, u,(Ke) > 1 — ¢, for any
n > 1. Furthermore, if we assume that K. defined by (4.3.6)) is compact in Z, then the tightness
of {ftn}n>1 follows. This approach is employed in [SS21], in the proof of existence of a solution of
a Lagrangian MFG.

4.3.4 Stability of primal problem

In this subsection, we study the stability of the primal problem ([P,,)) with respect to its parameter
m. We need the following assumptions (recall the data setting introduced in Sec. 4.2.3)).

Assumption B. The following holds:

1. The space X is a closed subset of a separable Banach space;
2. The function g: Z — H is continuous;

3. The set Z, is compact for any z € X and the set-valued function F': X ~» Y is upper
semi-continuous;

4. There exists Ly, > 0 such that the set-valued function
Z2: X ~H, x> {g(z,y) |y € Zs} (4.3.7)
is Lg-Lipschitz on X.

Let mg and my lie in P(X). We consider the following two instances of ([P,,|) with m = my and

m = mj respectively:

inf d ; Pmo
ue%(Z)f Uzg ”) (Pmo)

inf / d ) P,
o (Z)f< [ i (Pon)
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4.3. Primal mean field optimization problem

Suppose that we have an (approximate) solution of problem , denoted by fig. Our goal
is to propose a feasible approach for recovering an approximate solution of problem from
o and to study the performance of this approximation. Our recovery approach relies on fig and
the solution of the optimal transport problem (OT1]) stated later. To introduce , we need to
define some projection operators

Recall that m: Z — X, (z,y) — x, and me: Z — X, (z,y) — y. The other projection operators
used in this subsection are defined as:

T XxX =X, (r,2)—~2, T XxX—=>X, (v,2)—2, m:Z2xX =X, (v,y,2")— 2,
o Zx X = Z, (v,y,2") — (x,9), ms: Zx X = Z, (z,y,2") — (x,2").
It directly follows from the above definitions that

ﬁ'l O T3 = 71 O T2 and 7~T2 O T3 = T3.

Now we consider the following optimal transport problem:

inf / dx (z,z')dp(z,z'), (OT1)
pEll(mo,m1) J X x X

where II(mg,m1) = {p € P(X x X) | mi#p = mo, Te#p = m1}. It follows from [Vil09, Rem. 6.5]
that if mo and my lie in P*(X), then dq(mg, m;1) = val(OT1).
The following particular example will provide an intuitive understanding of our recovery method.
A particular case. Let us assume that the distributions mg, m1, and fig are empirical dis-
tributions with supports of size N, i.e., there exists (z;)N,, (Z)Y, € XV and ()Y, € [IY, Za,

such that
1 & 1 & 1 &
= N Z(Sxm my = N Z 51” Ho = N Z (zi,y:) (438)
i=1 i=1 =1

Lemma 4.3.10. Let mg and my be defined by (4.3.8). Then problem (OT1)) has a solution

z (ze)) (4.3.9)

where {x,..., &'y} is a permutation of {Z1,...,Zn}.
Proof. This is a consequence of [PC19, Prop. 2.1]. O

Let p be given by Lemma [4.3.10} By Assumption (4), for any i, there exists y; € Z,, such that

lg(ai, yi) — 9(xi, yi) | < Lgdx (w1, 7). (4.3.10)
In our recovery method, each z; is transformed to z/ while simultaneously moving y; to the point
Y; € Zy for i =1,...,N. This can be expressed as follows:
1 N N
fio = z (wrgs) — 1 = z o) (4.3.11)
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Chapter 4. Mean field optimization problems: stability results and Lagrangian discretization

To provide a clearer formula of the construction of p1, we introduce the empirical distribution
vN € P(Z x X) and the mapping sy : {(z:, v, 25) 11 — {(2i,y))}Y,, defined as:

N

1
VN = N Zl 5(%‘,1/1'@2)’
1=

sn(zi,yi, ) = (xh,y)), Vi=1,2,...,N.

It can be observed that mio#vNn = jig and m3#vny = my. Furthermore, we will demonstrate later
in Lemma |4.3.11| that vy is a solution of another optimal transport problem (OT2). Then the
approximate solution p; of problem ([P,,,|) can be written as:

H1 = SNFHVUN.

The distribution p; belongs to Py, (Z), and furthermore,

H/ gdﬁo—/gdul
Z Z

1 N
N > (gl@i vi) — 9(h, u7) H
=1

LN
< Fg Z l9(zi,yi) — g5, yi) |
i=1
LN
< ﬁg de(l’i, ;) = Lgdi(mo, m1),

s
I
—

where the second line follows from the triangle inequality and the third line follows from ({4.3.10))
and Lemma The above inequality demonstrates that the distance between the aggregates
associated with fig and p is controlled by the di-distance of mgy and m;.

The general case. To investigate the stability and present the recovery method in the general
case, we draw inspiration from the constructions of vy and sy in the previous particular case and
introduce the following;:

e the auxiliary optimal transport problem:

inf / dx (z,z')dv(z,y, '), (0T2)
vell(fo,mi) J zx x

where II(fg, m1) = {v € P(Z x X) | mie#v = fig, m3H#v = m1};

e the set-valued function S: Z x X ~» Z,
S(@,y,2") ={(",y) € Z | llg(a",y) — g(@,y)|| < Lydx(x,2")}. (4.3.12)

Note that problems and are similar in so far as the integrand of the cost function
is the same, moreover, the second marginal of v in (resp. p in (OT1)) must be equal to m;.
The following lemma shows the equivalence between problems (OTT]) and (OT2]). We will see that
the solution of will play the role of vy in the particular case mentioned earlier.
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4.3. Primal mean field optimization problem

Lemma 4.3.11. If mg and my lie in P*(X), then both problems (OT1)) and (OT2)) have solutions,

moreover,
val(OT1) = val(OT2)) = di(mo, m1).

Proof. Since mg, my € P}(X), by [Vil09, Rem. 6.5], we have dq(mg, m1) = val(OT1)). The existence
of solutions of problems and is from [Vil09, Thm. 4.1].

Let v be a solution to and let p = m3#v, which is clearly an element of P(X x X). By
the basic properties of push-forward measures, we have that 71#p = T #(m3#v) = (71 0 T13)#V.
Using the relation 711 o w3 = 71 0 w12, we obtain that (71 o mi3)#p = (m1 omi2)#p = mi#(ma#v) =
m1F#o = myg. It follows that 71#p = mg. By similar arguments, we deduce that To#p = m; from
the relation 79 o w13 = m3. Therefore, p € II(mg, m1), moreover,

/ dX(CC, 1’l)d71’13#y((£, xl) = / dX (7['13('1'7 Y, x/))dy(x, Y, .Z'/) - Val-
XxX

ZxX

It follows that dj(mg,m1) < val.

On the other hand, let p be a solution of . Since jip and p have the same marginal
distribution mg with respect to their first variable, by the Gluing lemma [Vil09, p. 11], there exists
a probability measure v € P(X x Y x X) such that

T2V = o, TI3HV = p.

Since g € P(Z), we have v € P(Z x X). From the relation m3 = 7 o m3, we deduce that
T3HU = To#(mis#v) = Te#p = my. Thus, v € II(fig, m1), moreover,

/ dx (z,2)dv(x,y,x) :/ dx (m3(z,y,2"))dv(x,y,2) :/ dx (z,2))dms#v(x, 2)
ZIxX ZxX XxX

- / dx (2,2 )dp(,2') = dy (mo,my).
XxX

It follows that dj(mg, m1) > val(OT2). O

The following two lemmas demonstrate that the set-valued function S has a measurable selection,
which will be denoted by s. We will see that the function s will fulfill the role of sy in the particular
case discussed earlier.

Lemma 4.3.12. Under Assumption [B(3), let (zn)n>1 be a sequence in X converging to some
xo € X. Then any sequence (yn € Zz, )n>1 has a convergent sub-sequence with its limit in Z,.

Proof. Since F': X ~» Y is upper semi-continuous, for any k > 1, there exists 7, > 0 such that
for any = € Bx(zo,nx), we have Z; C By (Zy,,1/k) == Uyez, By(y,1/k). For k = 1, there exists

©(1) € Ny such that Z,_,, € By(Zg,,1), i.e., there exists §; € Z;, such that

dy (Yp(1), 1) < 1.

Assume now we have p(k) € N1 and g, € Z,, for k =1,..., K such that

1
dY(ycp(k)vgk)S%, k’zl,,K
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Chapter 4. Mean field optimization problems: stability results and Lagrangian discretization

Since z, — o, we can find p(K +1) > ¢(K) such that z,x41) € Bx (w0, nx+1). As a consequence,
there exists yrx4+1 € Zz, such that

_ 1
dy (Yp(K+1)> K +1) < [k

Since Z, is compact, (yx)r>1 has a convergent sub-sequence (¥4(x))k>1 With a limit § € Z,,. By
the triangle inequality,

i ) i 1 i )
Ay (oo 1) < A Woe(k): Toetr) + Ay oo §) < Zeormss + v oot 9)-

Since ¢ and ¢ are strictly increasing functions going to +00, we have limy_, 4o dy(y¢((p(k)), y) = 0.
Therefore, (Yg(p(k)))k>1 is a convergent sub-sequence of (y,)n>1 with its limit § € Z,. O

Lemma 4.3.13. Under Assumption[B, the set-valued function S has a Borel measurable selection
function s: Z x X — Z. Furthermore, we have ||g(s(z,y,2")) — g(z,y)| < Lgdx(z,2").

Proof. We will apply Theorem and Lemma to prove the result. The images of S are
non-empty since the set-valued mapping Z (defined in ) is supposed to be L,-Lipschitz. Let
us first verify that S has non-empty closed images. Fix any (z,y,2') € Z x X, and assume that
(@', zn) € S(x,y, ") converges to some (z/, z) € Z. It suffices to prove that (2/,z2) € S(z,y,2'), i.e.,
lg(«’, z) — g(z,y)|| < Lydx(x,2). This is true since g is continuous and z, — z.

Then, let us show that S~1(C) is closed for any closed subset C in Z. By , we have

S_I(C) :{(:E,y,m’) €ZxX | S,y 2)NnC+# @}

(«',y') e C, }
lo(2', ) = 9.9l < Lodx (w,2) |
If S71(C) = 0, then the conclusion is obvious. Assume that S~(C) # 0 and let (2, yn, T )n>1 €

S~1(C) be a convergent sequence with its limit point (zo, yo, zf) € Z x X. Then, it suffices to prove
that (2o, y0,z)) € S™'(C). Since (zn, yn,x},) € SH(C), there exists y}, € Z,/ , for any n, such that

:{(x,y,x')erX | 3y’ € Z,» such that {

(@ yn) €C. N9, yn) = 9(zn, yn) | < Lydx (. 27,)-

By Lemma [4.3.12, the sequence (y/,)n>1 has a convergent sub-sequence (y(’p (n))nzl with its limit

/

Yo € Zay,- Hence, limp oo (%)), Yipy) = (20, Yg)- Since C is closed, we have (,;) € C. By the
triangle inequality,

19(x0:90) = 9(x0, yo) | < l9(0,Y0) — 9(2, ) Yorn)) | + l9(2, y¢<n)) 9@ (), Yo ()|
+H9( ) Yo(n)) — 9(T0, o) |-

By the continuity of g, we have

19(x0, y0) — 9(xo, yo) || < lim sup 19250y Yinn)) = 9(@ o> Yip(m)

< limsup Lng(xw(n),xfp(n)) = Lydx (zg, x()-

n—o0
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Therefore, y, € Zy, (x4,yp) € C and |[g(x(,y5) — 9(20,%0)|| < Lgdx(xo,xp). It follows that
(w0, Yo, f) € S7(C), which implies that S~1(C) is closed, thus a Borel set.

Lemma[4.2.4)shows that the set-valued function S is Borel measurable, and Theorem shows
the existence of a Borel measurable selection s of S. Since s(x,y,2’) € S(x,y, '), the inequality

lg(s(z,y,2")) — g(x,y)|| < Lgdx(z,2’) is a direct consequence of (4.3.12)). O

Lemma 4.3.14. Let Assumptions hold true. Let v € TI(fig, m1) and s be the Borel measurable
selection of S obtained Lemmal.3.13. Let py = s#v. Then py € Pp, (Z) and

f (/ngm) g (/ng,m) < Lg(C+LM)/ZXX dx (2, 2')dv(z, v, 7).

Proof. Step 1. (Properties of y11). Since v € P(Z x S) and s: Z x S — Z is a Borel measurable
function, we have y = s#v € P(Z). Observing that mj0s = s, it follows that m1#u = (m10s)#v =
ms#v = my. Thus, u; € Py, (Z). For any A € H, gr: Z — R is bounded. Then,

/ grdpy = / gy o sdv. (4.3.13)
z ZxX
Step 2. (Quadratic upper bound). By the Lipschitz continuity of V f, we have

f </2ng1> —f (/ngﬁ(J) < /Zng(dm —dﬂ0)+§

where Ao = Vf( [, gdfio).
Step 3. (First-order estimate). Let us study the first-order term in . By (4.3.13), we

have
[ovdin= [ gyostv= [ (aglstop o )iviep. o)
Z ZxX ZxX
From the relation mo#v = g, we deduce that
[ ondin=[ 0. glag)ldvle.pa).
z ZxX

Using the previous two equalities, Lemma [4.3.13] and the Cauchy—Schwarz inequality, we obtain
that

2
, (4.3.14)

gdp — / gdjio
Z Z

[ 9t —dpo) < Lyloll [ dx(o)av(a v, ).
Z ZxX

Step 4. (Second-order estimate). Let us study the second-order term in (4.3.14). Developing
it and using Lemma we obtain that

=71+ 72, (4.3.15)

H / gduy — gduo
where

"= /Z / (9(21), 9(z2)) d(jur — o) (21) dpur (z2);
Yo = /Z /Z (9(21), 9(z2)) d(fio — ) (1) dfiolz2).
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Fix any z9 € Z. Following the same argument as in step 3, we have

It follows that

/Z<9(21)79(22)> d(p1 — o) (21)

\ < Lylg)l [ dx(e,a)dv(z o).
ZxX

Y1+ 72 < 2LgM dx (z,2")dv(z,y, o).
ZxX

Step 5. As a consequence of Steps 2-4, we deduce that

/ ( /Z gdm) — ( /Z gdﬁo) < L,(|Aoll + LM) /Z dx(ea)dv(a o),

By the definition of the constant C, we have C' > ||\g||. The conclusion follows. O

We can now state the recovery algorithm that enables us to obtain an approximate solution of

(Pm,), given an approximate solution fig of (Py,))-

Algorithm 4.1: Recovery method
Input: mg,my € PY(Z), and jig € P, (Z).
Step 1. Find a solution p of the optimal transport problem .
Step 2. Find v € P(Z x X) such that ma#v = g and mis#v = p.
Step 3. Set u1 = s#v € P, (Z), where s is constructed in Lemma
Output: p;.

Remark 4.3.15. We have already discussed the case where mg, my, and g are empirical dis-
tributions. We discuss now the slightly more general case where only mg and [ig are empirical
distributions:

1 & 1 &
=1 =1

This situation corresponds to the algorithm presented in Section Since p € Pp,, (X x X), by
Lemma we have p = % ZZ]\L 10z, ® pz,, where p;, is defined in Theorem Then the
probability distribution p, obtained in general with the Gluing lemma, is given here in an explicit

form:
N

1
v= N Zd(ﬂ%yi) @ P, -
=1

Theorem 4.3.16. Let Assumptions hold true. Assume that mg,m1 € PY(Z) and that fig is
an eg-minimizer of problem (P,)) for some g > 0. The following holds true.

1. |val(Pp ) — val(Py,,|)| < Ly(C' + LM)dy(mg, m1);

2. If p1 € P, (Z) is the output of Algorithm then py is an n-minimizer of problem (Pp,,)),
where

7 =¢€y+ 2Lg(C + LM)dl(mo,ml).

132



4.4. Dual problem

Proof. We prove (1). Fix any € > 0. Let u be an e-minimizer of problem (P,,,)). By Lemma4.3.11
there exists v € II(u§, m1) such that

/ dx (z,2")dv(z,y,2") = di(mg, m1).
ZxX

We deduce from Lemma [4.3.14] that there exists puj € P, (Z) such that

f (/Zgui> - f (/ngﬂf)) < Ly(C + LM)di(mo, my).

Since p§ € P, (Z), val(Pp)) < f ([, gp1). Combining this with the fact val(Ppy)) > f ([, gdu§) —

€, we obtain that

val(Pp) — val(Pa) < f (/gui) _f </ngu6> e

Therefore, val(P,, |) — val(Py,,)) < Ly(C + LM)di(mg, m1) by the arbitrariness of e. We conclude
the first part of the proof by exchanging the positions of mg and m;.
Let 11 be the output of Algorithm To prove (2), we do the following decomposition:

f (/gdu1> —val(Py,, ) =71 + 72 + 73,

where

71=f</gdu1>—f</gdﬂo>, 72=f</gdﬂo>—val, 75 = val(Po) — val(P).

From the proof of Lemma {4.3.11) we know that v (the result of step 2 in Algorithm is a
solution of (OT2). Then, Lemma 4.3.14] shows that v, < L,(C + LM )d;(mo, m1). Since fip is an
e-minimizer, 72 < e. By point (1), v3 < Ly(C 4+ LM)di(mg, m1). The conclusion follows. O

4.4 Dual problem

This section is dedicated to the duality analysis of the primal problem (P,,)). In the sequel of this
section, let Assumptions A* and [B| hold true. Consider the equivalent formulation of problem of

Pu
ot TG sto= [ g (P)

HEPm(Z), BEH

The Lagrangian L: H? x Py (Z) — R associated with writes,
£OB) = 1) + ([ odu=5).
Then, the dual problem of is,
sup inf L(\, B, ) = sup (— f*(N)+  inf / (N, 9(2)) d,u(z)), (4.4.1)
NeH BEH ,u€Pm(Z) AEH ne€Pm(2) J z
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where f* is the Fenchel conjugate of f. For any A € H, since g is bounded over Z, the second term
inf,ep, () [ (X, 9(2)) du(z) is finite. Therefore, it suffices to study (4.4.1)) for A € dom(f*), i.e.,

sup (—f* A)+ inf /gAd,u).
Ae€dom(f*) » rEPm(2) Jz

The result of Lemma holds true for all A € dom(f*) under Assumption A*. Applying it to
the previous problem, we obtain the following equivalent dual problem:

— inf Dm/\::*/\—/udm. D,,
it Da) =) [ (D)

Lemma 4.4.1. The function Dy, is strongly conver with modulus 1/L. As a consequence, problem
has a unique solution, denoted by X\*(m). Moreover, there exists a constant C* independent
of m such that

[A*(m)]| < C.

Proof. Since V f is L-Lipschitz continuous, we know that f* is strongly convex with modulus 1/(2L)
(i.e. f* —1/L| - |]? is convex) (see [BCTI, Thm. 18.15]). Let us consider uy(z) as a function of A
while fixing any = € X. By definition, A — wy(x) is the infimum of a family of affine functions
(with respect to \), thus it is concave with respect to A. Consequently, — [  uxdm is convex with
respect to A. Therefore, D,, is 1/L-strongly convex. Additionally, dom(f*) is both convex and
closed. These properties guarantee the existence and uniqueness of the minimizer \*(m).

Since M is an upper bound of ||g(z)]|, it follows that for all A\ € H:

—M|A[| < inf —[[A|lllg(z, »)[| < ur(z) < sup [|A[[l|lg(z, y)[| < MA].
YEZys YEZ,

Let Ao € dom(f*). As Dp(A*(m)) < Dpn(Ao), we can derive the following inequalities:
F*(Ao) + M|[doll = Dim(Ao) = Din(A"(m)) = f7(A*(m)) — MI|A"(m)]].
The strong convexity of f* yields that
o7 IXm) = Xall* + o, A*(m) = o) < F(X(m)) — £ (o)
where pg € 0f*(\o). Combining the two above inequalities, we obtain:
%H)\*(m) = XolI” + {po, A (m) = Ao) < M(IX*(m)] + [|Aol))-

where py € Of*(Ao). The announced result follows, with C* = 3||Xo|| + 2L(M + ||pol|)- O

4.4.1 Strong duality

Let us now prove the strong duality principle between ([P,,)) and , i.e., val(P,,)) = val(D,,)) .
We will apply the Fenchel-Rockafellar theorem [Roc97] to prove this relation.
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Proposition 4.4.2. Assume that the set G, = {f# gdp | € Pr(Z)} CH is closed. Then,

1. val(Py)) = val(Dyy));

2. the primal problem (P,,)) has a solution;

3. let \*(m) be the solution of (D)) and let p be a solution of (P, then

A'(m) =Vf (/ngu> :

Proof. Let us consider the following optimization problem with variable in H:

inf f (2) + xa,. (2)-

It is obvious that val(P,)) = val(P,,) = val({4.4.2). The dual problem of (4.4.2) writes

sup —f*(A) = x@,, (=A)-
AeH

By the definition of the Fenchel conjugate and the definition of G,,, we have

—XxG, (—A) = inf (A, z) = inf <A,/ngu>.

2€Gm HEP(Z)

(4.4.2)

(4.4.3)

Therefore, val(D,,) = val(4.4.1) = val(4.4.3). Let us apply the Fenchel-Rockafellar theorem to
(4.4.2). The function f is convex and continuous. The function xg  is convex and lower semi-

continuous from the fact that G,, is convex and closed. It is obvious that G,, is non-empty.
Therefore, 0 € int(H — G,,) = int(domf — domyg,, ). By the Fenchel-Rockafellar theorem [Roc97],

val{f4.3) = val(T.4.2), thus, val(P,)) = val(D,)).

Since GGy, is non-empty, bounded, convex, and closed, and since f is continuous and convex, we

deduce from [Brélll Cor. 3.23] that problem (4.4.2) has a solution. Therefore, (P,,)) has a solution,

denoted by u. Since A*(m) is the solution of (D,,)), by the strong duality,

2€Gm

—f*(A\*(m)) + inf (A\*(m),2) = f (/ng,u> .
On the other hand, by the definition of Fenchel’s conjugate,

f (/ngu> + fF(A*(m)) < <>\*(m),/zgdu>-

Combining the previous two inequalities and the fact that | 2 9dp € Gy, we deduce that

F( [ o)+ 1200 = (. [ ).

We obtain that A*(m) = Vf( [, gdp) from Fenchel’s relation.
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4.4.2 Stability of the dual problem
Lemma 4.4.3. For any A1, Ao € H and x1,x2 € X, it holds that
un, (21) = un, (22)] < L[| Arlldx (21, 22) + M|A1 = Az
Proof. By the triangle ineqaulity,
|un, (21) = un, (22)] < Juy, (21) — wn, (22)] + |ux, (22) — un, (22)]-

By the definition of u), we have

uy, (71) — uy, (22) = yé%fh , 9(x1,9)) — yzieanwZO\l , 9(w2,12)).

Let g5 be an e-minimizer of inf,,cz, (A1, g(72,%2)), with € > 0. By the Lipschitz continuity of Z,
there exists ¢ € Z,, such that

lg(z1, 1) — g(w2, 45)|| < Lgdx (1, 22).
By the Cauchy-Schwarz inequality, we have
uy, (21) — up, (22) < (A1, g(@1,97) — g(22,95)) + € < [[Ai]|Lgdx (z1, 22) + €.

By the arbitrariness of €, we have |uy, (z1) — uy, (z2)] < || M| Lgdx (21, 22).
On the other hand,

u, (72) = un, (w2) = inf (A1, g(wa,9)) — inf (Ao, g(x2,9)) < sup (A1 — Aa, g(w2,9))-
YE€EL YE€EZa, YEZy,

By the Cauchy—Schwarz inequality and the definition of M, we have that

uy, (T2) — up, (x2) < M|JA1 — A2
The conclusion follows. ]
Lemma 4.4.4 (Stability of the dual problem). For any mg, m; € P(Q2), we have

Do (A (m0)) = D, (A" ()| < C* Lg di(mo, ma), (4.4.4)
IN*(mo) — A" (m1)|* < 20" Ly L dy (mo, my),

where C* is the a priori bound of |\*(+)|| obtained in Lemma

Proof. According to Lemma we know that ||A*(mo)|| and |[|A*(m1)|| are smaller than C*.
Then, by Lemma U= (mo) (Z) and wy« () () are (C*Lgy)-Lipschitz continuous with respect to

z. Hence,
Doy (N (110)) = f*(N(1mp)) — /X e (me) ()0 ()
= F*(\(mo)) — /X U (o) ()i () + /X U (o @)d(m1 —mo) () (446)
Z 'Dml()\*(mo)) — C’*Lgdl(mo,ml),
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where the third line is by the definition of the Kantorovich-Rubinstein distance. Since A\*(mq)
minimizes D,,, and since D,,, is 1/L-strongly convex, we have

D, (X*(mo)) = Doy (A" (m1)) + %I!A*(mo) = X (ma)||*. (4.4.7)

Combining (4.4.6)) and (4.4.7), we obtain that

Ding(A"(m0)) = Dy (A (1m1)) + %II/\*(mo) = X (my)||* = C* Lgda(mo, my).

In particular, we have Dp,, (\*(m1)) — Dy (A*(mo)) < C*Lgdi(mo, m1). Exchanging the positions
of mp and m; in (4.4.6)), we obtain

Doy (A*(m1)) = Doy (A" (m0)) + %!W(mo) = N (m)|? = C* Lgda(mo, m1). (4.4.8)
Inequality follows immediately and is deduced by summing —. O
4.4.3 Directional derivative of the value function
The value function of problem is defined by

V:PHX) = R, m— val(Pn).
Our goal is to characterize the directional derivative of V. Define the following function:
v: PHX) x X = R, (m, @) = Uye () (2).
Proposition 4.4.5. Assume that Gy, is closed for any m € PY(X). Then for any mg, m1 € PY(X),

we have
lim V(mo + t(m1 — mo)) — V(mo)

t—0+ t

—/ v(mo, x)d(m1 — mo)(x).
X

As a consequence, v is the directional derivative of V, i.e.,

Vi) = Vomo) = [ [ vt + tms — o)t —mo)(e)i.
Proof. For any t € [0,1], let m; = mgy + t(my — mg). By the strong duality, we have
V(me) = V (1m0) = Ding (X*(116)) — Do, (X*(111)).
From , we deduce that

Doy (X*(10)) = Do, (N (1)) > /

v(mog, x)d(me —mo)(z) = t/ v(mo, z)d(m1 —mo)(x). (4.4.9)
X

X

On the other hand, let pp and p; be solutions of (P,,)) with m = mg and m; respectively. Let
e = po + t(p1 — po). It is obvious that 7y #u; = my. Therefore,

Vo)~ Vo) < 1 ([ adue) = 1 ( [ o).
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By Proposition AN*(mo) = Vf([, gduo). Since Vf is L-Lipschitz, it follows that

Lt? 2
P (o) =1 ([ atuo) <t [ vtmo.ratm ~ma)ey+ 55| [ adon o)
z z X z
Recall the definition of D. Combining the two inequalities above, we have
LDt?
V(my) — Vi(mg) <t [ v(mg,x)d(mi —mg)(z)+ 5 (4.4.10)
X

We have V(mg) = =D, (A*(mo)) and V(my) = =Dy, (A (my)). Using (4.4.9)-(4.4.10) and letting
t go to 07, we obtain that

lim Vime) = V(mo) = /Xv(mo,a:)d(ml —mo)(x).

t—0+ t

From Lemmas|4.4.3 we deduce that the function v(m, z) is continuous in P*(X) x X with
respect to the distance (di,dx). Let us define two functions from [0,1] to R,

V:[0,1] = R, t = V(my);

0:[0,1] = R, t — /X v(myg, z)d(mq — mo)(x).

For any 0 <t < T < 1, observe that mp = m; + %(ml —my) and m; —my = (1 —t)(mg — myg).

By using the same arguments as in (4.4.9))-(4.4.10)), we have

LD(T —t)?

(T —t)o(t) <V(T) =V () < (T —t)v(t) + 201 — )2

We deduce that o(t) is the right derivative of V at ¢ for any ¢ € [0,1). By exchanging positions
of my and my, we can prove that #(t) is the left derivative of V at ¢ for any ¢ € (0,1]. Therefore,
V is differentiable at each point on [0,1] and v is its derivative. Since © is continuous, by the
fundamental theorem of calculus [Rud87, Thm. 7.21], we have that V(1) — V(0) = ftlzo o(t)dt. O

4.5 Algorithms for the discretized MFO problem

We present in this section our numerical method for solving (P,,). The first step of resolution
consists in discretizing m. We replace it by an empirical distribution my and focus next on the

resolution of (P,,,|). By Theorem |4.3.16{1), we have
|val(P,,) — val(Ppn, )| < Ly(C + LM)di(m, mn). (4.5.1)

We give theoretical bounds for the minimal value of di (m, my) in Subsection Then we discuss
the resolution of with the Frank-Wolfe algorithm in Subsection m Finally in Subsection
we propose to use a variant of the Frank-Wolfe algorithm, called Stochastic Frank-Wolfe
(SFW) algorithm, introduced in [BLOT22|. This method generates a solution to which is
an empirical distribution.

138



4.5. Algorithms for the discretized MFO problem

4.5.1 Discretization

In view of (4.5.1]), one should look for an empirical distribution my = % ZZ]\L 1 0z, that is as close
as possible to m for the dj-distance. This problem is commonly known as the optimal quantization
problem, and for detailed information on this topic, we refer to [GGI12|]. Here, we present a slightly
modified version of an optimal quantization result obtained in [MM16], Prop. 12]. For any subset A
of X, we denote by ry(A) the minimum radius r required to cover A with N closed balls of radius
r. It is defined by

N
ry(A) = inf min {7" >0 ‘ AC L_JIBX(%T)} :

The upper box-counting dimension (or the upper Minkowski dimension) of A [Fal04) p. 41] is defined
as follows:

D(A) = inf {D >0 |3C > 0 such that ry(4) < CNYP YN e N+} .

Lemma 4.5.1. Let m € PY(X), and let A C X be the support of m. There exists a sequence
(mn)n>1 of empirical distributions on X such that the following holds:

1. If D(A) > 1, then there exists a constant Cy such that for any N > 1,

dl(m,mN) S élN_ﬁ.

2. If D(A) = 1, then there exists a constant Cy such that for any N > 1,

dl(m, mN) < C'QN_l log N.

3. If D(A) < 1, then there exists a constant Cs such that for any N > 1,

dl(m> mN) < CAv’fi]\f_l-

Proof. This follows from the proof presented in [MM16, Prop. 12], with the only difference being
that in the final inequality, we employ the triangle inequality for the di-distance instead of the
Minkowski inequality for the Wasserstein-2 distance. O

Remark 4.5.2. If A is a subset of a smooth d-dimensional submanifold of a Euclidean space, then

D(A) < d. This estimate is deduced from [Fal04, p. 48 (i)-(ii)].

4.5.2 Frank-Wolfe algorithm

For general convex optimization problems, the Frank-Wolfe algorithm relies on the resolution of
a sequence of linearized problems, obtained by replacing the cost function of the problem by a
first-order Taylor approximation of it. In the context of problem (P,,,)), the linearized problem is

of the general form:
inf A, / d > , 4.5.2
Mep'mN (Z) < 7 g /,L ( )
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for some A € Vf(H).

A key observation from Lemma [4.3.3] is that a solution of the linearized problem, denoted
by px, can be solved as in the proof of Lemma [4.3.3] in the simple case where m is a finitely-
supported probability measure: for alli = 1,..., N, find y; € BR(z;) and set py = % Zf;l O(zs 1)
Therefore, one can consider applying the Frank-Wolfe algorithm to solve , in which the main

task is to solve (4.5.2)).

Algorithm 4.2: Frank-Wolfe Algorithm

Initialization: u® € Py, (Z). Set K > 1.

for k=0,1,2,..., K —1do
Compute \* =V f ([, gdu).
Solve for A = A*_ the solution is denoted by fiyx.
Choose wy, € [0, 1].
Set p 1 = (1 — wi)p® + wipre.

end for

Remark 4.5.3. If we take wy, = 1/(k+1) for all k, then it is easy to see that u* = - ZkK:_Ol e We
recover the fictitious play algorithm in [CHI17] applied to the Lagrangian discretization of first-order
MFGs.

Lemma 4.5.4. Let Assumption |A| hold true. In Algorithm we set w, = 2/(k 4+ 2) for all k.
Then for any K > 1,

2L.D
/ (/ gduK> —val(Pr) < 22
7 K

Proof. This is a consequence of [BLO™22, Prop. 3.4]. O

4.5.3 Stochastic Frank-Wolfe algorithm

In Algorithm at each iteration, we generate the output by taking a convex combination of the
previous iteration’s result and the solution of . This process requires us to add N points from
BR):(z;), for i = 1,..., N, to stock the support of solution at each iteration. As a consequence,
this approach can lead to a memory overflow issue, as K going to infinity. The large support of u€
will also raise the difficulty of Step 2 in Algorithm in which we will take fig = . To address
this issue, we will use the stochastic Frank-Wolfe algorithm [BLO™22] to . This approach
will enable us to obtain an approximate empirical solution , and can effectively handle the
large support of pf<.

Lemma 4.5.5. Let pn € P(Z). Then u lies in Ppy(Z) if and only if there exists u; € P(Zy,) for
anyi=1,...,N such that u = %Zf\ildaj ® i

Proof. If y; € P(Zy,), then m#(dz, ® p;) = dg,. Since the push-forward operator # is linear, we
have that Wl#(% Zfil Op, @ ;) = % Zf\il 0z, = MN.

Conversely, let us assume that p € Py, (Z). By Theorem and its remark, we can conclude
that there exists p,, € P(Z,,) for i =1,..., N such that for any bounded and continuous function

(3
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4.5. Algorithms for the discretized MFO problem

h: Z — R, we have

N
1
hdp = — i Yi)dppa, (Yi)-
/Z I N,E /Z_h(w Yi)dpie, (yi)
=1 T

Applying Fubini’s theorem to the equality above, we have

1 & 1 &
/Zhdu:N;/Zhdwmm=/Zhd<N;5m®um>-

This implies that p = + ZZ]\LI Oz, ® fg, - o

According to Lemma and Fubini’s theorem, the discretized problem (P,,,|) is equivalent
to

N
1

w N T Yi)dpi (yi) | - 453
#716173(Zmi)f <N ;/Z” g( i yz) Nz(%)) ( )
Problem (4.5.3) is the randomized relaxation of an N-agent optimization problem as investigated

in [(BLO¥22),

L

o <N ;g(m“yi)> : (4.5.4)

yEHfV:l Z-Ti
Problem (4.5.4) is equivalent to a version of problem (4.5.3]) in which the probability measures p;

are restricted to be Dirac measures. In particular, we can associate with each feasible element

Y= (Yi)i=1,.. N € Hfil Z,, (for problem ) the tuple (dz,)i=1,....~n, which is feasible for (4.5.3)),
and the probability distribution % Ziil d(2,,y:)» Which is feasible for .

We apply the following Stochastic Frank-Wolfe algorithm, investigated in [BLOT22], to solve
problems and (4.5.4). Let Bern(w) be the Bernoulli distribution with a parameter w € [0, 1].

Algorithm 4.3: Stochastic Frank-Wolfe Algorithm
Initialization: y° € []X, Zs,. Set K > 1.
for k=0,1,2,..., K —1do

Compute A = Vf(% X%, (@i, yF)).
fori=1,2,...,N do
Find ¥ € BRy (z;).
end for
Choose ny, € N*. Set w, = 2/(k +2).
for j=1,2,...,n; do
fori=1,2,...,N do
Simulate szj ~ Bern(wy,), independently of all previously defined random variables.
Set g7 = (1 — PRIk 4 prigh,

end for
Define %9 = (§7)i=1,...n.
end for
Find y**! € argmin {f(% le\il 9(i,yi)) ‘ ye{gh, j=1,2,.. e}
end for
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The interest of Algorithm is that it provides an approximate solution to , and the
associated empirical distribution serves as a reliable approximate solution of the problem , as
demonstrated in the following lemma. Additionally, this empirical distribution has a fixed support
size N, which does not increase with the iteration number, making the algorithm memory-efficient.

Lemma 4.5.6. in Algom'thm whatever the numbers (ng)ren, we have for any K =1,2,...,2N
that

N
5 s (}Vng,yﬁ)] - valf5d) < 7
=1

Proof. This is from [BLO™22, Thm. 3.7]. O

Remark 4.5.7. Lemma[4.5.6] provides a convergence result for Algorithm [.3]in terms of expectation.
An estimate of the following quantity can be found in [BLOT22, Thm. 3.7]:

1 ALD
K
s (3 Sotonat) = vy e 2.

for a given € > 0. In particular, this probability can be made arbitrarily small, provided that the
numbers ny, are large enough.

In order to obtain an approximate solution of , we combine Algorithm with Algorithm
Let us consider the outcome 3% of Algorithm after K iterations, for 1 < K < 2N and for
arbitrary numbers ng > 1 of simulations. Let uﬁ = % ZZ]\L 19(z,,yx)- Moving on to Algorithm
we utilize the following inputs: mg = my, m1 = m, and g = ,u%. The output of Algorithm
is denoted as fi”, which is an element of the set P,,(Z). We have the following convergence result
for the combination of Algorithm 4.1 and

Theorem 4.5.8. Let Assumptions hold true, and let m € PY(Z). Then,

E [f </nggK>] —val(P,) < D o o(C 4+ LM)dy (my,m).

Proof. Since f (fZ gdu%) =f (% Zf;l g(zi,yZ-K)), by Lemma |4.3.14] we have

N
£ om) =1 (3 0l ) < Ly + LAY (my.m), almost surely.
z N i=1

Taking expectation on both sides of the previous inequality, and applying Lemma and the

relation val(4.5.3) = val(P.,,]), we have
K 2LD
E|f gdp —val(P,,,) < 7+LQ(C+LM)d1(mN,m).
z

Combining with Theorem |4.3.16{(1), the proof is complete. O

Remark 4.5.9. The realization of Algorithm can be simplified in Theorem thanks to the
empirical structure of mg and fig, as noted in Remark [4.3.15)
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4.6 Numerical simulation

We consider a Lagrangian MFG in which the agents exploit their own stock of an exhaustible
resource. The model is taken from [GHS22]. We fix a time horizon [0,T] where T' € [0, +00) (the
case T = oo investigated in [GHS22| is not considered here). The state variable of a representative
agent is the level of the stock of resource at any time, denoted (X )te[O,T} and the control is the
speed of extraction at any time, denoted ¢q. The dynamic of a given producer with an initial position
g > 0 is described as follows:

t
X = —/ q-dr, t € 10,7,
0

where ¢ > 0, for any ¢ € [0,T]. We impose that X7. > 0, which implies that X! > 0 at any time.
We define the set of aggregate production, denoted as G, by

= {Q cL2([0,T,R) | 0< Q) < % vt € [0, ]},

The price of the resource for this representative producer depends on its extracting speed and an
aggregate production Q € G,

Dt ::]-_qt_EQta tE[O,T],

where € € (0,1) is a constant. The gain of this representative producer writes,

T
/ e (1 — q — eQy)dt.
0

where r > 0 is a discount rate. Therefore, given an aggregate production () € G and an initial
position xg > 0, we can formulate an optimal control problem associated with this representative
producer,
T
inf J9(q) = / e g (g — 1+ eQyp)dt;
0

g
’ (4.6.1)

T
S.t. / qrdt < xg.
0

Lemma 4.6.1. Problem (&.6.1) has a unique solution q%(xg). Moreover, 0 < ¢ (x0)(t) < %, for
a.e. t € (0,T).

Proof. Tt is easy to see that G is a non-empty and convex subset of L2([0, T], R). Following [Rud87,
Thm. 3.12], if (f, € G)n>1 converges to f in L2 sense, then there exists a subsequence of (f,)n>1
converges to f a.e. As a consequence, f lies in G. Therefore, G is closed. Furthermore, by Holder’s
inequality, we obtain that {q € L2([0,T],R) | fOT qidt < xp} is non-empty, convex and closed in
L2([0, T],R). Tt follows that the admissible set of problem is non-empty, closed and convex
in Hilbert space IL2([0, 7], R). On the other hand, the cost function J?(-) is strongly convex. Then
the existence of the solution of comes from [Brélll Cor. 3.23] and the uniqueness is by the
strong convexity of J<.
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Let g be the solution to (4.6.1)). Define ¢'(¢t) = min{q(t), %}, for a.e. t € (0,T). Since ¢’ < q, ¢
is also feasible for problem . Moreover, the running cost go — qo(qo — 1 + £Q¢) is increasing
for qo > % As a consequence, J9(¢') < J%(q). Therefore, ¢’ is optimal, and since the solution is
unique, we have ¢ = ¢/, which proves that g < % O

Let m € P([0,+00)) denote the distribution of the initial conditions of the producers. The
aggregate production rate corresponding to qQ is given by

oo
Qf = [ dadmiz), i o.17)
0
Following [GHS22|, we call Nash equilibrium a solution @* to the fix-point problem:
Q= Q< Q* €G. (4.6.2)

4.6.1 Potential problem

In this subsection, we find an optlmlzatlon problem associated with the fixed point problem (4 ,
which is a particular case of problem (P, . Let us specific metric spaces and admissible sets in

(P.,)) associated to (4.6.2]):
T
X =10, 00), Y =G, F(m):{qeg | / qtdtgw}, Z = Graph(F), Zy = F(x).
0
Let us define the separable Hilbert space L2_,.([0,7]) [Rud87, Example. 4.5(b)]:
T
L2.,.([0,T]) = {(: [0,T] — R is Lebesgue measurable’ / e HC(t)|2dt < +oo},
0

with a scalar product,
T
(f1, fa)uz_ o)) = /0 e " fi(t) fa(t)dt

It is easy to check that Y =G C L2_,,([0, 7). Then, in (P)), we set H =R x L2, ([0,T7),

T
9: Z = H, (x,q) = </0 e " (g} — qi)dt, Q> ;
[ H =R (y1,92) = y1 + *||y2”11,2 _(0.1))"

Therefore, problem (P,,)) associated with (4.6.2)) writes:

€ T 2
f +)dtd ot / dp(z, dt. 4.6.3
i [ [ wr.)+ 5 [ ([ wintea)) (1:63)

Remark 4.6.2. Problem (4.6.3) lies in the framework of the Lagrangian MFG (4.1.3).

Proposition 4.6.3. If i is a solution of problem (4.6.3)), then Q* = fZ qdfi(x,q) is a Nash equilib-
rium of the optimal exploitation of exhaustible resources problem, i.e., Q* is a solution of (4.6.2)).

144



4.6. Numerical simulation

Proof. Let us first check that Assumption |A| holds true for problem . It is easy to see that
Assumption [A(1) and the first and the third points in Assumption [A|(2) are true by the continuity
of g and Lemma Let us prove that G is lower semi-continuous for any A € Hy. This is a
consequence of the claim that the set-valued function Z: X ~ H, x — {g(z,y) | y € Z,} is locally
Lipschitz, i.e. Lipschitz in any compact set of X. To see the local Lipschitz continuity, we fix any
x1 < xg in X. If ¢ € Z,,, then we have immediately that ¢ € Z,,. This implies that Z,, C Z,,.
On the other hand, let g € Z,,. We construct ¢’ € Z,, by the following method:

, . if [ grdr < a1;
qy = 0

otherwise.

As a consequence, we have that [|¢" — g|[L1(o,77) < 22 — z1. Therefore, by Hélder’s inequality,

lg" — fJH?Lg, o) < Ne™d = @)l o lld’ — allu o,y < w2(a2 — 1)

rt

This implies that Z,, C Z;, + By (0, \/z2(z2 — x1)). Therefore, Assumption |A| follows.

Let fi be a solution of problem (4.6.3)), A = Vf([,9dn)and Q* = [, qdii(x,q). By the definitions
of f and g, we obtain that A = (1, eQ*), moreover,

T
g5z, q) —/ e "q(q — 1+ eQf)dt.
0

By Lemma BR;(20) = {¢? (x0)} for any 29 € X. By Corollary we have that (), i)
satisfies the following equilibrium equation:

A= (1, ad)

Pz = 0ge"(z), M-a.e.
Combining with Theorem we obtain that [, gdii = [ ¢¥" (z)dm(z). Recall that Q* = [, qdjs,
then (4.6.2) follows. O

4.6.2 Numerical simulations

Let the initial measure m be an exponential distribution with parameter a > 0, ie., dm(z) =
ae”*dx for all x > 0. Let us independently sample the distribution m for N times, denoting the
samples by x1,x2,...,zx, and my = % ZZ]L dz,. The time space [0,T] is discretized with a step
size At = T'/M for some M > 1. Then, a totally discretized problem associated with writes:

infoepven  JIn(q) = % Z'fil th\ial e—rtAt(qgt — qit) + %‘t i\ial et (% ZzNzl Qi,t)2 )
such that ¢; € SM(x;) == {q € [0,1/2]M | Atzgal q < x;}, i=1,2,...,N.
(4.6.4)
We apply Algorithm to solve . At each iteration, the evaluation of a best-response,

for each producer ¢ amounts to solve a problem of the following form:

{ inf g, epm At Zi\igl efrmtq@',t(%,t — 1+ €Qr),

(4.6.5)
such that ¢; € S™(z;),
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Chapter 4. Mean field optimization problems: stability results and Lagrangian discretization

for a given @ € [0,1/2]™. This problem is a convex quadratic programming problem in R™ that
can be dealt with by some solvers, such as GUROBI [GO18].

For the resolution of the problem, we chose the following parameters: T'=10, e =r =a = 1,
N = 100, M = 100, K = 100, nx = 10, for all k. Figure shows the extracting speeds and
the stocks of three producers with initial stocks: 0.9, 1.2, and 3.1. From Figure [4.1] we see that
the producers with the higher initial stock have the same extracting speed as those with a lower
initial stock, at the beginning. However, as the smaller agents exhaust their resource, the larger
ones progressively raise their extraction speed. Once the extraction speed reaches its maximum
value, it rapidly decreases to zero. These observations are consistent with the numerical findings
of |[GHS22l Sec. 3.3].

Extracting speed: g¢ Stock: x;

3.01
0.4

2.51

0.34 2.04
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0.2

1.01

0.51

0.01 0.01

Time

Figure 4.1: Extracting speeds and stocks of three producers with initial stocks: 0.9, 1.2, and 3.1.

To study the error caused by sampling, we independently sample the exponential distribution
m for 100 x NV times, and group them into batches of N. The empirical distribution corresponding
to each batch is set as the initial distribution. Then we apply Algorithm to compute Q*
corresponding to each initial distribution. In Figure we show the mean and standard deviation
of the results of the 100 simulations.

4.7 Appendix

4.7.1 Proof and Lemma [4.3.3

Before proving Lemma let us recall the definitions of the restriction of a measure and the
completion of a probability space, taken from [Rud87, Thm. 1.36].

Definition 4.7.1 (Restriction). Let X; be a Polish space, let X and X’ be two o-algebras on X;
such that X’ C X, and let v be a measure on X. The restriction measure of v on X’ is defined as
follows:

vy (A) =v(A), for any A € X'.
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Mean and Standard Deviation of equilibrium Q*

0.30 A —— mean

std
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Figure 4.2: Mean and standard deviation of the equilibria of 100 batches

Definition 4.7.2 (Completion). Let (X7,3%*,v) be a probability space. Let B, be the collection
of all E C X, such that there exists A and B in BX*, A C E C B, and v(B — A) = 0. For such an
E, we define a function (F) as

Then (X1,B,,7) is a complete measure space. We say that (Xi,B,,7) is the completion of
(Xl,BXI,U).

Sketch of the proof of Lemma[{.3.3 The proof of the direction that the left-hand-side of (4.3.2) is
greater than the right-hand-side is the same as the proof for the case that m € Ps(X).

Let us prove the converse inequality. Let (X, B,,,m) be the completion of the probability space
(X,BX,m). Fix any \ € Hy. By Assumption the set-valued function BRy: X ~~ Y has
non-empty closed images. By Lemma Graph(BR)) is closed in X x Y, thus is a B,, ® BY -
measurable set. By Lemma and Theorem the set-valued function BRy: X ~ Y is
(B, BY )-measurable, and there exists a (B, B )-measurable function bry: X — Y such that for
any z € X,

bI'A(:E) € BRA(J/‘)

We define A: X — Z, z ~— (x,bry(z)). Since bry is (B,,, BY)-measurable, we have that A is
(B, By, ® BY )-measurable, see [Kal97, Lem. 1.8]. Let B? be the Borel g-algebra on Z. It is
obvious that BZ C BX @ BY C B,, ® BY. Let us take

[ = Adfin|pz.
Then [ is a positive Borel measure on Z. Moreover, we deduce from Definitions that
() = An(Z) = im(X) = m(X) = 1.
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Chapter 4. Mean field optimization problems: stability results and Lagrangian discretization

Therefore, i € P(Z). Assume that the following two equalities hold true:

m#i = m, (4.7.1)
/g)\dﬂ:/ gx o Adm. (4.7.2)
z X
By the definitions of u) and A,
gx 0 A@) = ga(w, bra(z)) = inf gr(w,y) =ur(x), VoeX. (4.7.3)

Combining (4.7.1)-(4.7.3), we obtain that

inf /gAd,ug/gAdﬂ:/ ngAdm:/ uxdm.
He€Pm(2) J z z X X

The conclusion follows. O

For completing the proof of Lemma m it remains to prove equalities (4.7.1)-(4.7.2). They
are deduced from Lemmas [4.7.314.7.4

e To prove ([£.7.1)), we take X = X and h = m; in Lemma m;

e To prove ([.7.2), we take X = [~ M]||A||, +00) and h = gy in Lemma and Lemmam
implies that gy o A = u) is Borel measurable.

Recall the definition of A: X — Z in the previous proof and recall that i = A#m|gz.

Lemma 4.7.3. Let X be a Polish space. Let h: Z — X be a Borel measurable function. Assume
that ho A: X — X is Borel measurable. Then it holds:

Wi = (ho A)#tm.

As a consequence, if)z' = [¢, +00) for some c € R, then

/hdﬁ:/ hoAdm.
z b's

Proof. Let B be any Borel set in X. By the property of push-forward measure, h#ji(B) =
fi(h~1(B)). Since h is Borel measurable, we have that h~'(B) € BZ. This yields that

h#i(B) = A#i(h™'(B)).
Next, by the property of the push-forward measure,
A#in(h™1(B)) = m(A'h1(B)) = m((h o A)~(B)).
Since h o A is Borel measurable, we have that (ho A)~*(B) € BX. As a consequence,
m((ho A)~(B)) = m((ho A)~!(B)) = (ho A)#m(B).

Therefore, h#i(B) = (h o A)#m(B) for any Borel set B C X. We conclude the first part of the
proof.
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In the case that X3 = [¢,+00) for some ¢ € R, since ¢ = fX2 cdjii = le co Adm, it suffices to
prove the conclusion for A — ¢ in instead of h. Therefore, we can assume that X3 = R;. By the
change-of-variable formula for push-forward measures,

/Z hdfi = /}R At @)

Next, it follows from the equality h# i = (h o A)#m that
[ et = [ zdine Aygm(a).
Ry Ry

Again, by the change-of-variable formula, we obtain that
/ 2 d((h o Adim(z)) = / ho A dm.
Ry X

The conclusion follows. O

Lemma 4.7.4. Under Assumption [7_[], the function uy is upper semi-continuous for any A € Hy,
thus Borel measurable.

Proof. Let A € Hy. Since g is bounded over Z, we have that uy(xz) > —oo for any € X. Fix
any z € X. Let y € BR)(x). Let (z, € X),>1 be a sequence converging to x. By the lower
semi-continuity of Gy, there exists y,, € Z,, such that gy(z,y) = lim, 00 gr(Tn, yn). Therefore,

u(r) = gx(z,y) = Jim 9 (Tn, yn) > limsup uy(xy).

n—oo

We obtain the upper semi-continuuity of wy for any A € Hy. Since any upper semi-continuous
function defined on a metric space is the limit of a monotonically decreasing sequence of continuous
functions [Ton52, Thm. 3|, we deduce that uy is Borel measurable. ]
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Chapter 5

Error estimates of a theta-scheme for
second-order mean field games

5.1 Introduction

Mean field games (MFGs), introduced in 2006 independently by J.-M. Lasry and P.-L. Lions in
[LLO7] and M. Huang et al. in [HMCOG], describe the asymptotic behavior of Nash equilibria in
stochastic differential games, as the number of players goes to infinity. In this type of games, players
have symmetric dynamics and payoff function. The latter function depends on the own strategy
of a given player and on an interaction cost depending on the distribution of all players. Mean
field games have important applications in various domains, like crowd motion [LST10], sociology,
biology, macroeconomics [ABL™14], trade crowding [CL18a], and finance.

Second-order MFGs (see [LLOT, [ACDI10l [Car10]) are coupled systems, including a backward
Hamilton-Jacobi-Bellman (HJB) equation and a forward Fokker-Planck (FP) equation. The source
term of the HJB equation depends on the solution m of the FP equation while the velocity (the
optimal control) v in the transport term of the FP equation depends on the solution u of the HJB
equation. Under appropriate hypotheses, we can express v as a function of Vu at each time. Let T¢
be the d-dimensional torus and let @ = [0, 1] x T?. We consider the following second-order MFG:

()  —0u—odu+ HE (ta, Vult,z)) = fo(t,z,m(t) (7)€ Q,
(i) olt.a) = —Hg (1.2, Vu(t,2)) (t.2) € Q. -
(ili))  Oym —oAm +div(vm) =0 (t,z) € Q,
(iv) m(0,2) = m§(z), u(l,z)=g°(x) v e T
The Hamiltonian H€ is related to the Fenchel conjugate of a running cost £¢:
HC(t,z,p) = sup (—p,v) — £(t, x,v). (5.1.1)

vERC

We introduce in this chapter a theta-scheme for the discretization of ; our main result
states that, under suitable assumptions, the solution of the theta-scheme converges to the unique
solution of . To the best of the authors’ knowledge, the work in this chapter is the first one,
in the context of MFGs, to give a precise convergence order for a fully discrete numerical scheme,
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namely O(h"), where h is the step size of the space variable and r € (0, 1) is related to regularity
properties of the solution of .

Let us describe more in detail the theta-scheme which we propose. Let us denote by Vj, divy
and Ay the discrete gradient, divergence and Laplace operators of the centered finite-difference
scheme (precise definitions are in Section 2). Let 6 € [0,1]. At any time ¢, the theta-scheme of the
FP equation consists of two steps:

1. An explicit scheme for an intermediate FP equation, with a weight (1 — 6) for the Laplacian

rerm: mlt+1/2) — m(t)

At

2. An implicit scheme for an intermediate heat equation (without divergence term):

m(t+1)—m(t+1/2)
At

— (1= 0)cApm(t) + divy (mu(t)) = 0. (S1)

— 0o Ap(m(t+1)) = 0. (S2)

Notice that when there is no divergence term (v = 0), the above scheme — coincides with
the classical theta-scheme for the heat equation [AII07]. For the HJB equation, we propose an
adjoint scheme; at each time ¢, two steps are performed: (1) an implicit scheme for an intermediate
heat equation (without the Hamiltonian term) and (2) an explicit scheme for an intermediate
HJB equation. The adjoint structure of the coupled system is preserved in the resulting
discretized system, which is an important property for the analysis.

Motivations of the theta-scheme. Let us describe the main properties of the theta-scheme,
which justify our interest for it. If § = 0, our scheme is an explicit scheme which has a natural
interpretation as a discrete mean field game. However, it is not clear whether the explicit scheme
for the FP equation, when @ = 0, enjoys stability properties for some £2-norm. To ensure stability, a
natural idea consists in taking an implicit scheme for the second-order term, i.e. § = 1. This yields a
mixed scheme (implicit for the Laplacian term and explicit for the divergence term). We emphasize
that the divergence term should remain explicit, in order to guarantee that the discrete system has
a structure of a discrete MFG. When 6 = 1, we see that is an explicit scheme of a continuity
equation (without diffusion term). To ensure the monotonicity of , an upwind discretization for
the divergence term should be employed, instead of centered scheme. In comparison with a centered
discretization, the upwind discretization has the following disadvantages: (1) the consistency error
is of a lower order, (2) we need then to construct a numerical Hamiltonian (see [ACDI10, [ACCD13])
to preserve the adjoint structure. Finally, we propose to take # € (1/2,1) in — and to keep
the centered scheme for the first-order term. The ¢?-stability is proved in Proposition for the
case when 6 > 1/2. The monotonicity property is obtained under a CFL condition , for all
0 < 1, see Theorem We end up with a discrete system which has a structure of a discrete
MFG, has a higher order for the consistency error, and which does not require the construction of
a numerical Hamiltonian.

Under suitable assumptions, MFGs have a potential structure (see [CH1T, Def. 1.1]), i.e. the sys-
tem can be interpreted as the first order optimality condition of an optimal control problem
of the FP equation, see [LLO7, LSTT0, [LP22]. Then some optimization algorithms can be applied
to solve this optimal control problem, such as the fictitious play [CHI7], the generalized conditional
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gradient algorithm [LP22], ADMM and Chambolle-Pock’s algorithm [AL20, [BLP23b], etc. The last
important feature of our theta-scheme is that it preserves the potential structure (when it exists),
which allows the application of the previously mentioned methods directly on the discrete system.
These methods avoid solving a large discrete nonlinear forward-backward system. For instance, the
fictitious play [CHILT7] and the generalized conditional gradient algorithm [LP22] require to solve
the discrete HJB and FP equations iteratively. One significant difference between the theta-scheme
and the implicit scheme proposed in [ACCD13] is that the first-order terms in the discrete HJB
and FP equations of the former are explicit. Thanks to this, at each time step of the discrete HJB
equation, the difficulty of our method lies in solving a linear equation associated with the implicit
part of the theta-scheme, which is much cheaper than solving a nonlinear algebraic equation in
the totally implicit scheme [ACCD13]. We mention that the aforementioned linear equation to be
solved is an implicit scheme of a heat equation. Consequently, in high-dimensional cases, we can
consider splitting methods [Tho95, Sec. 4.4] to decompose the discrete Laplace operator and reduce
computational complexity.

Related works. In 2010, a first result concerning the convergence of a finite-difference scheme for
stationary MFGs was obtained in [ACDI0]. In this paper, the authors also proposed an implicit
scheme for time-dependent MFGs and proved the existence and uniqueness of the solution of this
scheme. In 2013, a convergence result was obtained for the same implicit scheme in [ACCD13] when
the Hamiltonian has a monomial form, i.e. H(x,p) = H(z) + |p|®, with 8 € (1,+00). The two
cited works assume the existence of a classical solution for . In 2016, in the absence of this
existence assumption, [AP16] proved that the solution of the implicit scheme converges to a weak
solution of when the grid steps tend to zero. No assumption on the Hamiltonian is made
in [AP16], but a technical assumption, Assumption (g5), is required for the numerical Hamiltonian
(the discrete counterpart of the Hamiltonian). An example of a numerical Hamiltonian satisfying
(gb) is only presented for a Hamiltonian with a monomial form (as above), with 8 € (1,2].

Other discretization techniques have been considered in the literature. We mention the articles
[CS14, [CST5] in which a semi-Lagrangian discretization is proposed for first-order and second-order
MFGs, respectiveley. The well-posedness of the resulting discrete system is established for both
cases. In [CS15], the scheme’s convergence is proven for non-degenerate second-order MFGs in
any dimension and for degenerate second-order and first-order cases in dimension one. A sort
of semi-Lagrangian discretization is proposed in [HS19] for first-order MFGs and convergence is
established in general dimension. In [BC22] a semi-discretization in space, with finite differences,
is investigated. It is shown that the solution of the semi-discrete master equation converges to the
solution of the continuous master equation, with an explicit rate of convergence. Finally, we cite
the article [AL20], which gives a good summary of the numerical methods for MFGs.

Numerical analysis. In this paper, we assume that the running cost £¢ is strongly convex with
respect to the control variable. This is equivalent to the Lipschitz continuity of VH¢ with respect
to its third variable. This assumption plays a key role in the stability analysis. We assume that
the coupling function f¢ is Lipschitz continuous w.r.t.  and with respect to m, for the L2-norm.
Note that our regularity assumptions on f¢ are stronger than those of [ACCD13]. We also make a
monotonicity assumption for f¢, in Lasry and Lions’ sense, see [LLO7, Thm. 2.4]. This assumption
ensures the uniqueness of the solution of . For the consistency analysis, we assume that
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the exact solution of lies in the Holder space C'17/2247(Q) (see [Kry96, Ch. 8.5] for the
definition). In Appendix we provide sufficient conditions on the data for this regularity
assumption to hold, for an exponent r which is explicit. We also make use of assumptions dealing
with the regularity of /¢, m§ and g¢. Our convergence analysis relies on a consistency analysis and
a stability analysis, the latter relies on a fundamental inequality and an energy estimate for the
discrete FP equation.

Consistency analysis. We prove that the discrete HJB equation has a consistency error of order
O(Ath") at each time step. For the discrete FP equation, the consistency error is the sum of two
terms: one is in the form of the discrete divergence of a term of order O(Ath?"+4) (which can be
dealt with by a discrete integration by parts formula in the convergence proof), the other one is
of order O(Ath™+4). In comparison with [ACDI0, ACCDI3], there is no numerical Hamiltonian
in our scheme. This simplifies the consistency analysis and avoids the treatment of an additional
error term.

Fundamental inequality. The fundamental inequality (Proposition is established for a
general class of discrete MFGs, for which the existence and uniqueness of a solution is easily
obtained with a standard fixpoint approach. The fundamental inequality allows us to quantify the
variation of the control variable v when a discrete MFG is subject to perturbations. It is deduced
from equality , which is similar to the fundamental equality proved in [ACCD13, Eq. 3.20]
for an implicit scheme. Our proof of the fundamental inequality also relies on the following technical
lemma, given in [Nesl8| Thm. 2.1.5]: If F' is a convex function with L-Lipschitz gradient, then for
any p, q, it follows that

S IVF() = VF(@)| < F(p) ~ F(a) ~ (VF(a).p 1) (5.1.2)

We give a second proof of the fundamental inequality, which does not rely on the fundamental
equality . Instead we define a “relative” potential function, and deduce the fundamental
inequality from upper and lower bounds of this relative potential function.

Energy estimate. We provide in Proposition an upper bound of the £2-norm of the solution
of the discrete FP equation under some perturbations. The proof of the energy inequality is
inspired by the one for parabolic PDEs, see [Lio71, [LSUSS]|, and the one for the implicit scheme,
see [ACCD13].

Numerical Hamiltonian. As we mentioned earlier, it is assumed in [AP16] that the numerical
Hamiltonian satisfies a specific assumption, Assumption (gh). It turns out that when the numerical
Hamiltonian is convex and has a Lipschitz gradient, then (gh) can be easily deduced from inequality
, as we show in Lemma m Using this technical result, we provide an example of a
numerical Hamiltonian which satisfies all the assumptions of [AP16], for the case of a running cost
which is strongly convex with respect to the control variable, uniformly in time and space. See
Theorem This result is of independent interest since our theta-scheme does not require the
construction of a numerical Hamiltonian.

Organization of the paper. In Section 2, we present the theta-scheme and state our main result.
Section 3 is dedicated to a general class of discrete MFGs (covering the theta-scheme). We prove
in this section the fundamental inequality. In Section 4, some properties of the theta-scheme are
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demonstrated, in particular, we prove the announced energy estimate for the FP equation. The
consistency analysis and the proof of the main result are given in Section 5.

5.2 The theta-scheme and the convergence result

5.2.1 Preliminaries

The set of functions from some finite set 4 to R (resp. RY) is denoted by R(A) (resp. RY(A)):
R(A) = {m: A = R}, RY(A) = {m: A — R4}
Let us introduce the set of probability measures on A, defined by

P(A) = {m e R(A) ‘Vw €A m(z) 20,y mly) = 1}.
yeA

We denote by | - || and (-, -) the Euclidean norm and the scalar product in R"”. We define below a
scalar product and a norm for functions defined on a finite set.

Definition 5.2.1. Let n € Ny and let A; and As be two finite sets. For any p,v € R"(A;) and
p € [1,00), we define

Gy = 3 @@ Il = (X 1a@I) "l = max el

TEA; T€EA;

For any u € R"(A; x Ag) and p1,p2 € [1,00], we define

1 1 1 .
(aen It BN, i pr € [1,00),

maxze, |1z, )|, if p1 = oc.

p1

iilpe = || (18, Ve g,

Lemma 5.2.2 (Holder’s inequality). Let u,v € R"(A; x Asz). Then,

ST e wa) vl w2))| < Il Vi o3

T1€AL x2€A,
where p; € [1,00] and 1/p; +1/p; =1, fori=1,2.
We make use of Nemytskii operators, in order to alleviate some notations.

Definition 5.2.3 (Nemytskii operators). Let (: X x ) — Z and let u: X — ). Then, the
associated Nemytskii operator is the mapping ([u], defined from X to Z by

(u](z) = C(z, u(z)).

5.2.2 Notations for the finite-difference scheme

The time step is At = 1/T', for T € N;. We assume that 7' > 1. The set of time indices is denoted
by T (T when the final time T is included):

T={0,1,....,T—1};  T=H{0,1,...,T}. (5.2.1)
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Let S be the uniform discretization of the torus T¢ with step size h = 1/N, for N € N, defined by
S ={(i,i2,...,ia)h | i1,...,iq € Z/NZ}. (5.2.2)

Let (€;j)i=1,...a be the natural canonical basis of R?. The discrete Laplace, gradient, and divergence
operators for the centered finite-difference scheme are defined as follows:

he; _ heg) — 2
App(x Z“” €>+“<}jg ei) — 21(@) Vu e R(S), Va €S,
=1
z + he;) — u(x — he;)\ 4
vhuu»=:(“( e Vi ER(S), V€ §
d
divpw(x Z wi(@ + hei) _“’Z(x_hel), Ve eRYS), VaeS,

where w; is the i*" coordinate of w. The forward discrete gradient is defined by

Vi () = (’"‘(x + he}i) - W))jl, Wi € R(S), ¥z € S. (5.2.3)

Lemma 5.2.4 (Integration by parts formula). For any w € RY(S) and for any p,v € R(S), it
holds that

= 3 nl@)divie(e) = 37 (Vape), (@) ; (5.2.4)

z€S €S
=Y v(@)Appu(z) =D (Viv(x), Vip(z)). (5.2.5)
€S zeS

The proof is given in the Appendix
Lemma 5.2.5. For any u € R(S), the following inequality holds:

IVnull3 < 1V ul3. (5.2.6)

The proof is given in the Appendix The following lemma shows some general properties

of the implicit scheme associated with the heat equation %T —cAm = 0, used in our theta-scheme.

Lemma 5.2.6. Let X € RI°l. Consider the scheme
Y(z) — X(z)
At
with unknown Y € RISl The following holds true.

—cARY (z) =0, Vazels, (5.2.7)

1. (Ezistence and uniqueness) The scheme (5.2.7) has a unique solution Y .
2. (Monotonicity) If X > 0, then' Y > 0. Moreover, if X € P(S), then Y € P(S).
3. (Lipschitz constant) If X is L-Lipschitz, then' Y has the same Lipschitz constant L.

4. (Continuity of the discrete gradient and Laplacian) Suppose that Ap X is a-Hdélder continuous
with constant L', where 0 < o < 1. Then there exists a constant C, independent of At and h,
such that

IViX = ViYloo < CAtR ™, [|ALX — ApY | < CAtR 2,
The proof is given in the Appendix
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5.2.3 The theta-scheme and the main result

We describe the MFG system of interest. Let us fix a running cost ¢¢, a coupling cost f€, an initial
condition m§ and a terminal cost g, where

¢ Q xR 5 R, f©:QxD >R, m§ € D, g¢: T4 = R,

and where the set D is defined by D = {p € L*(T%) | n > 0, [y p(x)dz = 1}. Recall the formulation
of the continuous mean field game:

(i) —Ow—ocAu+ HC(t,x,Vu(z,t)) = f(t,x,m(t)) (t,x)€Q,
(i) w(t,x)=—H,(t,x, Vu(z,t)) (t,z) € Q,
(iii) Om —oAm + div(vm) =0 (t,x) € Q,
(iv) m(0,z) =m§(z), u(l,z)=g%x) r €T,

where H(t,x,p) = sup,era(—p,v) — £(t,z,v). We make the following assumptions on the data
functions.

Assumption A. The following holds:

1. Regularity. The running cost £¢ is continuously differentiable with respect to v. There exist
positive constants Lj, Lg

g» and L% such that for any (t,z) € Q, for any v € R, and for any
m €D,

o (°(-,x,v), L°(t,-,v), and £5(-,x,v) are Lj-Lipschitz continuous
e ¢°is Lg-Lipschitz continuous
o f(yx,m), f°(t,-,m), and f°(t,z,-) are Lf-Lipschitz continuous (with respect to the

|| - [lLz-norm for the third variable).

2. Strong converity. There exists o > 0 such that for any (¢,z) € Q, ¢“(t,z,-) is strongly convex
with modulus af, i.e.

(6]
(t,x,v9) > L6t @, v1) + (G (t, z,v1),v2 — v1) + %va — v Vo, v € R
3. Monotonicity. The global cost f¢is monotone, i.e., for any ¢t € [0, 7], for any m; and ms € D,
/ <fc(t,w’,m1) — fe(t, 2, mg)) (ma(z') — ma(a’))da’ > 0.
Td

Lemma 5.2.7. Let Assumption [4] hold true. Then H€ is continuously differentiable with respect
to p and Hy is (1/«)-Lipschitz continuous with respect to p. Moreover, H® and Hy are respectively
LG- and (L§/a)-Lipschitz continuous with respect to t.

The proof is given in Appendix Following [Kry96], page 117], we introduce the following
spaces. Given r € (0, 1), cr/ 27 (Q) denotes the set of real-valued functions over Q which are Holder
continuous with exponent 7 (resp. 7/2) with respect to z (resp. t). We denote by C'+"/22+7(Q) the
set of real-values functions ) which are such that m, 9ym, 0,,m, 0y, m lie in C"/27(Q), for any
ij=1,...d.

We make the following assumption on the solution of .
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Assumption B. The continuous mean field game (MFG]) has a unique solution (u*,v*, m*), with
u*,m* € CHH/2247(Q) and v* € C7(Q) NIL=([0,1];C*H(T?)), where r € (0, 1).

In Appendix we propose a set of regularity assumptions on ¢¢, f¢, m§ and ¢¢ (Assumption
[C). We show in Theorem that Assumptions [A| and |C| together imply the Assumption |B] for

an explicit value of r.
Assumptions [A] and [B] are supposed to be satisfied throughout the chapter.

Let us now discretize the data functions. Let us define By (x) = H?Zl[x —he;i/2, x4+ he;/2). We
introduce two operators Zj: R(T%) — R(S) and Rj,: R(S) — R(T9), defined as follows: For any
m¢ € R(T?) and for any m € R(S),

Zn(m)(x) = /B ( )mc(y)dy, Vo e S;
" (5.2.8)
m(z)

Ri(m) () = -7,

Vr €S, y € By(z).

The discrete counterparts of the data functions ¢¢, H¢, m§, and ¢g¢ are the functions defined as
follows: For any t € T, x € S and p € R?,

0(t,x,p) = LC(tAt,x,p), H(t,z,p) = H(tAt, z,p),

(5.2.9)
mo(x) = Ip(m§)(z),  g(z) = g°(x).
The discrete counterpart of f¢ is the function f: 7 x S x R(S) to R defined by
1 C
flt,x,m) = d/ f (tAt,y,Rh(m)>dy. (5.2.10)
he Jyep, (@)

Taking any 6 € [0, 1], we introduce the theta-scheme of (MFG)): find (u,v,m) € R(T x §) x R4(T x
S) x R(T x S) such that V(¢t,z) € T x S,

L) Ul 20) g At +1/2,2) = 0,

(i)
— w2 ) () g)o Apult + 1/2,2) + H[Vau(- +1/2,)](t, 2) = f(t, 2, m(t));

(ii) v(t,z) = —Hp[Vhu(- +1/2,-)](t, z);

(i) mUAL20=mbr) (1~ g)Aym(t,x) + divy, (vm) (¢, ) = 0,
111

mt L) 2D o Apm(t + 1,2) = 0;

\ (iv) m(0,x) =mp(x), u(T,z)=g(x).

(0-MFG)
Denoting B; = Id — 80 AtA, the first equation in the dynamic programming equation can be
rewritten as follows: Byu(t +1/2,) = u(t +1,-). By Lemma By is invertible. This allows
us to consider u(t + 1/2,+) as an auxiliary variable, uniquely determined by u(¢ + 1,-), and thus to
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5.2. The theta-scheme and the convergence result

regard the unknown value function u of the theta-scheme as an element of R(7 x S). The same
argument also holds for the other auxiliary variable m(t + 1/2,-).
We fix now a constant M, defined as follows:

1
M= (2 s (1656, 2,0)]) + VA(LG + LS + Lg)). (5.2.11)
The constant M is an upper bound of ||v]|,00, as will be seen in Theorem We consider the
following condition on (At, h):

2 2(1 —
At<h7 h<(79>0‘

= 2d(1 - 6)0’ = M (CFL)

Remark 5.2.8. Let us reformulate the explicit part of (0-MFG])(iii) by isolating m(t + 1/2,x):

d (t, €;
m(t+1/2,z) = (1 - W)m(t,x) +AY ((1 ;20)0 _ ult, 2; L )>m(t,x + he;)
=1

d
(1—=0)0  wvi(t,x — he;) .
+At ; ( 2 + o7 )m(t, x — he;).

(5.2.12)

The coefficients preceding m(t,z) and m(t,x + he;) in are affine functions with respect
to v(t,x) and v(t,x £+ he;) respectively, and these coefficients are positive under the condition
(CFL) since M is an upper bound of ||v|/sc,0c. Moreover, summing over z yields that
Yowegm(t +1/2,2) =3 _g¢m(t,x). Therefore, under the condition (CFLJ), if m(t) € P(S), then
m(t+1/2) € P(S). Since m(t+1) is the solution of an implicit scheme for the heat equation (with
source term m(t+1/2,z)), we have that m(t+1) € P(S) if m(t+1/2) € P(S), by Lemma[5.2.6] In
other words, probability distributions on S are preserved by the discrete Fokker-Planck equation

under the condition (CFLJ).

Remark 5.2.9. Let us discuss the choice of 6 in the theta-scheme . If we set 6 = 1, we
cannot guarantee the positivity of the coefficients preceding m(t, z+he;) in . As a result, we
cannot use the same argument presented in Remark to ensure the preservation of probability
distributions of the discrete FP equation. On the other hand, to obtain an energy estimate (/-
stability) of the discrete FP equation, we require that 6 > 1/2, as demonstrated in Proposition
.40

Theorem 5.2.10. Let Assumptions[A] and[B hold true. Let 0 € (1/2,1) and let (At,h) satisfy the
condition (CFL|). Then, the theta-scheme (-MFG)) has a unique solution (up, vy, mp). Moreover,
there exists a constant C > 0, independent of At and h, such that

[un = uplloo,co + [[ma = mp[loo,r < CRT,
where w,m} € R(T x S) are defined by u}(t,x) = u*(tAt,x) and m(t) = I (m* (tAt)).
The proof of Theorem [5.2.10]is given in Section [5.5.2]
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5.3 General properties of discrete mean field games

We consider in this section a general class of discrete time and finite state space mean field games,
for which we establish the existence and uniqueness of a solution as well as a fundamental inequality.
We will show in Section that the theta-scheme falls into this class of problems.

5.3.1 Notations and assumptions

In this section, the state space S is an arbitrary discrete set in R?, not necessarily a discretization
of T?. Let us introduce the set of discrete curves of probability measures and the set of transition
processes, defined by

7%ﬁ$z{m€RﬁkS”W€fnﬁﬁeP@”,
Hmmaz{wemesxstm@eTxaw@%oePw§.

Remark 5.3.1. Any m € R(T x S x S) is a transition process if and only if for any m € P(S) and
for any t € T, we have m’ € P(S), for m'(y) = >, cqm(t,z,y)m(x), for all y € S.

We introduce now a running cost ¢, a coupling cost f, an initial condition mg and a terminal
cost g, where

0:TxSxRESR, f:TxSxRS) =R, mogeP(S), geR(S9).

In this section, ¢, f, mp, and g are considered independently of the definition (5.2.9). We will
consider again definition ([5.2.9) in the next section when we interpret the theta-scheme as a discrete
MFG.

To formulate the discrete MFG system, we need a control bound D > 0. The admissible control
space, denoted by R% (T x 5), is the set of all elements v € R*(T x S) such that [|[]|cc00 < D. The
probability of the motion from one state x € S to another state y € S at a time ¢ € 7 under some
control v € RE (T x ) is given by

w](t,x,y) = w(t,z,y,v(t, x)),

where 7 is a function from 7 x S x S x R? to R. We assume that 7[v] is a transition process for
any admissible control v, i.e.,

mlv] e I(T,S),  VveRL(T x S). (5.3.1)
For any D € (0,00], we denote by £P: T x § x R — R U {oo} the function defined by

Lt if <D
Mw):{ (t,z,v), if o] <D, (532)

o0, otherwise.
When D = oo, ¢ = ¢. The Hamiltonian HP” is defined as follows:

HP(t,2,p) = swp (~p,0) —P(te,) = sup  (—po) —L(tmo).  (533)
veER vERY, ||v]|<D

We consider the following assumptions on the previous data.
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Assumption 5.1. The following holds:

1. Regularity. There exist positive constants Ly, Ly, Ly, and Ly such that for any ¢t € T, for
any v € R%, and for any m € P(S), the functions £(t,-,v), g(-), and f(t,-,m) are resp. Ly, Ly,
and Ly-Lipschitz continuous, i.e.

|0(t, x1,v) — L(t, z2,v)| < Lyllz1 — 22|,
lg(z1) — g(@2)| < Lygllar — z2],
|f(t,a:1,m) - f(t7x2am)| < Lf”xl - l'QH,

for all 71 and z2 in S. Moreover, the function f(¢,z,) is L';-Lipschitz w.r.t. m for the | - [|2

norm , i.e., for all m; and msg in P(S),
|f(t,z,my) — f(t,z,ma)| < Li|lmy — malla.
2. Strong convexity. There exist a > 0 such that for any ¢ € 7 and for any x € S, the function
((t,z,-) is a-strongly convex, i.e.,
0tz v9) > L(t,x,01) + (p,va —v1) + %va — %,
for all v1 and v2 in R™ and for all p € 0pl(t, z,v1).

3. Monotonicity. For any t € T, for any m; and mg in P(S),

> (Ftwm) = f(ta,ma) ) (i (2) = ma(a) > 0.

zeS
Lemma 5.3.2. Let D € (0,00]. The following holds true.

1. The Hamiltonian HP is continuously differentiable with respect to p.

2. For anyt € T, for any x € S, and for any v € R, we have HP (t,z,p) = —(p,v) — P (t,z,v)
if and only if v = —Hf(t,m,p).

. . . D . 1 . . . .
3. The partial derivative H, is -Lipschitz continuous with respect to p.

4. For anyt € T, for any x € S, for any v € R%, and for any po € 0,¢(t, x,0),
1
|t xp) < - (2lroll + l1)- (5.3.4)

The proof is given in the Appendix A direct consequence of Lemma is the following.

Corollary 5.3.3. Let (t,z,p) € T x S x R%. Let pg € 0,(t,,0). Let D1 and Dy € (0,00] be such
that D; > L (2|[po|| + |[pll), for i =1,2. Then

HDl(t,sc,p) = HDz(t,x,p) and Hé)l(t,:x,p) = Hfz(t,x,p).

Lemma 5.3.4. Let D € (0,00], lett € T and let x € S. For any v, for any p € R?, for any m >0
and for any m € R, it holds that

(P (t,z,vym — (P (t,z,0)m > —HP (t, 2, ) (m — m) — (p, mv — mo) + %Hv — 0||*m, (5.3.5)

where v = —Hf(t,af,ﬁ).

The proof is given in the Appendix [5.6.1}
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5.3.2 The discrete MFG model

The discrete MFG model of interest in this section is a coupled system of three variables: a
value function u € R(T x S), a policy v € RdD(T x S), and a curve of probability distributions
m € R(T x S). It consists of a Kolmogorov equation, a dynamic programming equation, and a
feedback relation.

e Given v € R%(T x S), denote by FP(v) € R(T x S) the solution m to the Kolmogorov
equation

{ m(t+1,y) = Yyes7lol(t, 2. y)m(t. ), V(ty) € T xS, (5.3.6)

m(0,z) = mo(x), V€ S.

e Given pu € P(T,S), denote by HIB(1) € R(7 xS) the solution u to the dynamic programming
equation
u(t,r) = inf (ID(t,2,0) At + 3 comlt.zy,wlult+ 1,y)), V(tz) €T x S;

u(T,z) = g(z), Vz € S,
i ) (5.3.7)
where gg(t,x,w) =1P(t,z,w) + f(t,z, p(t)).

e Given u € R(T x S), denote by V(u) the policy v defined by

v(t,x) = argmin <£D(t, z,w)At + Z (t,x,y,w)u(t + 1, y)), V(t,z) e T xS.  (5.3.8)
w€eRd
yeS

The uniqueness of the minimizer in the above definition is a consequence of Lemma [5.3.2

The discrete MFG consists in finding a triplet (u, v, m) such that v = HIJB(m), v = V(u), and
m = FP(v). This is equivalent to find a fixpoint to the map ¢, defined by

¢:m e P(T,S) — FPoVoHIB(m) € P(T,S).

It is easy to verify that ¢ is indeed valued in P(7 x S). Let m € P(T x S) and let v = VoHJIB(m).
By definition, ||v||co.co < D. Therefore, by assumption (5.3.1), 7[v] is a transition process. Then

FP(v) € P(T,S), by Remark

The discrete MFG can be formulated as the following coupled system: for all (t,2) € T x S,
() ult2) = nfene P2, )M+ Y g w{t 2,y w)ult +1,p);
(ii) w(t,x) = argmin cpa (P (t, 2, w) At + doyes Ttz y,wlut +1,y);
(iii) mt+1,2) =, cs ]ty 2)m(t, y);
(

)
iv) m(0,z2) =mp(x), u(T,x)=g(x).

(5.3.9)

As mentioned in Remark the coefficients preceding m(t,z &+ he;) in (5.2.12) are affine
functions with respect to v(t,x £ he;). Furthermore, m(t 4+ 1) can be seen as a linear function
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of m(t + 1/2) independent of v from the implicit part of (f-MFG])(iii). Therefore, in the theta-
scheme , we can express m(t+ 1, x) as a linear combination of m(t,y) for y € S, where the
coefficients preceding m(t,y) are affine functions with respect to v(¢,y). Comparing this with the
coefficients 7[v|(t,y,z) = w(t,y, z,v(t,y)) in (5.3.9))(iii), in order to study as a particular
case of , we find it convenient to consider 7 (¢, x,y,w) in an affine form of w, i.e.,

w(t,x,y,w) = mo(t, z,y) + At(mi(t, z,y),w), Y(t,z,y,w) € T x S% x RY, (5.3.10)

where my € R(T x S x S) and 71 € RY(T x S x S). The exact formulas for my and m; associated

with (I-MFG]) are given in (5.4.3)-(5.4.4).
In the sequel of this section, we consider 7 given by (5.3.10f). We make the following assumption
on my and mq.

Assumption 5.2. The elements my and 7 satisfy the following condition:
mo(t,z,-) € P(S), V(t,z) € T xS,
> yesm(t @, y) =0, V(t,z) € T xS,
mo(t,z,y) > AtD||mi (¢, x,y)|, V(t,z,y) €T xS x S.
Lemma 5.3.5. For w given by , Assumption 18 equivalent to .

The proof of the previous lemma is left to the reader.

Thanks to (5.3.10), we can simplify (5.3.9) (i)-(ii) with the help of HP (defined by (5.3.3)). Let

us define pg, p1, qo, and ¢ as follows: for all (t,z) € T x S,

po(t,x) = Zwo(t,x, s)u(t+1,s), pi(t,z) = Zm(t,:n, s)u(t + 1, s); (5.3.11)
seS seS

ot ) = Y _mo(t, s, z)mft, s), )t z) =) (m(t,s,2),v(t s)m(ts).  (5.3.12)
seS seS

Observe that the dependence of py and p; with respect to u is not explicitly mentioned, similarly,
the dependence of gg and ¢; with respect to m and v is not explicitly mentioned and will be clear
from the context. Then system ([5.3.9) equivalently writes: for all (t,2) € T x S,

(i) u(t7 l’) = ( - HD[pl](tv x) + f(t7 €, m(t)))At + pO(t7 .73);
(i)  o(t,z) = _HpD[pl](t7x);

(i) m(t+1,2) = qo(t,x) + Atqr[v](t, x);

(DMFG)

(iv) m(0,2) =mo(x), u(T,z)=g(x).
Theorem 5.3.6 (Existence). Under Assumptions cmd IDMFEG|) has at least one solution.
Furthermore, if (u,v,m) is a solution of (DMFG|), then m € 77(7-, S).

Proof (first part). We equip the finite-dimensional space R(T x S) with the norm || - ||s.1. The set
73(7’, S) is non-empty, convex, and compact. In order to prove the existence of a solution, we need
to show the existence of fixpoint for the map ¢, defined in . By the Brouwer fixed-point
theorem, it suffices to show that ¢ is a continuous mapping, which we do in appendix [5.6.1 O
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5.3.3 A fundamental inequality

Let us define a perturbed version of (DMFG]) with additional terms (n,d) € R?(T x S) in the
right-hand side: for all (t,z) € T x S,

() wltx) = (= HP[pu(t @)+ f(t 2. m(8) ) At + polt, z) + n(t, o);
(i) o(t,z) = _H}?[pl](tvx);

(iii) m(t+1,z) = qo(t,z) + Atqi[v](t,x) + (L, x);

(PDMFG)

L (iv) m(0,z) =mo(z), u(T,z)=g(x).

The fundamental inequality proved in the next proposition is an essential tool in the stability

analysis for the system (DMFG)).

Proposition 5.3.7 (Fundamental inequality). Let Assumptions[5.1) and[5.2 hold true. Let (u,v,m)
be a solution of (DMFG]|) and let (u,v,m) satisfy (PDMFG|) with m > 0. Then, the following
inequality holds:

% DD lw=v)ta)P(m+m)(tz) <> (u—a)(t+1,2)8(t,z) + (M —m)(t, z)n(t, ).

teT xS teT xzeS
(5.3.13)

This fundamental inequality is of the same nature as the one established in [ACCDI3| Sec.
3.3]. We provide two different proofs of Proposition in the next subsection. The fundamental
inequality allows us to show the uniqueness of the solution to (DMFG)).

Lemma 5.3.8 (Uniqueness). Under Assumptions (DMFG)|) has a unique solution.

Proof. The existence result was already established in Theorem Let (u1,v1, m1) and (ug, ve, m2)

be two solutions of (DMFG|). By Theorem my > and mg > 0. Viewing (ug,v2,m2) as a
solution to (PDMFG]) with (n,d) = (0,0), we deduce from the fundamental inequality that

|lvi(t, x) — va(t, z)||(ma(t, z) + ma(t,x)) = 0.

Thus for any (¢,z) € T x S, either vy (¢, z) = va(t, x), or my(t,x) = ma(t,z) = 0. Let p = m3 —ma,
then pu satisfies the following equation: for any (¢t,z) € T x S,

{ p(t+1,x) = > cqmvi](t, s, x)u(t,s) + Aty cg{mi(t, s, z), (v1 — va)ma(t, s)),

(0, ) = 0.
It follows by induction that p = 0, i.e. my = mg. Then u; = HIB(m1) = HIB(m2) = us and
v1 = V(u1) = V(ug2) = va, which concludes the proof. O

5.3.4 Two proofs of the fundamental inequality

In this subsection, (u,v,m) is a solution of (PDMFG]|) and (pg,p1) is defined by (5.3.11). Let
(u,v,m) be a solution to (DMFG)). Let (po,p1) be defined by (5.3.11)), for the triplet (@, v,m). The
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following sum-by-parts formulas will be used in both two methods of proof. For all ¢t € T,

X;ﬁom(t,x) + At(py, m)(t, x) = z; a(t+1,y)m(t +1,y); (5.3.14)
;:Spom(t, z) 4+ At(pr, mo)(t, ) = yia(t +1,y)m(t+1,y) — Zgﬂ(t +1,9)0(t,y);  (5.3.15)
mezspom(t,@ + At(py, mo)(t, 7) =§; (t+Ly)mt+1,y); ) (5.3.16)
%pgm(t, z) + At(py, mo)(t,z) = %u(t +1,y)m(t+1,y) — %u(t +1,9)6(t,y).  (5.3.17)

For proving (5.3.14)), one simply needs to multiply the first equation in (5.3.11)) by m(t,x), to
multiply the second equation in (5.3.11) by m(t,z) and to sum the results over z. This yields

Zpom (t,x) + At(p1, mv)(t, z) ZZ (t+1,s (Wo(t x, s)m(t, x) + At(mi(t, x, s), om(t, s)))

€S €S seS

Then ((5.3.14) follows from (DMFG)-(iii). The proofs of the other three equations can be obtained
similarly. We provide now two different proofs of Proposition [5.3.7]

1. Direct method We follow [ACCDI13|. Summing the difference of (5.3.15) and (5.3.14) over
teT, we get

T
SN am-m)(t,x) =Y > polm—m)(t, z)+At(pr, mo—mo)(t, ) +a(t+1,2)5(t,z). (5.3.18)

t=1 zeS teT xS
In addition, summing the difference of (5.3.17)) and (5.3.16|) over ¢ € T, we get

T
S um—m)(t,x) =Y > po(m—m)(t, z)+At{pr, mo—mo)(t, x)+u(t+1,2)5(t,z). (5.3.19)

t=1 z€S teT zes
Taking the difference of (5.3.19)) and ([5.3.18]), we have

T
D (w—a)(m —m)(t,x)

t=1 z€S

=> ) (0o — po)(m — m)(t, ) + At{py — pr,mv — mO)(t, x) + (u — 0)(t + 1, 2)5(¢, ).
teT xS
(5.3.20)

Moreover, taking the difference of (PDMFG]) (i) and (DMFG]) (i), multiplying the result by m —m,
summing over (t,z) € T x S, we obtain that

D> (u—u)(m—m)(t,x)

teT z€S
— Z Z(po —po)(m —m)(t, ) + At(HD[pl] _ HD[pl])(m m)(t, x) (5.3.21)
teT z€S
+ E Z At (t,z,m(t)) — f(t,x,m(t)))(m —m)(t,x) + n(im —m)(t, x).
teT xz€S
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Comparing ((5.3.20) and (5.3.21)) and using the relations v = —HpD[pl], v = —Hf[ﬁl], we obtain
the following equality:

Atzz (HD 1] HD[pl] — <HpD[pl],131 —p1>>(ta )

teT z€S
Ay zm(ﬂf’[m — B[] — (H) i), oy~ 1)) (8. 2)
teT z€S (5.3.22)
+ ALY D (ftzm(t) — f(tz,m(t)) (m —m)(t,x)
teT zeS
=3 (w—a)(t+L,z)6(t,x) + (m —m)(t, z)n(t, ).
teT zeS

Since HP is convex and H;? is 1/a-Lipschitz, we obtain with inequality (5.1.2)) (see [Nesl8, Thm.
2.1.5]) that

HP 1] = HP[pn) = (HP 1], 1 = p1) 2 5 B (o) = HP ] |* = Sl = o)

HPp1] = HP (1) = (HP 1], = 51) 2 5 | B (o) = HP ] |* = Sl = o)

We substitute the last two inequalities into ([5.3.22). Then, inequality (5.3.13|) follows from the
non-negativity of m and m and the monotonicity of f in Assumption

2. Variational method Let us define a “relative” potential function Ji5, : RY(7T xS)xP(T,S) — R,

Jm(v,m) = Atz Z m(t, x) (ED(t, z,v(t,x)) + f(t, z, m(t))) + Z g(x)m(T, x)

teT z€S €S

Note that in the above function J, the third variable of f is fixed to m. The second proof of
Proposition consists in proving a lower bound and an upper bound of Jy, (v, m) — jm(ﬁ, m),
from which the fundamental inequality directly follows.

Step 1. Let us prove that

Jm(v,m) — Jn(0,m) >ZZ (t+1,2)d(t,x) —i—AtZZ—HU—vH

teT zeS teT xS
By Lemma [5.3.4] we have
(zD [olm — zD[a]m) At > (—HPp(m —m) — (pr, mv — mo) + %HU - z7||2m) At
= (@ — fo — Atf(t, 2, m(t))) (m — m) — At{p1, mv — mo) + At%”v —3|%m
= a(m —m) + (porm + At(p1, mv)) — (pom + At(p1, mv))
— Atf(t,z,m(t))(m —m) + At%”v —3|%m
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It follows that
jm(v,m) - jm(ﬁ,m)
—ary Y (fD[v]m — P[5} + f(t, , m(t)) (m — m)) (t,2)+ 3 g(x)(m — m)(T, )
teT zeSs zeSsS

«
> ;;u(m —m) + (Pom + At(p1, D)) — (Pom + At(pr,mv)) + At [lv = ol*m

+Zg m) (T, x)

€S

=S Nt + 1208t 2) + ALY Y %Hv — 3|%m(t, z),

teT z€S teT xz€S

where the last equality was obtained with ([5.3.14]) and (5.3.15)).
Step 2. Let us prove that

Tn(v,m) = Jp(0,m) <Y ) u(t + 1,a)d(t, @) — n(m — m)(t, ) - At%”v — o|]>m(t, z).

teT xzes
Since v satisfies (PDMFG)-(ii), by Fenchel’s relation [HUL93l, Cor. 1.4.4], we have
Pl] = ~(p1,0) = HPlprl,  —p1 € 0Plo].

Then, by the a-strong convexity of ¢ and the last equality, we have
P[] 2 ] + (—p1, 5 —v) + 517 — o] = —H[p1] — (p1,7) + S o — ol]*.
Using the nonnegativity of m and m, we obtain that
(zD [olm — ED[@]m) At < (—HD [p1](m — ) — (p1, mv — T — %H@ . UHQm) At
= (u—po — Atf(t,2,m(0)) — ) (m — m) — Atlps,mo — m) — At o — o]
= u(m —m) + (pom + At(p1, mv)) — (pom + At(p1, mv))
— (Atf(t,z,m(t)) +n) (m — ) — At ][ - o|*m

It follows that

= AN (Pllm — P)m + f(t, @, m(t)(m - m)) (t,2)+ Y g(x)(m —m)(T,z)

teT z€S €S

< E;Z;U(m — ) + (pom + At{p1,m)) — (pomn + At{py, mv)) + z;g(:c)(m — )(T,z)

SO AL(f(t zm(b) — f(tx,mb)) (m - m)(t, )

teT zeS

SN nm —m)(tx) + At%”v — B|*m(t, z)

teT xS

< ZZ (t+1,2)0(t,x) — n(t,z)(m —m)(t, x) —At%Hv—z—}HQm(t,:n),

teT xS

where the last inequality is a consequence of (5.3.16)), (5.3.17)), and the monotonicity of f.
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5.4 Stability analysis for the theta-scheme

We turn back to the stability analysis of the theta-scheme. It consists of two steps: the fundamental
inequality, which is obtained by formulating (DMFG)) as a discrete MFG, and an energy estimate
for the Kolmogorov equation.

From now on ¢, H, g, mg, and f are again to be understood according to the definitions given
in (5.2.9) and ([5.2.10)).

5.4.1 Reformulation of the theta-scheme as a discrete MFG

The goal of this subsection is to show the equivalence between the scheme (0-MFG|) and a discrete
MFG of the form (DMFG). Given D € (0, 00|, define £ as in (5.3.2) and H” as in (5.3.3). Note

that for D = oo, H” = H. Consider the following system, with unknown variables u € R(T x S),
veRYT x §), and m € R(T x S):

(Id — 0o AtAp) u(t +1/2) = u(t + 1),
(i) u(t,z) = [ — HP[Vhu(- 4+ 1/2,9)](t,2) + f(t, z, m(t))] At V(t,z) € T x S,
+(Id + (1 — O)oc AtA)u(t + 1/2)(z),

(i)  o(t,z) = —HP[Vhu(-+1/2,)](t, z), V(t,x) € T x S,
i) {m(t +1/2) = (Id + (1 — 0)o AtA)m(t) — Atdivy (v(t)m(t)), weT
(Id — Qo AtAp) m(t + 1) = m(t + 1/2),
(iv)  m(0,z2) = mo(z), (T, z)=g(x), Vo e S.
(-MFG(D))

Multiplying the dynamic programming equation (i) and the Kolmogorov equation (iii) of (0-MFG)
by At, we easily see that (f-MFG)) is equivalent to (#-MFG(D)|) with D = oc.

We recall here the definition of the matrix By and introduce a new matrix Bs:
Bl =1Id — GO'AtAh, BQ = (1 - H)O'Ah. (541)

By Lemma the matrix By is invertible.

We regard the variables u and m of the system (f-MFG(D)) as elements of R(T x S), since the
auxiliary variables u(t +1/2,-) and m(t +1/2,-) are uniquely determined by u(t + 1,-) and m(t, ).
In the sequel, we will make use of the following convention: Given u € R(T x S), we denote

u(t+1/2,-) = Bilu(t+1,), VteT. (5.4.2)

Lemma 5.4.1. For any D > 0, the system (0-MFG(D)|) is equivalent to the system (DMFG|) with

running cost £, control bound D = D, coupling function f, final cost g, initial distribution mg and
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5.4. Stability analysis for the theta-scheme

with my and w1 defined by:

mo(t, z,y) = Bll( x) + At(By ' By)(y, z),

By YNy, + he;) — By Yy, — hei))d
2h

1tz y) =

i=1

Proof. We make use of the notations pg, p1, o and ¢, defined as in (5.3.11)-(5.3.12)).

definition of B; and Ba, the implicit steps in equations (i) and (iii) are equivalent to
u(t+1/2) = By u(t+1) and m(t+1) = By 'm(t +1/2).

Next we verify the equivalences between each of the three equations of the two systems.

Step 1. Using the definition of B; and w1, we have that

uw(t+1/2 he;) —u(t +1/2,x — he; d
2h =1
> yes <B (x + he;,y) — By (:U—hei,y))u(t—i—l,y)
2h
=1

= Wl(tvxvy)u(t—i_lay) :pl(t7x)
yes

The equivalence of the feedback relations follows.
Step 2. The dynamic programming equation is equivalent to

ult, z) = [ — HPIpi(t, @) + f(t, m(t))] At + (Id + AtBy) By hu(t + 1) (x).

Observe that

(Id + AtBs) By 'u(t + 1) (z)
—ZB (z,y)u(t + 1,y) JrAtZZngzBfl(z,y)u(tJrl,y)

yes z€S yes

—ZB u(t+1,y) —l—AtZ(ZB Bgzx)>u(t+1,y)
yeSs yeS z€eS

= motsz,y)ult +1,y) = po(x),
yeS

The equivalence with the dynamic programming equation of (DMFG]) follows.
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Step 3. The Kolmogorov equation in (-MFG(D)|) is equivalent to
mt+1ly) =Y (Bfl(y,x) + At(Br ' Ba)(y, x)>m(t, )

zes
i(t,x 4+ he))m(t, x + he;) — vi(t,x — he;)m(t, z — he;)
— At Z > By o
i=1 z€S
= > (B )+ AB; By, @) )m(t, @)
zeS
"y, x + he)) = By ' (y,x — hey)
+ Atz Z 5% vi(t, x)m(t, x)
z€S i=1
= > molt,z,y)m(t,x) + At(mi(t, 2, y), 0(t, x))m(t, x)
zes
= qo(t,y) + Atqu[v](t,y).
The lemma, is proved. O

Lemma 5.4.2. The maps £, f, and g satisfy Assumption with the following constants:
a=a°, Ly=Lj Ly=L5 Ly=Lh"* and L,=LE.

Proof. The Lipschitz-continuity of ¢, f, and g, and the strong convexity of ¢ are straightforward.
For all (t,z) € T x S and p1, p2 € P(S), we have
1
f(t7$7,u1) - f(t7$7,u2) = W / ( ) fc<tAt,$,Rh<,U/1)) - fc<tAt7 .’E,Rh(ﬂg))dy
Bh x

< LY Ra(p1) — R (p2)][ .

~n(Sr( - 15))"

zeSs

= L5h™ ||y — poa-

This proves the Lipschitz continuity of f with respect to its third variable. Let us consider again
w1, 2 € P(S) and t € T. We have

Y (fltow, ) = f(t 2, p2)) (1 (2) = pa(2)

z€S
hd Z/ ‘(AL y, Ru(p1)) — fE(EAL y, Ry (p2))dy(p (z) — po(z))
zes Y YEB( )
c c )
;/%ma (f (LAt y, Rp(1)) — fE(LAL Yy, Rp(p )( )dy
= xEZS/yEB}( ) (fc(tAt,yaRh(:ul)) - f (tAt y7Rh /’LQ )(Rh Ml Rh(ﬂ?)( ))dy
- / (Fetat, g, Ru(n)) = Fo(AL Y, Ra(12) ) (Ra(i1) (9) — Rhw(y))dy > 0.
This proves the monotonicity assumption. The lemma is proved. ]

170



5.4. Stability analysis for the theta-scheme

Lemma 5.4.3 (Lipschitz continuity). Let D € (0,00]. Let (m,u,v) be a solution to (0-MFG(D))).
Suppose that (At, h) satisfies the condition (CFL). Then for allt € T, u(t,-) and u(t +1/2,-) are
(LG + LG + Lf)-Lipschitz continuous. Moreover, |[v]lo,c0 < M, where M was defined in (5.2.11).

Proof. We define, for any t € T, Ly = L+ At(T — t)(L§ + L§). We prove by induction that for any
t € T, u(t,-) is L;-Lipschitz continuous. The claim is obvious for t = T', by the terminal condition.

Suppose that u(t + 1,-) is L;y;1-Lipschitz for some t € 7. The first equation in (0-MFG(D)) is

equivalent to the dynamic programming equation:

(Id — Qo AtAp) u(t + 1/2) = u(t + 1);
u(t, ) = Atinf,, { Ft,z,m(t)) + P (t, z,w) + <w, Vhu(t +1/2, ;c)>} (5.4.5)
+(Id + (1 — O)ocAtAp)u(t + 1/2)(z), Vzes.
By the third statement of Lemma we have that u(t + 1/2,-) is L;y1-Lipschitz. Therefore,
IVhu(t+1/2,9)] < \/g(Lg + L§ + Lj). Next let us take y € S and let us set wy = v(¢,y). We have

wy = argmin (E(t,y,w) + <w, Viu(t + 1/2,y)>>-
llwl| <D

By inequality (5.3.4)) of Lemma we have |wy|| < M. Let ' = (1 —0)ocAt/h?, then, for any z,

we have
u(t @) = ulty) < (F(tzmt) = (2 m®) + Ut @,0,) = £t y,0,) ) At

+(1—2dr) (u(t 1 1/2,2) —u(t+1/2, y))

+

M=

) (e +1/2,2 + hes) — u(t + 172,y + her))

=1

(r/ +
(-

M&

n )(u(t—i—l/Q,x—hei)—u(t—i—l/?,y—hei))'

=1

The coefficients (1 —2dr'), (' + zh)), and (1’ — (zh)) are positive by the condition (CFL|). Thus,
u(t,z) —u(t,z) < |lz— z|| (AL + L) + Lit1) < Lillz — 2|,

where Ly = Ly + At(T —t)(Ly+ Ly) < Lg+ Ly + Ly. Since x and y are arbitrary, we deduce that
u(t,-) is L¢-Lipschitz. The claim is proved. We have meanwhile established that ||v]|sc00 < M.
The lemma is proved, since for any t € T, L; < Ly + LG + Ly. O

Theorem 5.4.4. Let the condition (CFL|) hold true. Then the discretized MFG system (0-MFG])
is equivalent to the system (-MFG(D)|) with D = M, which is itself equivalent to a discrete MFG

of the form (DMFG)), satisfying Assumptions and with o and m defined by (5.4.3) and
(5.4.4) and with control bound D = M. As a consequence, (0-MFG)) has a unique solution.

Proof. By construction, (5.4.6) is equivalent to (#-MFG(D)|) with D = oco. As a direct conse-
quence of Corollary and Lemma the system (6-MFG(D)) with D = oo is equivalent
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to ()-MFG(D)|) with D = M. We already know that (#-MFG(D)|) is equivalent to (DMFG]), by

Lemma and that Assumption [5.1] is satisfied, by Lemma It remains to verify that
(O-MFG(D)) satisfy Assumption for D = M. To do this, we need to verify that for any
v € RYT x 8) with ||v]|oc,co < D, m[v] is a transition process, by Lemma By Remark

this is equivalent to show that for any ¢ € T, for any m(t) € P(S), for any v € R(T x S) such that

10]l00,00 < M, we have m(t + 1) € P(S), where m(t + 1) is defined by equation (§-MFG(D))-(iii).
We conclude that m(t + 1) € P(S) from Remark [5.2.8 O

5.4.2 Energy estimate for the discrete FP equation

We investigate here the ¢2-stability of the discrete Fokker-Planck equation of the theta-scheme. To
this aim we consider the following perturbed equation:

(Id — o AtAR) p(t+ 1) = (Id+ (1 — )oAtAL) u(t) — Atdivy (v(t)u(t))
—Atdivy (6,(t)) + Atd(t), (5.4.6)

1(0) = po,

where 6, € R%(S),6 € R(S). Note that we have no sign condition on p. The first error term
—Atdivy, (6,(t)) represents a perturbation in the form of a discrete divergence and Atd(t) is another

general perturbation term.

Proposition 5.4.5 (Energy inequality). Let 8 > 1/2 and p be a solution of (5.4.6). Let v €
R4(T x 8) be such that ||v]|coco < M. Then, there exists some constant ¢ independent of h and At
such that

o 0 < (Lol + 4 0ol + 5 80 (JaOlE o)) 4
€ TET

Proof. Recall that the forward discrete gradient was defined in (5.2.3). Computing the scalar
product with u(t + 1) of both sides of (5.4.6) and applying the integration by parts formulas

(5-2.4)-(5.2.5)), we obtain that
(u(t+1) — p(t), p(t +1)) + 05 AtBy =(1 — 0)oAtSs + At(y1 + 72 +73), (5.4.8)
where
Br=—(u(t+1), Apu(t +1)) = | Viu(t+1)];,
Ba = (u(t +1), App(t)) = (Vi p(t +1), Vi u(t)),

M= *<divh (H(t)v(t))7ﬂ(t + 1)> = Z <vhﬂ(t + 1’ ‘7:)7 /“}(t? x)>a
TES

o = —(divy, (6,()), u(t + 1)) = > _(Vault + 1,2),8u(t, 7)),

zeS

v3 = (6(t), p(t +1)).
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Using Young’s inequality, it is easy to prove that

(e 1) = u(0), 0+ 1)) 2 3 (I + DI = (0)B)-

Combining the above inequality with (5.4.8), we obtain that

5 (1t + VI3 = 1(0) 1) + ot |Vt + 1) (5.49)

< —(1 = 0)aAt(V u(t +1), Vi u(t)) + At (v + 72 +73)-

Applying Young’s inequality to the right-hand side of (5.4.9)) and using inequality ((5.2.6]), we obtain
that for all positive numbers «q, a1, @y and asg, we have

1
(Ve + 1), V) < DT+ DI+ o [V

2.
27

o M?

1 < S Vint+ DIl + 5ol
a 1

Y2 < iHVZM(t + 1)”; + EH‘%(UH;?

v3 < —

1
< S5 + 5 llute + 15

Taking g = 1, a1 = e = 0(20 — 1) > 0, and a3 = 1, we have
Ol + (1 = Ot ([Viue+ 15~ [IVEa@)]3)

< at(a[lu®|f; + eala®ll; + 56)]3),

(1= A8)||utt + D)) — (1 - A)|u(t)

where ¢y =1+ U(%il) and co = m. Summing the above equation over t, it follows that

(= at)ut+ D5 < 2D (allu@; +calldu (s + 18E)3) +es.
7=0

where c3 = (1 — At)||uol3 + (1 — 0)aAt|| Vi pol|3. Since 1 — At > 1/2, by the discrete Gronwall
inequality [Cla87], there exists some constant ¢ independent of (At, k) such that

e 01 < ool 1 0] ol + 3 (ool + o) )
€ TET

The proposition is proved. O

Remark 5.4.6. By taking ay = ay < 0(20 — 1) in the proof, we can get a refined energy estimate

with an additional term }, _+ AtHV;L'u(t)Hz on the left-hand side of (5.4.7)). This refined energy

estimate is consistent with the continuous case [LSUSS, Thm. 2.1].
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5.5 Consistency analysis of the theta-scheme

This section is dedicated to the consistency analysis of the theta-scheme and to the proof of Theorem
5.2.10l To alleviate the proofs, we will make use of the big O notation: Given f1, fo € R*(T x S)
and v > 0, the notation f1— fo = O(hY) (or fi = foa+O(h")) means that there exists some constant
C independent of h and At such that || fi — f2llcc,co < ChY. In particular, f{ = O(hY) means that
Hleoo,oo < Ch’.

All along the section, is supposed to be satisfied. Therefore, we have At = O(h?).

5.5.1 Consistency error

Let us recall that (u*,v*,m*) is the unique solution to the continuous system (MFG]). The restric-
tion of (u*,m*) on the grid, denoted by (uj,v}), is defined as in Theorem [5.2.10, Making use of
the convention (5.4.2)), we define v} € R4 (T x S) by

vpt, @) = —HY [Vyus (- +1/2,)](t, @). (5.5.1)

Then, (uy,v;,m}) can be considered as a solution of the perturbed discrete mean field game
(PDMFG)|) with perturbation terms 7 and J specified later in Lemma
Lemma 5.5.1. For any t € T, u}(t,) is (LS + LS + Lg)-Lipschitz continuous. For any t € T,
up(t+1/2,.) is also (Lg + LG + Lg)-Lipschitz continuous. Moreover, [|v}|lcc < M and

HYM 95 (- +1/2,)(t, 2) = BV i (- + 172, )](¢,2)

HY [V (- +1/2,)](t,2) = Hy[Vaus (- +1/2,)](t, 2).
Proof. It can be proved, with similar ideas to those of the proof of Lemma that w*(¢,-)

is (L§ + L§ + Lg)-Lipschitz continuous, for any ¢ € [0,1]. The first claim of the lemma follows
immediately. The other claims can be shown with the same arguments as those of the proof of

Lemma (.4.3] O

Below we state (without proof) elementary consistency estimates, all directly deduced from
Assumption B}

u*(t+AtX%7u*(t,x) - Bu;(tt,x) _ (D(At”/z), m*(tJrAtXifm*(t,x) _ Bm;gt,x) _ O(Atr/z)’
Viu*(t, ) — Vu*(t,z) = O(hM*T),  divy(m*v*)(t, z) — div(m*v*)(t,z) = O(h"),
Apu*(t,x) — Au*(t,z) = O(h"), Apm*(t,x) — Am*(t,x) = O(h").

(5.5.2)
We also observe that the discrete differential operators commute with integrals. For example,

d
An(Tn(m*) (¢, z) = % ZL " (m*(t, y + he;) +m*(t,y — he;) — 2m*(t, y))dy
i=1 " Bn(® (5.5.3)

_ / )y =TS 4,2,
Bh xX

In the following three lemmas, we investigate the consistency errors associated with the coupling
cost, the Hamiltonian, and the divergence term of the Fokker-Planck equation.
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Lemma 5.5.2. For the global cost term, there holds: for all (t,x) € T x S,
f(t,z,my () — fe((t+ DALz, m*((t + 1)At)) = O(h). (5.5.4)
Proof. Since m* is Lipschitz continuous in time, uniformly in x, we have that
[m*((t + 1)At) — m*(tAt)||L: = O(At).
Then the Lipschitz continuity of f¢ with respect to ¢ and m implies that
FE((E+ )ALz, m*((t + 1)AL)) — fO(tAL, z,m* (tAt)) = O(At).
Using the definition of f (provided in (5.2.10))) and the Lipschitz continuity of f¢, we have
|f(t,,m}(t)) — fE(tAL z, m* (tAL))]

= \hld/B @ (fc(tAt,y,RhIh(m*(tAt))) — J(EAL . (tAD)) ) dy

< L§ (x/&h + | RIZh (m* (tAL)) — m* (tAY) HM)
Then we estimate ||R;,Zy(m*(tAt)) — m*(tAt) HLQ as follows:
*(tAt 2 1/2
[RZam (120 = m(e80) |, = (3 / mANE) gt )| ay)

€S yEBu(z

A A 1/2
/ / \m (tAt z) m*(tAt,y)|? dzdy)
yeBh Z‘) ZEBh

T€S
1/2
/ . ) ~ o).
yGBh 2?) ZEB
where the second line is a consequence of Jensen’s inequality. The lemma is proved. ]
Lemma 5.5.3. It holds: for all (t,x) € T X S,
HM (t, 2, Vil (t+1/2, x)) - HC<(t )ALz, Va((t+ 1)At,x)> — OB+, (5.5.5)

Moreover,
o ((t+ )AL, 7) - vi(t,2)
5.5.6
— M (t,x, Vil (t + 1/2,:,;)) - Hg((t F 1ALz, V(¢ + 1)At, x)) — O(h1H). (5:5.6)

Proof. By Lemma we have ||Vyuy(t 4+ 1/2,2)|| < C and [|[Vu*((t + 1)A,z)|| < C, where
C =d( Li+ LG+ Lg). Let Q denote the closed ball of radius 2. Since H¢ is uniformly Lipschitz
with respect to ¢t and continuously differentiable with respect to p (see Lemmal5.2.7)), we deduce that
H€(-,x,-) is Lipschitz continuous on [0,7] x €2, uniformly in z. Let Ly denote the corresponding
modulus. Then,
)HM (t,a:, Vb (t + 1/2,3[;)) — HC((t + 1)At, x, Vu*((t + 1)At,x))‘
< Ly||Vaup(t+1/2,2) — Vu* ((t + 1)At, x)|| + O(At).
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Chapter 5. Error estimates of a theta-scheme for second-order mean field games

It is easy to deduce from the regularity of u* (Assumption B]) that Apuj (t +1,-) is Holderian with
exponent r. Then, using the fourth statement of Lemma and the consistency estimate ([5.5.2)),
we obtain that

Vaus(t+1/2,2) = Vypui(t+ 1, 2) + O(Ath™™ 1) = Vu*((t + 1)At, ) + O(Ath™1 + p1t7).
The estimate (5.5.5|) follows and estimate ((5.5.6)) can be proved similarly. O

Lemma 5.5.4. For the divergence term, there holds: for all (t,z) € T x S,

divp, (vpmy, (¢, x)) — / div(v*m*)((t + 1)At, y)dy = O(h™T%) + divy,(e1); (5.5.7)
Bh(a:)
divy, (vpmy (t,x)) — / div(v*m*)(tAt, y)dy = O(h™T%) + divy(e2), (5.5.8)
Bh(df)

where e = O(h*79), and e = O(h**1).

Proof. In order to prove ([5.5.7)), let us decompose vjm; as the sum of three terms, v1, 2, and 73,
defined by

N(t@) = (vi(t @) = o (¢ + DAL 2) )mi(t,2);
Yo(t,x) = v*((t + 1)At, x) (mZ(t,az) —mj(t+ 1,:6));

y3(t,x) = v ((t + 1)At, z)my (t + 1, x).

Step 1: Estimation of y1. Since mj(t,z) = O(h?), we directly obtain with Lemma that
Y1 (t, z) = O(hlFrTd),

Step 2: Estimation of 7. By the definition of m}, we have

mi(t,z) — mi(t+1,2) = / <m*(tAt, y) — m*((t + 1)At, y))dy = O(AthY).

Bh(w)

Then v, = O(h?*9), since v* is uniformly bounded.

Step 3: Estimation of divyy3. Using the definitions of v3 and mj, we obtain that

divy(v3)(t, ) = /

divy (v*((t )AL ) ((E+ DAL, - + y)) (z) dy
B (0)

- / div (v (¢ + DAL Y (¢ + DAL+ ) ) (@) dy + OB+
Br(0)

_ / div (™ ((t + DAL+ y)m* (¢t + DAL, -+ ) ) (@) dy + O
B (0)

_ /B A+ A00) dy + O(h™+4).

The second equality follows from the fact that (v*m*)((t + 1)At,- +y) € C**7(T?). For the third
one, we use that v* and D,v are Holderian with exponent r. Then, the estimate (5.5.7) holds true.
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Step 4: Proof of (5.5.8). Since v*m*(tAt,-) and v*m*((t + 1)At,-) lie in C**7(T%), we first have
that

div(v*m™)(tAt,y) — divy (v'm*)(tAt,y) = O(h");
div(v*m*((t + 1)At,y)) — divy (0™ m™)((t + 1)At,y) = O(h").
Since v*m*(-,y) € C"([0,1]), we have
v'm*((t + 1)At,y) — v*m*(tAt,y) = O(AL") = O(h®").

Then we have

/B A (vm* (¢t + )AL ) = v*m* (1AL, ) (1) ) dy
= divh(/B o (U*m*((t + DAL, -+ y) —v'm*(tAL, - + y))dy) ().

The right-hand side is a discrete divergence of a term of order O(h?"*%). The estimate (5.5.8)
follows. O

We are ready to derive a complete consistency estimate for the triplet (uj, v}, m;) defined at
the beginning of the section.

Lemma 5.5.5 (Consistency error). The triplet (uy, vy, my) is a solution to the perturbed discrete
mean field game (PDMFG|) with perturbation terms n and & satisfying

n=0O(Ath"),  By6 = O(Ath™) 4+ At divy(e3), where e3 = O(R*+9).
Proof. Step 1. The perturbation term 7 of the dynamic programming equation is defined by
_u}k;,(t"i'lax) _uZ(tv .%') 77(75>ff)
At At
The continuous HJB equation, satisfied by u*, reads at time (¢t + 1)At as follows:
ou*((t+ 1)At, )
ot
Then 7 can be put in the form n = At(ry + ro + r3 + r4), where

_our((t+ DAt z)  w(t+1,2) —uj(t ),

— oA (t+1/2,2) + HM[Vyul (- 4+1/2,)](t, z) = f(t,z,m}(t)) +

oA ((t+1)At @)+ HO V] (t4+ 1) AL @) = f((+1) At z,m* (E+1)AL) ).

ri(t @) ot At ’

ro(t, ) = J(Au*((t YA ) — Apul(t+ 1 /2,95));

ry(t, ) = HM V(- + 1/2,)](t ) — HOVu)((E+ 1) AL, x);
ra(t) = f((t+ DAt @, m*((E+1)A) ) = f(t 2, mi (1),

By (5.5.2), we have 71 = O(At"/?) = O(h"). Since u*((t + 1)At,-) € C**"(T%), it follows that
Apuy(t+1,-) is r-Holder continuous. Using the fourth statement of Lemma [5.2.6{ and (5.5.2)), we
obtain that

Apuj(t41/2, 1) = Apuf(t+ 1, 1) + O(Ath™™2) = Au*((t + 1)At, z) + O(Ath" 2 + h").
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Chapter 5. Error estimates of a theta-scheme for second-order mean field games

Thus ro = O(h™). Lemmas and Lemma yield r3 = O(h'*") and 74 = O(h). It follows
that n(t,z) = O(Ath").

Step 2. For the estimation of the perturbation term of the discrete Fokker-Planck equation, we
first show that mj is the solution to

(41 —mX(t )
i 73275 my,(t,x) o0Apmy(t+1,2) — (1 — 0)o Apmy (t, x) + divy (vymy (t,x)) = 6(226)’
(5.5.9)

for some error term 4. It directly follows from (5.5.9) that m} is the solution to the perturbed

Fokker-Planck equation in (PDMFG|) with § = Bflg, i.e. B0 = 6. Thus it only remains to

calculate and to estimate 6. The Fokker-Planck equation, satisfied by m*, writes as follows at

times tAt and (¢t + 1)At:
om*(tAt
W — o Am*(tAt, z) + div(v*m* (tAt, z)) = 0;
om*((t+1)At,x)

ot

— o Am*((t + 1)At, x) + div(v*m*((t + 1)At,x)) = 0.

Let us integrate over Bj(x) the convex combination of the last two equations:

*(tA
(1-9) / Im"(tAty) o Am* (tAt,y) + div(v*m* (tAt,y))dy
vebi(@) Ot

* 1
+ 0/ Om” (¢ gt JALY) o am* (¢ + 1) At y) + div(o'm* (¢ + 1) At y))dy = 0.
yGBh(x)

Then 6 = At(Fy + T + T3 + 71 + 72 + 73), where

9

Pt 7) = e(m};(t +1,2) —my(tx) / om*((t + 1)At,y)dy)
’ At yEBy (z) ot

Pt ) = 09</ oy B (4 DALy — Ay -+ L2);
yebn(x

Fa(t, z) = 9(divh(u;;m;(t,x)) — /

yEBy ()

. o (matt 1) —my(te) / om* (tAt,y)
Ai(t2) = (1-0)( < o)

div(v*m*((t + 1)At, y))dy);

9

Palt ) = o1 - 0) / oy A ALYy = S 7))
yebn (T

Fa(t,z) = (1 6) (divh(v;mz(t,x)) - /

div(v*m* (tAt, y))dy) .
yEBy,(z)

Using the basic consistency estimates in and the commutation property shown in , we
have 71 = O(At"/2hd) = O(h™F9), 7y = O(W' ), 7 = O(At/2h?) = O(R™*9), and 79 = O(R'T9).
Lemma shows that 73 = O(h"*?) + @divie; and 73 = O(R™*?) + (1 — 0)divyea. Taking
€3 = e + (1 — )eg, the conclusion follows. O
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5.5. Consistency analysis of the theta-scheme

5.5.2 Proof of Theorem [5.2.10!

All constants in the proof are independent of At and h. The existence and uniqueness of the solution
(up, v, mp) to the theta-scheme was established in Theorem The triplet (up, v, my) is also
the unique solution to (DMFG]) with control bound M. We proved in Lemma that (u}, vy, my)
is a solution to (PDMFG]|) with perturbation terms n and ¢ estimated as follows:

= O(Athr)) By = O(AthT+d) —+ Atdivh(53)7 where e = O(h2r+d),

Step 1. Using similar arguments to the ones of the proof of Theorem m (see in particular
estimate (5.6.6))), we easily obtain that

" [m}, — maloc,2
[[uf, = unlloo,c0 < L;% + [1711,00- (5.5.10)

Step 2. Next we apply the fundamental inequality (Proposition|5.3.7)) to (us, vy, ms) and (uj,, vy, my).
We obtain

B0 o — P+ m)]y < 3257 (Cuh — )¢+ 1,230, 2) + (mp — )1 2, 2)).

teT xS
(5.5.11)

Let us bound the right-hand side of the obtained inequality. Using the symmetry of B; and the
convention (5.4.2)), we first obtain that

ZZ —uh )t +1,2)0 ZAt _Uh)(t+1v')7315(t7 )>

teT xS teT

= At{(up —up)(t+1/2,-), B1d(t, )

teT

It follows that there exist two constants Cy and C such that

ZZ p—up)(t+1,2)0(t, x)

teT zeS
< Z Z (At —up)(t+ 1/2, z)divy(es(t, m))) + ||} — un|co.00|| B1d — Atdivy(€3)]|1.1
teT zesS
H c Hmz - mh”oog .
< ;% ( - At<Vh(uh —up)(t+1/2,2), 63(t,ﬂc)>> + Cy (LfT i ||77||1,oo)h

< (hQr + Hm; — thooghrid/Q).

The first inequality is a consequence of Hélder’s inequality and the second one derives from the
discrete integration by parts formula combined with inequality (5.5.10]). The third one follows from
the Lipschitz continuity of uj (t +1/2,-) and up(t + 1/2,-), which was proved in Lemmas and
B5T

By Holder’s inequality, there also exists a constant Co such that

> D (my —mp)(t,2)n(t @) < [[mj, —

teT zeS

[, — mp [l co,2h” 2.
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Then, there exists a constant Cs such that
€ < Cs3(R*" + [|mj, — mh|]0072hT_d/2), where: e = At [|||vf — vhHQmZHI . (5.5.12)

Step 3. We next find an upper bound of ||mj — my|/sc,2 involving €, using the energy estimate
established in Proposition Let o = mj —my,. Then p satisfies the perturbed discrete Fokker-
Planck equation defined in (5.4.6)):
(Id — o AtAR) p(t+ 1) = (Id+ (1 — 0)o At Ap) u(t) — At divy, (vp(£)p(t))
—Atdivy, (0,(t)) + At d'(2),

where
dy(t, x) = (vj —vp)mj (t, ) — e3(t, ) and &' = O(h™ ).

From Theorem we know that ||vp||sc,c0 < M. Thus, the energy inequality ([5.4.7) implies that
there exists a constant Cy4 such that

gﬁMWk@g}%MWMHW%®~

Applying inequality (a + b)? < 2a® + 2b% to ||6,(7)||3, there exists a constant Cs such that
8.1l < 21w = wymi (), + 2fea(l; < 2k = emmi (Pl + Coh ™+,
H(S/(T)Hz < C5h2r+d.

Since ||m} [|oo,c0 = O(h?), there exists a constant Cg such that

S™at (ol +[1'3) < Cn (e +n7).

TET

Therefore, for some constant C'y,

[, = mnl%2 = lullzs < Crh?(e+ A7) (5.5.13)

Step 4. Let us combine inequality ([5.5.12)) with (5.5.13)). We obtain that

Iy, — mp|2 9 < C7(Cs + )R> + C2Cs3]lmj; — mip||o 2h™ /2
*_ 2 22
m m

Therefore, for some constant Cf,
Imj, = mnlloc2 < Cgh™ /2. (5.5.14)

Applying Holder’s inequality to (5.5.14)) and using (5.5.10]), we obtain the existence of a constant
Cy such that
[[un = uploo,co + lImn — mpllco,r < Coh"

The conclusion follows.
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5.6. Appendix

5.6 Appendix

5.6.1 Technical lemmas and proofs

Proof of Lemma[5.2.4] We prove (5.2.4):

(x + he;) — wi(z — he;)

- i) = - XYl

€S €S i=1

d
==Y > w@h

zeS i=1
We prove ([5.2.5)):

-2 v =22 U

€S x€S yes

= v Y (e

IL‘GS i=1

h22(2u x—I—heZ

=1 x€S

_Z<v+

T€S

x)App(w

), Vi (@) -

The lemma, is proved.

(z — he;)

2h

— w(x + he;)

v(z + he;) — v(

o = > (Vin(a),w(@)).

€S

) Ap (2, y)p(y)

p(x + he;) + p(x — he;)))

Zu:v—he,

zeSsS

() —v(z — hei)))

Proof of Lemma[5.2.5. Applying the inequality (a + b)? < 2a% + 2b%, we obtain

Vol = 2 35 ot e -
= lxes

< QhQZZ x + he;) —
=1 x€S

Inequality (5.2.6) follows.

w(z — hel-))2

w(@))? + (u(e) — pla — hey))” = |V 3.

O]

Proof of Lemma[5.2.6, Let r = cAt/h?. Consider the mapping Sx (u): R(S) — R(S), defined by

Sx()(@) = 1 dr(

Zux—l—hej —i—TZ/L (x — hej) + X(x )) (5.6.1)

j=1

Then Y is a solution to ((5.2.7)) if and only if it is a fixed point of Sx. For any p; and ug in R(S)

and for any z € S,

ISH

Sx(11)(x) = Sx (n2) ()] =

r)_m

J=1

1+2dr

2dr
<
— 14 2dr

|21

d

— o) (w + hej) + 1Y (1 — po)(w — he;)
7j=1

(5.6.2)

_M2Hoo-
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Chapter 5. Error estimates of a theta-scheme for second-order mean field games

Therefore, Sx is a contraction for the || - ||« norm. As a consequence, it has a unique fixed point
Y, which is then the unique solution to ([5.2.7)). Point (1) is proved.
Let us prove point (2). Assume that X > 0. Since Sx is a contraction, we have that ¥ =
limy, 00 S (1) for any p € R(S). In particular, taking p = X,
= lim S%(X).

n—0o0

It is easy to verify that for any p € R(S), if u > 0, then Sx(u) > 0. Therefore, we deduce that
S%(X) > 0 for any n by induction, and therefore Y > 0. If we assume that X € P(S), then for
any pu € P(S), we can deduce that Sx(u) € P(S). This yields that Y € P(S).

Point (3) is proved similarly, assuming that X is L-Lipschitz, observing that if x is L-Lipschitz
continuous, then Sx(u) is L-Lipschitz continuous.

Let us prove the last statement. Taking any i € {1,2,...,d}, we define @, w € R(S) as follows:

w(z) = (ViY)i(x), w(z) = (VpX)i(x), Vo e S.
Then @ is the fixed point of S, (replace X by w in (5.6.1)). Let v = 2dr/(1 + 2dr). Using
w = limy, 00 S (w), we deduce from (5.6.2)) that

~ oo [e.e] 1
o —wlloo <Y IS (W) = SEW e < Y *ISw(w) — wlloo = ﬁl\gw(w) = Wlloo-
k=0 =

It further follows that

At c
I8 —wlleo < 7= 75 [1Amlle
At C AhX(.T + hei) — AhX(x — hei)

< 207l Athe 1,

<
=141+ 2dr 268 2h

where the last inequality is a consequence of the a-Hdlder continuity of A, X. Finally, let @;r (z) =
(VIY)i(2) and let w;(z) = (V) X);(z). By the same argument, we have that || — w; |l <
20~ te/(Ath®~1). Then, for any € S, it follows from the triangle inequality that

d _ d
- h z h 7 _
AnY (@) — ApX ()| = ]Zw (@ = hei Zw )| _ g0ger/(Athe-?).
=1 =1

The lemma, is proved. ]

Proof of Lemmal5.2.77. The differentiability of H¢ with respect to p and the Lipschitz continuity of
Hy are proved in [HUL93, Thm. 4.2.1, page 82]. For any 1,t2 € [0, 1], we have

Hc(thmvp) - Hc(t%va) = Sup (<_p7 'l)1> - gc(tlaxavl)> — Sup (<—p,’l)2> - gc(tlvxan))

UleRd UQERd
< sup (ﬁc(tmwvv) - 50(%%”))

VERY
< Lg \tl — t2|.

182



5.6. Appendix

Using the relation of Fenchel, —H(t,z,p) = argmax,(—p,v) — £°(t,r,v), and the continuous dif-
ferentiability of £¢ , we have the ﬁrst order optimality condition

p+ 65tz —H(t,2,p)) = 0.
Fix € T? and p € R?. Take any t; and ¢, in [0,1]. By the above equation,

I (tl, z, —HE(t, :E,p)) -y (tg, 2, —HE(t, J:,p)).

The strong convexity of ¢¢ implies that

aHHC( 1,2,p) — H (tg,x P H
< (th xz, (t1,$ p)) 15 (t1,$, _Hg(t%xap)):H;(t%x:p) - H;(t1,.1‘,p)>
< (t27 €T, — (t27$ p)) - Ku(tbxa _Hg(t2a$ap))aH5(t27$7p) - Hg(t1,$,p)>

f‘tl - tQ‘HHS tlvxap) - Hg(t27x7p)||7

where the last inequality is a consequence of the Lipschitz continuity of ¢ with respect to ¢. The
lemma, is proved. ]

Proof of Lemmal[5.3.2. The first three claims can be shown with the same arguments as those of
the proof of Lemma Since Hz? is é—Lipschitz continuous with respect to p, it is enough to

prove (5.3.4)) for p = 0. Let v(t,z) = —Hf(t,x,()) Since v(t, x) is optimal in , with p = 0, we
deduce that v(t,z) minimizes ¢(¢, x,-) over the closed ball of radius D. Using the strong convexity
of £, it follows that

£(t,,0) + {po, v(t,2) + 5 [v(t,2,0)[[* < €(t, 2, v(t,2)) < £(t,2,0),
from which we deduce that ||v(t,z)|| < 2||po||, by Cauchy-Schwarz inequality. O
Proof of Lemma[5.3.4. By Fenchel’s relation [HUL93|, Cor. 1.4.4], we know that
HP(t,z,p) = —(p,0) — (P (t,2,5) and —p € 9, LP(t,z,0). (5.6.3)
Using the strong convexity of ¢, we obtain that
(Pt 2,0) > (P(t,2,7) — (5,v — T) + %Hv — 9% (5.6.4)
Summing up and , we obtain the following inequality:
HP(t,2,p) + (P (t,z,v) + (p,v) > % |lv— 17”2. (5.6.5)

Multiplying (5.6.5) by m, multiplying (5.6.3) by m, and taking the difference, we obtain the desired
inequality. O

Proof of Theorem [5.3.6, second part. We prove here the continuity of the mapping ¢. Since ¢ is
the composition of (5.3.7)), (5.3.8)) and (5.3.6)), it suffices to show that these three mappings are
continuous.

183



Chapter 5. Error estimates of a theta-scheme for second-order mean field games

Step 1: Continuity of HIB. Take any g and po in Py, (7,5). Let uy = HIB(u1) and up =
HJB(p2). By Assumption we have that for any =z € S,

|(u1r — u2)(t, z)| < ”Sﬁlp ‘gul(t,xjw) - guz(t,a:,w)‘At + ‘ Zw(t,az,y,w)(ul(t +1,y) —uo(t + l,y))’
w||<D
= yes

< Lill(pa = p2) (8 2t + [[(u1r — u2)(t + 1, )] oo,

where the last inequality follows from the Lipschitz continuity of f and Assumption Since
pa(t,-), pa(t,-) € P(S) for any t € T, we have that uy(t,s), ua(t,s) € [0,1] for any (t,s) € T x S,
which implies that |1 — f2]|oc,00 < 1. Combining this with the fact that ||(ug — u1)(T, )| = 0,
it follows that

1/2
= tzllocce < LpAE D" [l = p2) (b )2 < Lyllin = pialloo < Ll = a3 (5:6.6)
teT

Step 2: Continuity of V. Let v1 = V(u31) and vy = V(u2). By the equivalent form of ([5.3.8)), we
have vi(t,z) = —Hp[p1,1](t, x) and va(t, ) = —Hp[p12](t, x), where

pa(t,z) = Zm(tw, sjui(t+1,s) and piao(t,z) = Z?Tl(t,l‘, s)ua(t+1,s).
seS seS

By the (1/«)-Lipschitz continuity of Hp(t,z,p) on p, we have for any (¢t,z) € T x S

1 1
lv1(t, x) — va(t, o)|| < &le,l(t,x) —pra(t,z)| < a||7T1Hoo,oo,1||u1 — 2| 00,005

where ||71]|oo,00,1 = Maxyz Y |71 (¢, 2, 9)]|

Step 3: Continuity of FP. Let m; = FP(v;) and my = FP(v2). Then,
(m1—ma)(t+1,y) =3 csmvil(t @, y) (ma — m2)(t, ) + 6u, 0s,ms ()
(ml - m2)(07y) = 07

where 0y, vy,m, (6,y) = Aty o mi(t, 2, y)(v1 — v2)(t, )ma(t, z). Since w[v1] is a transition process,
we have
[ma(t+1,-) —ma(t+ 1)y < [[ma(t, ) = ma(t, )1 + 160,00m, () |1-

The second term ||dy, v, .m, (£, -)||1 is estimated with Holder’s inequality:

usionams (8 )1 = At 7wt ,y) (01 = va) t, 2)mat, 2)
yeS,xeS

< Atflma(t, -)l1llm1lloo,c0,1llv1 = v2lloc,00 = At||T1 [[0o,00,1 101 = V2]l00,00,
where the last equality is a consequence of mo € 77(7', S). Therefore, we have
[lm1 — ma|lse,1 < (171 lo,00,1 101 = V2|00 00-
The continuity of ¢ follows. O
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5.6.2 On the regularity of the continuous MFG system

Recall that @ = [0,1] x T¢. For any R > 0, let B := Q x B(0, R), where B(0, R) is the closed
ball in R? with center 0 and radius R. Let us refer the reader fto [Kry08, pages 8 and 51] for
the definitions of the Sobolev space W[if (Q) and the anisotropic Sobolev space V[/p1 ’Q(Q). For any
d € (0,1), we define the local Holder space

loc

5/256(62 x R%) = {w €C(Q xRY | w |, e C?%(Bg), for any R > 0},

where w |, is the restriction of w in B and where C%/299(Bpg) denotes the sets of functions from
Br to R which are Holder continuous with respect to their first (resp. second and third) variable
with exponent §/2 (resp. 4).

Assumption C. There exist C' > 0 and 0 < 7 < 1 such that for all (t,z) € Q, for all v € R? and
for all m € L>°(T?) satisfying m > 0 and [, m(z)dz = 1, it holds:

o (°(t,z,v) < C|lv||?> + C and |fe(t,z,m)| < C;
e (¢ and /5 are continuously differentiable, and ¢S, (5, € Cﬂ) /02 e T(Q X Rd);

e m& € C*7(T?), and ¢¢ € C3(TY).

Lemma 5.6.1. Let Assumptions [A] and [Q hold true. Then the Hamiltonian H€ is continuously

differentiable and Hy is also continuously differentiable. Moreover, H,, € 17;/(:27"7"(62 x RY) and
2,
H;, € 77 (Q x B,

Proof. Fix any (to,xo,po) € (0,1) x T? x R%. By the strong convexity of £¢ w.r.t. v, there exists
a unique vyg € R? such that H¢(tg,zo,po) = —(po,vo) — £(to, o, v0). The first order optimality
condition writes

—po — ¢4 (to, xo, vo) = 0.

Since (¢ is strongly convex, we have that ¢S, (to,zo,vo) is invertible. By the implicit function
theorem, there exist a neighborhood A of (tg, 20, po) and a function v(t,z,p) from A to R? such
that for all (¢, z,p) € A,

—p —L5(t, z,v(t,x,p)) = 0. (5.6.7)

Since /5 is continuously differentiable, v (¢, x, p) is continuously differentiable. Moreover,
C -1 C
Vg (t,x,p) = (ﬁw(t,x,v(t,aﬁ,p))> L (t z,v(t, x, p)),
-1
’Up(t,a:,p) = (Ezcw(tax7v(t7$7p))> :

¢, we deduce that vy, v, € C/277(A). The convexity of £¢ and the
first order optimality condition (5.6.7)) imply that

By the regularity of £, and ¢

He(t,x,p) = —(p,v(t,z,p)) — °(t,x,v(t, z,p)), Y(t,z,p) € A.
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We deduce that H¢ |4€ C'(A) by the regularity of v and ¢¢. Differentiating the above equation
with respect to p and using (5.6.7), we obtain that Hy(t,z,p) = —v(t,z,p), for all (t,z,p) € A.
Then, deriving H, with respect to x and p, we obtain

Hp, (t,,p) = —va(t,@,p),  Hpy(t,z,p) = —vp(t,x,p),  V(t,z,p) €A
The conclusion follows from the regularity of v, v, and v,. O
Theorem 5.6.2. Under Assumptions and@ the continuous system (MFG|) has a unique solution
(u*,v*,m*) satisfying Assumption @ for any r < 7.

Proof. Fixing any 0 < r < 7, we will prove that Assumption [Blis satisfied for 7. Under Assumptions
and |C], according to [BHP21, Thm. 1], there exists 7' € (0,7] such that the continuous system
(MFG) has a unique classical solution (u*,v*, m*) with

u*, m* e CHTPTQ), v eC(Q), and Vu* € C"(Q,RUD). (5.6.8)

Step 1: Regularity of Vu*. By (5.6.8), we have that v* € C!(Q). This implies that Vu* € L>(Q).
Let uy. be the partial derivative of u* w.r.t. z;. Then, uy is a weak solution of the following linear
equation:

{—&w(t, z) — oAw(t,z) + H[Vu*]Vu(t,z) = folt,z), (t.z)€Q,
w(l,z) = gy, (x), z e T9,

where
folt,x) = Dy, f€(t, x, m*(t)) — Hg [Vu*](t,z),

where D, denotes the weak derivative w.r.t. ;. By the regularity of Hy, H¢, f¢, and u*, we deduce
that H[Vu*] € L>°(Q) and fo € L®(Q). Moreover, the regularity of ¢ implies that g,, € W2 (T9).
Then [BHP21, Thm. 4] shows that u} is the unique weak solution and uf € W,*(Q) C WHQ)
for any p > d + 1. Morrey’s inequality [AF03| Lem. 4.28] implies that

u, €C1(Q), with y=1-——.

Taking p = ld%r}?, we have that v} € C"/7(Q). The same result follows for Vu*.

Step 2: Regularity of u*. Let ¢ € C*°(R%) such that ¢(z) = 1 for € B(0,2v/d) and o(z) = 0 for
x ¢ Q= B(0,3Vd). Tt is straightforward that B(0,2+/d) contains a neighborhood of T?. Let us
set @ =(0,1) x Q.
Since u* can be identified to a periodic function over R, we define & = u*p. Then, @ is the

solution of the following equation:

~0yi(t,z) — oAu(t,x) = fi(t,2), (ta)€Q',

a(t,x) =0, (t,x) € (0,1) x 09,

u(1,z) = g(z)p(z), z € Q,

where
filt,z) = o) ( Fo(t x,m* (1)) — HO(t, z, Vu* (¢, x))) — 20(Vip(z), V' (£, 2)) — ou* (¢, 2) Ap(z).
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By the regularity of f¢ and m*, we deduce the following: For any (t1,x1), (t2,22) € @',

[ty m,m*(t)) — f(ta, 22, m*(t2)) < LG([t1 — ta| + [|o1 — x2|)) + L |m*(t1) — m™ (t2) |2
< L§([ty — ta] + [|z1 — @2||) + LE[Im*(t1) — m* (t2)]L~
<Ot — to|" /2 + ||lz1 — z2|"),

for some constant C. Using the regularity properties of u*, Vu* and H¢, we obtain that f; €
C"/?7(Q’"). The final condition lies in C" () by Assumption [C} The boundary conditions satisfying
the requirements in [LSUSS, Thm. 5.2], we deduce that @ € C1+’"/2’2+’"(Q’), where Q' is the closure
of Q'. By the definition of ¢, we have that u*(¢,z) = a(t, z) for all (¢,x) € Q. The regularity of u*
follows.

Step 3: Regularity of v*. By (ii) and the regularity of H¢, we have

v*(t,x) = —Hy(t, =, Vu*(t,));

V' (t,z) = —H,,,(t, 2, Vu*(t,7)) — Hp,(t, 2, Vu*(t, 7)) Dezu*(t, x).

Since Hj is continuously differentiable and Vu* € C"/™(Q), we deduce that v* € C"/™(Q) C C"(Q).
By a similar argument, from the regularity of Hy, , and Hpy, in Lemma and the regularity of
Vu* and D,,u*, we have Vo* € C"/27(Q).

Step 4: Regularity of m*. Since m* € C*"'/22+7(Q) and Q is bounded, we have m* € Wpl’2(Q)

for any p > d + 2. By [LSUS8S, Lem. 3.3], it holds that

m* e C?7(Q) and Vm* € CV/*7(Q), with v =1 — d:;2

Taking p = <2 it follows that m* € C"/>7(Q) and Vm* € C"/>7(Q).

1—r
Let us define /i = m*p. Then 1 satisfies the following equation:

opn(t, ) — o Am(t, z) + (v*, Vi) (t, z) + div(v*)m(t, z) = fo(t,z), (t,2) € Q’,
m(t,x) =0, (t,z) € (0,1) x 09,
m(0,z) = mo(z)e(x), x € Q,

where

fo(t,z) = —20(V(z), Vin*(t,z)) — om*(t, z)Ap(z) + (v*(t,z), Vio(z))ym*(t, ).
From the regularity of v*,m* and Vm*, we deduce that fo € C"/?>7(Q'). Combining with the
regularity of v*, Vo* and mgg, we deduce that m € C1*7/22+7(Q’) by [LSUSS, Thm. 5.2]. Therefore,
m* e C1+r/2,2+r(Q)' n

5.6.3 Construction of a numerical Hamiltonian

This section, as a complementary material to the rest of the chapter, is dedicated to the construction
of a numerical Hamiltonian satisfying the assumptions of [AP16], in a general framework (see
equation ) Our main assumption is the strong convexity of the running cost with respect
to the control variable.
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Given a vector q € RQd, we denote

T T

q= (q17q37-"7q2d71)7 q = (q27Q47'-'aq2d)'

Following the terminology of [AP16], we call numerical Hamiltonian a function H: [0, 1]xT¢xR?¢ —
R satisfying the following conditions: For any (¢,z) € [0,1] x T,

(g1) [Monotonicity] H(t,x,-) is nonincreasing w.r.t. f¢; and nondecreasing w.r.t. qg for all i =
1,2,...,d;

(g2) [Consistency] For any ¢ such that Tq = ¢f, it holds H(t,z,q) = H°(t,z, q");
(g3) [Regularity] H(t,z,-) is continuously differentiable;

(g4) [Convexity] H(t,x,-) is convex;

)

(g5) There exists positive constants ¢1, ¢a, ¢3 and ¢4, independent of (¢,x), such that for any
q € R*,

(Hq(t,m,q),q) — H(t,z,q) > cr|Hq(t, z,q)|I” — c23 (5.6.9)
[Hq(t, 2, @)l < esllqll + ca. (5.6.10)

Lemma 5.6.3. Consider a function H: [0,1] x T% x R?® — R satisfying (g3)-(g4). Assume that
Hy is uniformly Lipschitz continuous w.r.t. q, H(t,x,0) is bounded from above, and Hq(t,x,0) is
uniformly bounded. Then H satisfies (g5).

Proof. Let L be the Lipschitz constant of H,(t,z,-). Applying inequality (5.1.2), we obtain that
1
E H,Hq(tv x, 0) - Hq(ta €, Q) H2 S H(t> €, 0) - H(tv z, Q) + </Hl1(t¢ €, Q), Q>‘

Applying inequality ||a — b||? > ||b]|?/2 — ||a||?, we deduce that

1 1
(Hq(t,2,9),q) — H(t, x,q) > E||7'lq(7f,f'3¢1)||2 - ﬁlﬁ'fq(f»ﬂc,o)ll2 —H(t, z,0).
Since H(t, x,0) is bounded from above and since H4(t, z, 0) is uniformly bounded, ([5.6.9)) is satisfied.
Inequality (5.6.10) is obvious by the uniform Lipschitz continuity of H,. ]

Assume that the running cost £¢(t,z,v): [0,1] x T% x R? — R is uniformly a‘-convex w.r.t. v
with some a¢ > 0. Then, £¢ can be decomposed as

aC
et @, v) = L5t @, v) + ?HUH27
where £f is convex w.r.t. v. We propose the following definition for a numerical Hamiltonian:

af

Mo = sw (000 - (g — oo+ w) - % (ol + ). (G611)
veERY, v>0
u€R?®, u<0
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Theorem 5.6.4. Assume that £¢: [0,1] x T¢ x R — R is ac-convex with respect to its third
variable, (¢ is bounded from below by some constant c, and for some vy € R, there exists a
constant C(vy) < +oo such that for all (t,z) € [0,1] x TY, £¢(t, 2,v0) < C(vg). Then the function
H defined by 1s a numerical Hamiltonian, for the Hamiltonian H® defined by .

Proof. The condition (gl) can be easily deduced from the nonnegativity and nonpositivity con-
straints for v and w in ([5.6.11]).

Step 1: Proof of (g2). Let us take any g € R??, such that f¢ = ¢f. Then, we deduce that

aC
H(t,z,q) = sup —(v+u,q") — Gt 2,0 +u) - 5(\\@!12 + [|ul?).
v>0,u<0

Since v > 0 and u < 0, we have that |[v]|? + |Ju|?* > ||u + v||?>. Then,

H(t,x,q) < sup —(v+u,q") — €5tz v +u) — —(lv+ul®) = H(t, 2, q").

aC
v>0,1u<0 B ?
Conversely, take v* = —Hg(t,x,qT), vl = {max{0,v}}};=1, .4 and v* = {min{0,v}}},—1,_4. We
have that v} > 0, v* <0, v* =v% +0* and |[v*]|? = ||[vi||> 4 ||v*||?. Thus, by Fenchel’s relation,
it follows that

C

c * * c * * « * *
Bt ,T) = {0} 0% q1) — G5(tm o+ 00) = O (oL ot ) < A a).
Step 2: Proof of (g3)-(g4). Consider the function £¢: [0,1] x T¢ x R?¢ — R defined by
E (b w) = (0, o+ ) + S (Tl + ol [2) 4+ X () 4+ x ),

where x*(z) = 0 (resp. x (z) =0) if z > 0 (resp. < 0) and infinity otherwise. It is obvious that
(¢ is uniformly a‘-convex w.r.t. w. The definition (5.6.11)) implies that

H(tv €T, Q) - (EC)*(L €, _Q>'

By [HUL93, Thm. 4.2.1], X is convex and continuously differentiable w.r.t. ¢ and #, is uniformly
1/aC-Lipschitz w.r.t. q.
Step 3: Proof of (gh). We apply Lemma for the proof. Taking ¢ = 0, by the consistency of
H, we have for any (¢,z) € [0,1] x T¢ that

C

c : c a 2
— = _ — < —
H(t,@,0) = H(t,2,0) = = inf, (65(t.2,0) + T [ol) < e,

By Fenchel’s relation, it follows that

) af
Hy(t.,0) = argmin (£5(t. .0+ ) + & (o + ).
0>0,u<0 2

Let us set v*(t,x) = argmin,cpa £°(t,z,v). By a similar argument to the one of Step 1, we have
that "H,(t,2,0) = —v*(t,x)+ and H,(t,2,0)7 = —v*(t,z)_. In order to prove that H,(t,,0) is
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uniformly bounded, it suffices to show the boundedness of v*(¢,z). By the strong convexity and
boundedness assumptions of £¢, we deduce that for any (¢,z) € [0,1] x T¢,

(& (&
C(v0) > £°(t 7, v0) = £5(t,2,0"(t,2)) + T l|o* (1 2) = vol* = e+ T [o" () = vl
This implies that ||v*||eo < [Jvo]| + 1/2(C(v) — ¢)/ac. The conclusion follows. O
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Chapter 6

A mesh-independent method for
second-order potential mean field
games

6.1 Introduction

6.1.1 Context and main contributions

This chapter is concerned with the numerical resolution of second-order mean field games (MFGs).
These models describe the asymptotic behavior of Nash equilibria in stochastic differential games,
as the number of players goes to infinity. They were introduced independently in [LLO7] and
[HMCO06] and have applications in various domains, such as economics, biology, finance and social
networks, see [DTT17]. In this chapter, we consider the following standard second-order MFG on
the space @Q = [0, 1] x T¢,

(i) —Ow—ocAu+ H(t,x,Vu(t,z)) = f(t,z,m(t)) (t,z) € Q,

(i) w(t,z) =—H,(t,z,Vu(t,z)) (t,z) € Q,

(iii) Oym — oAm + div(vm) =0 (t,z) € Q, (MFG)
(iv) m(0,2) =m§(z), wu(l,z)=g¢%x) r €T,

where the Hamiltonian H€ is related to the Fenchel conjugate of a running cost £¢: Q x R — R:

He(t,z,p) = sup (—p,v) —((t,z,v).
vER?
The existence and uniqueness of the classical solution of is proved in [LLO7] under assump-
tions on the coupling function f€.

Several discretization schemes have been proposed and analyzed for the resolution of .
They consist of a backward discrete Hamilton-Jacobi-Bellman (HJB) equation and a forward dis-
crete Fokker-Planck (FP) equation: They preserve the nature of the problem as a coupled system
of two equations. An implicit finite difference scheme has been introduced in [ACDI0] and conver-
gence results for this scheme have been obtained in [ACCDI13|] and [AP16]. Other schemes, based
on semi-Lagrangian discretizations have been investigated in [CS14} [CS15| [HS19] for first-order and
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(possibly) degenerate second-order MFGs. This work will focus on a scheme called theta-scheme,
recently introduced by the authors in [BLP23a]. In short, this scheme involves a Crank-Nicolson
discretization of the diffusion term and an explicit discretization of the first-order non-linear term.

The resolution of the discretized coupled system is in general a difficult task. We restrict our
attention to the case of potential MFGs, for which optimization methods can be leveraged. The
system is said to be potential (or variational) if there exists a function F¢: [0,1] x D — R
such that for any ¢ € [0,1] and m, my € D (see the definition of D in (6.4.1])),

1
Fe(t,my) — F(t,mq) = /0 /er fe(t,x,my + s(ma — my))(ma(z) — mq(z))dzds. (6.1.1)

We further restrict our attention to the case of a convex potential function F°. In the presence of
such F, the system (MFG) can be interpreted as the first-order optimality condition of an optimal
control problem driven by the FP equation,

1
inf J¢(m,v) = /ch(t,x,v)m(t,m)dtdzn—l—/o Fc(t,m(t))le—/ngc(m)m(T,x)da:,

(m,v)
(0C)
om — oAm + div(vm) =0, VY(t,z) € Q,

such that
m(0,z) = m§(x), Vo € T9.

Problem is equivalent to a convex optimal control problem, obtained through the classical
Benamou-Brenier transform [BCS17]. Then, some numerical algorithms can be applied to find
a solution of (OC), such as ADMM [BCIH, [And17], the Chambolle-Pock algorithm [AT20], the
fictitious play [HS19] and the generalized Frank-Wolfe (GFW) algorithm [LP22]. Some articles
propose to discretize the optimal control problem , see for example [LSTI0, [And17]. In this
context, it is very desirable that the potential structure of the continuous MFG is preserved at
the level of the discretized coupled system, so that one can apply in a direct fashion suitable
optimization methods to the discrete system. This is in particular the case for the implicit scheme
proposed in [ACCDI13| and solved in [AL20] with the Chambolle-Pock algorithm. As we establish
in this chapter, the theta-scheme of [BLP23a] also preserves the potential structure of the MFG
system.

We focus in this chapter on the resolution of the discrete MFG system with the Generalized
Frank-Wolfe (GFW) algorithm see [BLM09]. This algorithm is an iterative method, consisting in
solving at each iteration a partially linearized version of the potential problem . The linearized
problem to be solved is equivalent to a stochastic optimal control problem that can be solved by
dynamic programming. As we will explain more in detail, this allows to interpret the GFW method
as a best-response procedure. For a specific choice of stepsize, it coincides with the fictitious play
method of [CHIT]. Others works have investigated the fictitious play method for MFGs: [PPL™20]
proves the convergence of the continuous method, in a discrete setting with common noise; [HS19]
proves a general result for fully discrete MFGs, which can be applied to discretized first-order
MFGs. The article [GPLT22| shows the connexion between fictitious play and the Frank-Wolfe
algorithm for potential discrete MFGs.

The general objective of the chapter is to show that the performance of the GFW algorithm is
not impacted by a refinement of the discretization grid. The main results of this chapter are two
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mesh-independence properties for the resolution of with the theta-scheme and the GFW
algorithm. The terminology mesh-independence was coined in the article [ABPR&6]. It is said
that an algorithm satisfy a mesh-independence property when approximately the same number
of iterations is required to satisfy a stopping criterion, when comparing an infinite-dimensional
problem and its discrete counterpart. In a more precise fashion, we will say that the GEFW algorithm
has a mesh-independent sublinear rate of convergence if there exists a constant C' > 0, independent
of the discretization parameters, such that

Jp(mf of) — Jr < VEk > 1.

C
T
In the above estimate, Jj, denotes the discretized counterpart of J, J; denotes the value of the
discretized optimal control problem, and (mﬁ, v,’j) denotes the candidate to optimality obtained at
iteration k. Similarly, we will say that the GFW algorithm has a mesh-independent linear rate of
convergence if there exist two constants C' > 0 and ¢ € (0, 1) such that

Jn(mf,of) — Jp < 6%, Yk > 1.

We establish that the GFW algorithm has a mesh-independent sublinear (resp. a linear) rate
for two different choices of stepsize. Our analysis is close to the one performed in [LP22], in which
the sublinear and the linear convergence of the GFW algorithm is demonstrated for the continuous
model and for the same choices of stepsizes as in the present study. While the sublinear convergence
of the GFW method (in a general setting) is classical, the linear rate of convergence relies on recent
techniques from [KW22]. To the best of our knowledge, in the context of mean field games, the
mesh-independence property has never been established so far for any other method. Though it
seems a natural property, it may not hold in general. In particular, it might not hold for primal-dual
methods, whose application relies on a saddle-point formulation of the convex counterpart of
of the form, in which the Fokker-Planck equation is “dualized”. This saddle-point formulation
involves a linear operator, encoding the (discrete) Fokker-Planck equation (see for example [AL20),
Sec. 3.2]). As the discretization parameters decrease, the operator norm of these operators (for the
Euclidean norm) increases, which has an impact on the convergence properties of methods such as
the Chambolle-Pock algorithm. In contrast, the discrete Fokker-Planck equation remains satisfied
at each iteration of the GFW equation.

This chapter is organized as follows. In Section we introduce some preliminary results
and notations. In Section we introduce a general class of potential discrete MFGs, containing
the theta-scheme. We establish the sublinear and the linear convergence of the GFW method in
this discrete setting. We give explicit formulas for the convergence constants. These constants
essentially depend on the Lipschitz-modulus of the coupling function of the MFG and on two
bounds, for different norms, of the solution of the discretized Fokker-Planck equation, denoted Cy
and Cy. We recall the theta-scheme in Section we show that it preserves the potential structure
of the MFG, and we prove that the GFW algorithm has a mesh-independent sublinear and linear
rates of convergence. The technical analysis relies on precise estimates of the constants C7 and Cy,
obtained thanks to a general energy estimate and an L*-estimate for the discrete Fokker-Planck
equation.
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6.1.2 Notation

We discretize the interval [0, 1] with a time step At = 1/T, where T' € N. The time set is denoted
by T (T if the final time step T is included). Given a finite subset S of R% we denote by R(S)
(resp. R%(9)) the set of functions from S to R (resp. R?). We also denote by P(S) the of probability
measures over S. We call curve of probability measures any function m: 7 x S — R such that
m(t,-) € P(S), for any t € T. The set of probability curves is denoted by P (7, S). In mathematical
terms,

T={01,...., T—1}, T={01,...,T}
R(S)={m: S — R}, R(S) = {m: 5 - R},

P(S) = {m ER(S) | Vo€ S, m(z) >0, 3 mly) = 1};
yeS

P(T,8) = {m e R(T x 8) | ¥t T, m(t,) € P(5)}.

We denote by || - || and (-, -) the Euclidean norm and the scalar product in R%. Let S; and So be
two finite sets. Let u € R¥(S; x Sp). For any = € S; and for any p; and ps € [1, 00], we denote by
|lpe(z, )||p, the LP2-norm of the function y — p(x,y), defined as follows:

1/172 .
(Syes, lne =)™, it ps € [1.00).

maxyes, ||u(@, y)ll, if py = oco.

(s )lp. =

We next define T

b1 .
(Soes, It 5) ", it pr e [1,00),
maXI€S1 ||N(‘T7 ‘)sz? lf pP1 = Q.

Lemma 6.1.1 (Holder’s inequality). Let S1 and Sy be two finite sets. Let p and v € R™(S1 X S2)
and let p1 and ps € [1,00]. It holds that

ST [t wa) v w2))| < Il 77 05

1171651 LEQESQ

where 1/p; +1/pf =1, for i =1,2.

H/’Lle,Pz =

Definition 6.1.2 (Nemytskii operators). Let ¢ be a function from X x ) to Z and let u be a
function from X to ). Then the Nemytskii operator is the mapping ([u] from X to Z defined by

Clu](x) = ((z,u(z)), Ve X.

6.2 Potential discrete mean field games

In this section we introduce a general class of discrete MFGs containing the 6-scheme of [BLP23al.
We provide a first potential formulation of the discrete MFGs and show their equivalence with a
convex optimization problem, using the classical Benamou-Brenier transformation. The analysis
being rather standard (see for example [BLP23b]), we mostly give succinct proofs.
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6.2.1 Problem formulation

We fix T € N and a finite subset S of R?. For the description of the MFG model, we fix a running
cost £, a coupling cost f, an initial condition mg, and a terminal cost g, where

:TxSxRsRU{o0}, f:TxSxR(S)—=R, moeP(S), geR(S).
For a given m € P(T,5), we denote by £,, the map defined by
b (t,z,w) €T x S = Ut m,w) + f(t, 7, m(t)),
where m(t) = (m(t, x))zes. We require the following assumptions for ¢, m, f, and my.

Assumption 6.1. The following holds:

1. Bounded domain. For all (t,z) € T x S, £(t,x,-) is lower semi-continuous with a non-empty
domain. There exists D > 0 such that for any ¢ € T, for any z € S, and for any ||v|| > D, we
have £(t, z,v) = +o0.

2. Regularity. There exists Ly such that for any (¢,z) and for any my, and ms in P(S), we have
‘f(t,l',m]_) - f(t)xva)‘ < Lmel - TTLQHQ.

3. Strong convexity. There exists o > 0 such that for any ¢t € T and for any x € .S, the function
{(t,x,-) is a-strongly convex, i.e.,

a
g(t)xva) Z g(t,,ﬁﬂ, ’U]_) + <p7/U2 - U1> + 5”1)2 - U1||27
for all v; and vy in R™ and for all p € 9,4(t, x, v1).
4. Monotonicity. For any t € T, for any m; and mg in P(S),

Z (f(t’x>m1) - f(t,x,mg)) (ml(ﬂC) — m2($)) > 0.

z€S
We now fix two elements my € R(T x S?) and m; € R4(T x S?) and define the map 7 by
T (tx,y,w) €T xS x 8 xR mo(t, z,y) + At{mi (L, z,5),w).

The map 7 describes the probability of an agent located at time ¢ in state x, using the control w,
to reach state y at time ¢ + 1. Our analysis will exploit the fact that 7 is affine with respect to w.
Recalling the constant D introduced in Assumption we consider the following assumption.

Assumption 6.2. The elements my and m; satisfy the following;:
mo(t, z,-) € P(S), V(t,x) e T xS,
> yes Tt z,y) =0, V(t,x) € T xS, (6.2.1)
mo(t,x,y) > AtD|mi(t, x,y)||, Y(t,z,y) €T xS x S.
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An immediate consequence of Assumption is the following: For all (t,z) € T x S, for all
w € RY if ||w|| < D, then 7(t,x,-,w) € P(S).

Assumption 6.3. There exists a function F': 7 x P(S) — R? such that for any ¢ € 7 and for any
mq and mgy in P(S), it holds

1
F(t,my) — F(t,mq) = /0 Zf(t,x,ml + s(ma —my))(ma(x) — my(x))ds.
z€S

We have the following convexity property for the potential function F'.

Lemma 6.2.1. For anyt € T and for any my and mg in P(S), it holds that
F(t,mg) > F(t,my) + Y f(t,2,m1)(ma(x) — ma(x)). (6.2.2)
TE€S
Proof. Inequality (6.2.2) follows from the definition of F' and the monotonicity in Assumption
6.1l O

Until the end of Section we assume that Assumptions and are satisfied. Fol-
lowing [BLP23al, Sec. 2.3], we consider the following discrete mean field game system, involving the
variables u € R(T x S), v € RY(T x S), and m € P(T,S):

(i) uw=HJIB(m),
(i) v =V(u), (DMFG)
(iii)) m = FP(v),

where the Hamilton-Jacobi-Bellman mapping HJB, the optimal control mapping V, and the
Fokker-Planck mapping FP are defined as follows:

e Given m € P(T,S), u=HIB(m) € R(T x S) is the solution to
u(t,z) = inf L (t, z,w)At + ZyES w(t,x,y,wu(t+ 1,y), V(t,z)eT xS,

wek! (6.2.3)
u(T,z) = g(x), Va € 8.

e Given u € R(T x §), v = V(u) € RYT x §) is defined by

v(t,x) = argmin £(t,x,w)At + Zw(t,x, y,whu(t+1,y), V(t,x) e T x S. (6.2.4)
weR?
yeS

e Given v € RY(T x §), m = FP(v) € R(T x S) is defined as the solution to

m(t+1,y) = cqm(t,z,y,v(t,z))m(t,z), V(t,y)eT xS,
(6.2.5)
m(0,z) = mo(x), Vo € S.
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Lemma 6.2.2 (Continuity of HIB). For any my and my in P(T,S), we have
IHIB(m1) — HIB(m2)||oo,00 < Ly|lm1 — malsc,2- (6.2.6)
Proof. See [BLP23al, Eq. A.6]. O

Lemma 6.2.3 (Continuity of FP). Let vy and vy in RY(T x S) be such that 101 lcc,00 < D and
|v2lloc,00 < D. There exists a constant C, independent of vi and va, such that

|FP(v1) — FP(vy)|| 2 5 < C’Atzz | (v1 — va)ma (t, x)|2. (6.2.7)
teT xzeS

As an immediate consequence, the mapping FP is continuous.

Proof. Let m; = FP(v1) and mg = FP(vy). Let p = mj; — mg. It is easy to verify that

{ u(t+1,y) = ers m(t,x,y,vi(t, x))u(t, z) + At Ex€S<7T1(t7 z,y), (v2 — v1)ma(t, 7)), (6.2.8)

Inequality (6.2.7) immediately follows from Gronwall’s inequality, keeping in mind that all norms
are equivalent on the finite-dimensional vector space RY(T x S). O

Theorem 6.2.4 (Existence). Under Assumptions and system (DMFG) has a solution.

Proof. We follow the proof of [BLP23al, Thm. 3.6]. We note first that by Assumption the
composed mapping FP o V o HIJB is valued in 73(7', S). By Brouwer’s fixed point theorem, it
suffices to show that FP oV o HJIB is continuous. The continuity of HIJB and FP was established
in Lemmas The continuity of V is deduced from the strong convexity of ¢, see step 2
of the proof of [BLP23al Thm. 3.6]. O

6.2.2 Potential formulation

Similarly to the case of continuous MFGs (see [LLO7, BCS17] for example), the system (DMFG))
has a potential formulation. Consider the following optimal control problem:

inf  J(m,v), subject to: (m,v) € A, (P)
meP(T,5)
veERY (T x.S)

where the cost function J and the set A are defined by

=AY N i)t @)ym(t,x) + ALY F(tm(t) + Y g(x)m(T,x

teT zes teT z€S
A= {(m, v) € P(T,$) x RUT x §) |m = FP(w), |[v]loos < D}

Problem is a non-convex problem which can be made convex with the classical Benamou-Brenier
transform (see [BCS17] for example) defined by

x: (m,v) € A (m,mwv) € P(T,S) x RY(T x S). (6.2.9)
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Here mu is the pointwise product of m and v: muv(t,x) = m(t,x)v(t,z), for all ¢ € T and for all
z e S. Weset A= x(A) and consider the cost function .J, defined by

J(m,w) = At> > " lm,w|(t, ) + Aty F(t,m(t) + Y gl@)m(T, z),

teT z€S teT €S

where the function £[m,w]: T x S — R is defined by

(t,z)
(m,w](t,z) = ¢ 0, if m(t,z) = w(t,z) =0,

00, otherwise.

E(t,x, Z(t’x) >m(t, x), if m(t,x) #0,

The new problem of interest is

inf  J(m,w), subject to: (m,w) € A. (P)
meP(T,S)
weR(T%.S)

In the rest of the section, we investigate some properties of Problems and , as well as their

relationship with (DMFG])
Lemma 6.2.5. It holds that val(P) = val(F).

Proof. Tt follows from the definitions of A, J, J, and y that for any (m,v) € A, we have
J(x(m,v)) = J(m,v). The lemma follows immediately. O

We next discuss the convexity of Problem .

Lemma 6.2.6 (Convexity). The set A is convex. The cost function J(m,w) is conver.

Proof. Take any (m1,w1), (ma,ws) in A and any A € (0,1). By the definition of A, there exist
v1,v2 € RYT x S), such that (m;,v;) € A and w; = m;v; for i = 1,2. Let

m = Ami + (1 — X\)mao,
w = Aw; + (1 — Nws,
0, if mq(t,x) = ma(t,z) =0,
v(t,z) =

Amavi+(1—=A)movs (t .’L')
s L)y

N (=N otherwise.

We can check that (m,v) € A and that (m,w) = x(m,v). The convexity of A follows.

The function J is defined as the sum of three terms. The last one is linear, thus convex. The
second one is also convex, by Lemma Finally, for any (¢, ), the map (m,w) — £[m, w](t, z)
is convex (see [Coml8| Proposition 2.3]). The convexity of J follow. O

Given m/ € P(T, S), we consider the cost function J,,, defined by

T (m,w) = ALY > L, w](t, ) + f(t,z,m/()m(t,z) + Y gl@)m(T, ),

teT xz€S €S
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for (m,w) € P(T,S) x RYT x S). We will regard .J,,, as a partial linearization of J around m/'.
We define the corresponding optimal control problem:

inf  Jp(m,w). (Po)
(mw)eA

Lemma 6.2.7. Let (my,w1) and (mg,ws) be in A. Then

J(ma,we) — J(my,w1) > Jo, (Mo, wa) — Jp, (1, w1).

Proof. This is an immediate consequence of the definitions of J, Jo, and Lemma O

The next lemma provides us with a solution to Problem (P, )).

Lemma 6.2.8. Let m' € P(T,S). Let us set o = V o HIB(m'), m = FP o V o HIB(m/), and
W = mo. Then (1, ) is the unique solution to (Pyl)). Moreover, for any (m,w) € A and for any
v such that w = mw, it holds that

Ty (M, w) — Ty (70, 0) > %At D) lw =)t ) |Pmt, ). (6.2.10)
teT xS

Proof. The first inequality is proved in [BLP23al Sec. 3.5, page 14]. It is of similar nature to the
fundamental equality of [ACCDI3]. As a consequence of (6.2.10)), the pair (1, @) is a solution to
. It remains to prove uniqueness. Let (1,1w) € A be a solution to . Let © be such
that @ = 7md. Then, by inequality (6.2.10), we have Y.+ > ¢ [|0(t, ) — 0(t, 2)||*m(t, z) = 0.
It follows next that (0 — 0)(t,z)m(t,z) = 0 for all (¢,x). Applying Lemma we immediately
obtain that 7 = m. Finally, we have @ — @ = m0 —mo = m (0 — 0) = 0, which concludes the proof
of uniqueness. O

Lemma 6.2.9. System (DMFG]|) has a unique solution (m,u,v). Moreover, (m,w) = x(m, ) is
the unique solution to (]E .

Proof. Let (m/,u/,v") be a solution to (DMFG]). Let w’ = m’v’. Combining Lemma and
Lemma we deduce that for any (m,w) € A,

J(m,w) — J(m!,w') > Ty (m, w) — Jp (m',w') > 0.
Thus (m/,w’) is a solution to .

We next prove that (m/,w’) is the unique solution to . Let (m,w) be a solution to . The
above inequality shows that (m,w) is also a solution to (P,/]). Thus by Lemma (m,w) =
(m/,w’).

It remains to prove the uniqueness of the solution to . Let (m,u,v) be a solution to

(DMFG]). As was proved above, (m, mv) is a solution to and therefore m = m/. It follows that
u=HJIB(m) =HJB(m') = v/ and that v = V(u) = V(«/) = ¢/, which concludes the proof. [
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6.3 Generalized Frank-Wolfe algorithm: the discrete case

We investigate in this section the convergence of the GFW algorithm, applied to the (convex)
potential problem . In this section, Assumptions are supposed to be satisfied. We recall

that (DMFG]) has a unique solution (u,v,m) and that by Lemma (m,w) = x(m,v) is the
unique solution of problem .

6.3.1 Algorithm and convergence results

We first define the mapping BR: P(T, S) — A. Given m/ € P(T,S), we obtain (m,®) = BR(m')
by successively computing

5 =VoHIB(m), m=FP®®), and 0 =md.

We refer to BR as the best-response mapping: given a prediction m’ of the equilibrium distribution
of the agents, ¥ (as defined above) is the optimal feedback for the underlying optimal control
problem and m the resulting distribution. As was demonstrated in Lemma BR(m/) is also
the unique solution to the linearized problem . This allows us to write the GFW algorithm
for the resolution of 1) in the form of a best-response algorithm.

Algorithm 6.1: Generalized Frank-Wolfe Algorithm
Initialization: (m?, w) € A;
First iteration: (m!,w') = (m° w") = BR(m?) ;
for k=1,2,... do

Step 1: Resolution of the partial linearized problem.
Set (m*, w*) = BR(m");

Step 2: Update.
Choose A € [0,1];
Set (mk+1’wk+1) = (1 - Ak)(mkvwk) + Ak(mkvu_jk);

end

Note that the choice of the stepsize A; will be discussed in Proposition We introduce now
three constants, C'1, Cy, and (45, that will be used for the convergence analysis of Algorithm
The constants C7 and Cy are defined by

Ci= sup ||FP(v)H<2>02 and Cy= sup [[FPoVoHIB(m) - (6.3.1)
Iv]loo,00 <D meP(T,S)
The finiteness of C; and Cs follows from the compactness of P(7,S) and from the continuity of
the three mappings HJB, V, and FP. Note that

Cr= swp |mlty= swp [ml 632)
(mw)eA (myw)eA
By Lemma there exists a constant C3 > 0 such that for any (mj,v1) and (me,ve) in A,
lmy = ma|5 < CsAEY Y [I(vr — va)ma (t, ). (6.3.3)
teT zes
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6.3. Generalized Frank-Wolfe algorithm: the discrete case

We next introduce three other constants, D1, Do, and ¢, defined by:

205C «@ 1
Dy = CiL|S|Y?, Dy = (Ly+|8]"/?)y/ =22 =max{l——————— — 1. (634

Proposition 6.3.1. We consider the sequence (my,wy)r>1 generated by Algorithm (6.1).

1. Sublinear rate. Assume that A\, = 2/(k +2), for all k > 1. Then,

8Dy

J(m*,wh) — J(m,w) < — k=1 (6.3.5)

2. Linear rate. Assume that

| T (mF W) — T (mF @)
M\ = 1%, 6.3.6
¢ ”““{ L[Sk —mE, (6:36)

for all k > 1. Then,
J(mE, wk) — J(m, ) < 4Dc*,  VE>1. (6.3.7)

The following subsection is dedicated to the proof of Proposition The used stepsize rule
(6.3.6) is motivated in the proof of convergence (see (6.3.13))).

6.3.2 Convergence analysis

Lemma 6.3.2 (A priori bounds). For any k > 1, we have (mF,w*) € A. As a consequence,
[m*|1%2 < C1 and  |[m"|lco 0o < Co. (6.3.8)
Proof. Using the definitions of C; and Cy (given in ) and using , we have that
[m¥)|%,.2 < CL 1M |oco0 < C2, and (", 0") € A, (6.3.9)

for any k& > 1. To conclude the proof of the lemma, it suffices to observe that for any & > 1,
(m*, wk) is a convex combination of (7", w") € A for 0 < k < k — 1. Then we have (m*, w*) € A,

since A is convex, by Lemma Inequality (6.3.8) follows from (6.3.9) and from the triangle
inequality. O

Lemma 6.3.3. For anyt € T and for any my and my in P(S), we have

Ly|S|'/?

5 llma - myl3. (6.3.10)

F(t,mg) < F(t,my) + Y f(t, 2, m1)(ma(x) — ma(z)) +
€S

Proof. Combining Assumption and the Lipschitz-continuity of f (Assumption , we deduce
that

L
F(t,mg) < F(t,m1) + > f(t,2,m1)(ma(x) — ma(x)) + %Hmz — mal|2flma —ma 1.
z€S
By Hoélder’s inequality, we have that [[mo — my|l1 < |S|Y2|/ma — my||2. Inequality (6.3.10) follows.
O
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Algorithm generates two sequences (m*, w*)y>o and (mF, @*)x>0 in A. For the analysis, we

k 7kk

need to fix two sequences (v¥);>¢ and (2%)g>g such that w* = m*v* and @* = m*Fo*. We introduce

the following six sequences of positive numbers:

k = k
O = [|m" — m||go,2v 5k = ||m —m ”oo ,25
i = J(mF, wh) — J(m,w), T = Ty (mF W) = T (P, @");
=AY Y |oF —o|PmF(t,x), & =AY Y |oF = o |PmF (L, ).
teT z€S teT z€S

The following lemma establishes various relationships between these sequences, independent of
the choice of stepsize (Ag)r>1. For convenience, we fix \g = 1 and make use of the fact that
(mwh) = (1= Xo)(m®, w®) + Ao(mP, w?).

Lemma 6.3.4. For any choice of stepsizes (A)r>1, we have 0r < 4C4, for any k > 1. Moreover
we have that

Ly|S|Y2
Tk < Yk and  Yg+1 < Ve — ARV + )\if‘2‘5 (6.3.11)
We also have the following estimates:
o Qo o < o
O < —€ < d o < —ex < g 6.3.12
20203 k> 2616_716 an 20203 k> 9 k> ( )

Proof. Step 1. The inequality 0; = ||m* — mk||2 < 4C, follows from the bounds Hmngoz <
and Hmk\|2 < (1 obtained in Lemma

Step 2. We next prove that v, < ;. Recalling that (7m*,@") minimizes J,x(-) over A, we
obtain that

A = Ty (P w®) — Joon (MF@%) > Ty (mF wP) — T (0, ).
Using next Lemma we deduce that 3, > J(m*, w¥) — J(m, w) = ;. Let us prove the upper
bound of v411. Since £ is convex (see the proof of Lemma , we have

P Wb (8, ) < (1 — M) EmF w](t, ) + Nel[mF, @] (¢, ).
Moreover, by Lemma [6.3.3] we have

)‘sz|S|l/25
k

F(t,mF(5) < F(t,m" () + A Y f(t,2,m" (1) (mF (¢, 2) — mF(t,2)) + 5

zeS

Then (6.3.11)) follows from the above two inequalities and the definitions of J, J,,x, v, and 7.
Step 3. Let us prove (6.3.12)). From the definition of C'5 and Lemma we have that

0k < C30t Y > || (vg — 0) (¢, 2)mu(t, 7)|?

teT z€S

< CyC30t Y > |l(ve — B)(t, z)[Pma(t, 2) = CoClep.
teT xz€S
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Moreover, using Lemmas [6.2.7] and [6.2.8, we obtain that

We prove in a similar fashion that 6, < CoC3é, and that 75, > 5 €k ]
Lemma 6.3.5. In Algorithm let u* = HIB(mF). Then, whatever the choice of stepsizes

(A&)k>1, we have
[ = lloo,c0 + [[m* = 1Tt]loc,1 < Do/

Proof. By Cauchy-Schwarz inequality and Lemma we have
k — 20203
Im”* = mlloox < VISIV O < VIS ==V

By Lemma we have [|u* — @ls,00 < Ly\/0. Recalling the definition of Ds, we obtain the
announced result. O

Proof of Proposition |6.3.1. Sublinear case. Combining the two inequalities in (6.3.11) and using
the bound 5 < 4C1, we obtain that

Vi1 < (1 — /\k)"yk + 2)\%01Lf|5|1/2 = (1 — )\k)% + 2)\%D1.

In particular, for £k = 0, we have \g = 1, therefore v, < 2D;. It is then easy to prove by induction
the inequality v, < 8D1/k (see [Jagl3, Thm. 1] for example).
Linear case. Note first that the stepsize rule (6.3.6) writes

) Vi
A = _— 1.
k mln{Lf|S|1/26k7 }

It is easy to verify that A\p minimizes the upper-bound (6.3.11)), that is to say:

L 51/2
A = argmin — Ay + )\QL.

_ 6.3.13
A€[0,1] 20 ( )

Let £ > 1. We consider the following two cases:

1. If 43, > L¢|S|'/?6), then A\ = 1. We deduce from (6.3.11)) that

I Y _ Wk
Vi+1 <')’k_'7k+f|2|5k<’7k:_2 S5 S
where the second inequality follows from the assumption J, > L¢[S |1/ 25, the third one from

the inequality v, < 4% and the last one from the fact that ¢ > 1/2.

2. If 5 < Lf\S]1/25k, then A\, = We deduce from (6.3.11) and from the inequality

Vi <k that

Ve _
Ls|S|V/26, "

Tk 1<7k_¢—’7k< 1_¢— V&
= 2L S[1/28, " = 2L S[1/25, )
By (6.3.12)), we know that 7 /6 > ﬁ It follows that

(07

<|(1l-——F%——5 < k.
Tet+1 = < 4C’203Lf]S]1/2> Ve S CYk
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It follows that 7, < v1¢*! for all & > 1. Since ¢! < 2 and v, < 2D, estimate (6.3.7) holds
true. =

6.4 Mesh-independent convergence of the GFW algorithm for second-
order MFGs

We establish in this section two mesh-independence principles for the GEFW algorithm, applied to a
discretization of with the f-scheme proposed in [BLP23a]. First, we recall the theta-scheme
and the main convergence result of [BLP23a]. Then, we show that the potential structure of the
continuous is preserved by the theta-scheme at the discrete level. Therefore, Algorithm
6.1| can be applied to the theta-scheme. The mesh-independence principles are stated in Theorems

[6.4.5 and [6.4.9] and demonstrated in Subsections [6.4.3] and [6.4.4]

6.4.1 The theta-scheme and error estimates

In this subsection, we recall the theta-scheme of the continuous system (MFG) investigated in
[BLP23a] and its main result. Let us define

D= {,uE]LQ(Td)IuZO,/ u(a;)dle}. (6.4.1)

Td

We make the following assumptions on the data function £¢: QxR — R, ¢¢: T? - R, f¢: QxD —
R, and m¢: T? — R of the continuous model (MFG]).

Assumption A. The following holds:

1. Regularity. The function £¢ is continuously differentiable with respect to v. There exist
positive constants L7, Lg, and L; such that for any (¢t,z) € @, for any v € R?, and for any
m €D,

o (°(-,x,v), L°(t,-,v), and £5(-, z,v) are Lj-Lipschitz continuous
e g is Ly-Lipschitz continuous

o f(,z,m), fe(t,-,m), and f°(t,x,) are L}-Lipschitz continuous (with respect to the
|| - [lLz-norm for the third variable).

2. Strong convezity. There exists a© > 0 such that for any (¢, z) € Q, ¢“(t,z,-) is strongly convex
with modulus af, i.e.

C
otz v9) > L6(t x,v1) + (05 (t, T, v1),v2 — v1) + %Hvz —u? Vo, v e R
3. Monotonicity. The function f¢ is monotone, i.e., for any ¢ € [0,T], for any m; and mg € D,
/ (fc(t,m',ml) — fe(t, 2, mg)) (ml(a:') — mg(x'))dx’ > 0.
"ﬂ‘d

Assumption B. The continuous mean field game (MFG]) admits a unique solution (u*,v*,m*),
with u*, m* € C'+7/22+7(Q) and v* € C"(Q) NL>°([0, 1];C*+7(T9)), where 7 € (0,1).
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Note that more explicit assumptions on the problem data allows to verify Assumption see
[BLP23al, Appendix B.

The time and space discretization parameters are denoted At > 0 and h > 0. As in the discrete
model, we suppose that At =1/T and that h = 1/N, for two integers T and N. The discrete state
space is defined as

S =T/hz* = {(ir,ia,...,i0)h | i1,...,iq € Z/NZL}.
Given z € T%, let us set By(x) = [[1oy[z — hei/2,  + he;/2). Given y € T¢, we denote by zy[y]

the unique point x in S such that y € By(z). We consider the mappings Z;: R(T%) — R(S) and
Rp: R(S) — R(T?), defined as follows: For any m¢ € R(T?) and for any m € R(S),

() (z) = /B R Ve € S:
Ra(m)(y) = "), Wy e T

We consider the constant M > 0, defined by

1
M=—1(2 (t, x, 0 d(L;+ LS+ LE) ). 6.4.2
(2 gmas e, 0) | + V(LG + I + L)) (6.4.2)

ac

Note that M is independent of At and h. We define the truncated running cost /¢ as follows:

C(t,z,v) =

. ety x,v), if |lv|| < M,
400, otherwise.

The discrete counterparts of £¢, g¢, f¢, and mg are defined as follows: For any ¢ € T, for any z € S,
for any v € R?, for any m € P(S),

l(t,z,p) = @C(tAt,m,v)

9(x) = ¢°(x),
1 (6.4.3)
f(t7x7m) = hd/ fc(tAtayaRh(m))dya
B;L(Q?)
mo(x) = Zn(m§)(x).
We denote by H: T x S x R? the associated Hamiltonian, defined by
H(t,z,p) = sup —(p,v) — L(t,z,v). (6.4.4)

vERY

Let us now discetize the differential operators appearing in the continuous MFG system. Let
(€i)i=1,... 4 denote the canonical basis of R?. The discrete Laplace, gradient and divergence operators
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for the centered finite-difference scheme are defined as follows:

d
he; — he;) — 2
Ahﬂ(x)zz“(“ €)+“(h‘“2 ¢) = 2u(@) VueR(S), Vres,
=1
x+ he;) — pu(x — he;)\ @
V() = (‘“ )%“( ))H’ ViueER(S), VaeS,
d
divppu(z) = Z palw + heZ)Q_hM(x — he,)) VueRYS), Voes,
=1

where p; is the i-th coordinate of u.
Finally, we fix € (1/2,1). The theta-scheme for (MFGJ), introduced in [BLP23a), Sec. 2.3],

writes:

(i) u=HIBy(m),
(il) v = Vy(u), (Theta-mfg)
(i) m = FPy(v),

where the Hamilton-Jacobi-Bellman mapping HIBy: P(T,S) — R(T x S), m + u, is defined by

—wH L) 2T) g At +1/2,2) = 0,
7% — (1= 0)oApu(t +1/2,2) + H[Vpu(- +1/2,)](t, x) = f(t,z,m(t)),

u(T’, x) = g(x),

the optimal control mapping Vy: R(T x §) — RY(T x S), u — v, is defined by

— L)l 20) g Aju(t +1/2,2) = 0,
v(t,z) = —Hp(t,z, Vyu(t+1/2,x)),
and the Fokker-Planck mapping FPg: RY(T x S) — R(T x S), v ~ m, is defined by
w — o Apm(t + 1,2) — (1 — 0)o Apm(t,z) + divy (vm(t, z)) = 0;

m(0,z) = mo(z).

Let us briefly motivate the theta-scheme. For the Fokker-Planck equation, a Crank-Nicolson dis-
cretization of the Laplace operator and an explicit discretization of the first-order term are utilized.
An adjoint scheme is used for the HJB equation.

Given u(t+1,-), one first needs to solve an implicit scheme for the heat equation, corresponding

to a diffusion equal to fo. This yields the intermediate function u(t 4+ 1/2,-), which is not “saved”
in the output HIBy. Then u(t,-) is obtained by solving an explicit scheme, containing the first
order term and a diffusion equal to (1 — 0)o.
Remark 6.4.1. The evaluation of the mapping HJBy, which is a crucial step in the GFW algorithm,
requires to solve successively linear equations (for the implicit part) and explicit equations. It is
therefore easier to implement than fully implicit schemes, which would require to solve general
non-linear equations (with a policy iteration algorithm, for example).
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6.4. Mesh-independent convergence of the GFW algorithm for second-order MFGs

Let us consider the following CFL condition:

h? 2(1 —0)o
< ————, h< 2 22,
= 2d(1—0)o M

Lemma 6.4.2. Let Assumption [4] and condition (CFL) hold true. Then the system (Theta-mfg])

is a particular case of (DMFG)), with ¢, f, mo and g defined by (6.4.3). Furthermore, Assumptions
[6. 1162 hold with the constants

D=M, Ly=L5k" and a=a"

A (CFL)

Proof. See [BLP23a, Lem. 4.1, Lem. 4.2, Thm. 4.4]. O

Let us emphasize that the well-posedness of the mappings HIJByg, Vy, and FPy is a corollary of
the fact that is a discrete MFG. The explicit formulas for my and m; are provided in
[BLP23a, Lemma 4.1]. We define the traces u} € R(T x S) and m} € P(T,S) of the continuous
solution (u*,m*) as follows:

ui(t,z) = u*(tA,z) and mi(t,-) = Ip(m*(tAt,-)), Vte T,VreS. (6.4.5)
The main result of [BLP23al is the following error estimate.

Theorem 6.4.3. Let 1/2 < 6 < 1. Let Assumptions and condition hold true. Then
admits a unique solution (up, vy, mp). There exists C* independent of At and h such
that

[un — p[loo,00 + M — M [locy < C*A.

Proof. See [BLP23a, Thm. 2.10]. O

6.4.2 GFW algorithm for the theta-scheme and main results

Let us first give the assumption on the potential structure of f.
Assumption C. There exists a function F¢: [0,1] x D — R such that (6.1.1)) holds.

The following lemma shows that the discretization of f¢ proposed in (6.4.3) preserves the po-
tential structure of the MFG system at the discrete level.

Lemma 6.4.4. Let Assumption@ hold true. Then, f defined by (6.4.3)) satisfies Assumption
with the primitive function F defined by

F(t,m) = F(tAt, Rp(m)).
Proof. Taking any (t,m1,m2) € T x P(S)?, we have that
F(t,m1) — F(t,mg) = F(tAt, Rp(m1)) — FC(tAt, Rp(m2))

1
— /0 /er fE(tAL z, Ry (my + s(ma — m1)))(Rp(me)(x) — Rp(mi)(x))dzds

1
= ) g ]y R s =) ymate) = s

1
= /0 Z f(t,xz,my + s(mg —my))(ma(z) — mq(z))ds,

z€eS
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where the second equality follows from Assumption [C|] and the linearity of operator R, the third
equality comes from the fact that Ry (m) is constant in Bj(x), and the last equality derives from
the definition of f. O

Following the definition of BR in Sec. we define the best response mapping for (Theta-mfg)):
for any m’ € P(T, S),

BRy(m') = x(m, v), where © = Vg o HIBy(m') and m = FPy(?).

The GFW algorithm writes as follows.

Algorithm 6.2: Generalized Frank-Wolfe Algorithm for
Initialization: m$ € P(T,S);
First iteration: (m},w!) = BRy(m)) ;
for k=1,2,... do

Step 1: Resolution of the partial linearized problem.
Set (mj;, wy) = BRo(m});

Step 2: Update.
Choose A, € [0, 1];
Set (my",wpth) = (1= M) (mf, wf) + Ax(mf, of);

end

From now on, all notations introduced in Sections and for general discrete MFGs will be
restricted to , without the adjunction of the subscript 6. For example, we will denote
by 7% the optimality gap in Algorithm The following result is our first mesh-independence
principle. Recall that (up,mp) and (uj,,m}) have been introduced in Theorem [6.4.3]

Theorem 6.4.5 (Sublinear rate). Let Assumptions[A[|(] and condition (CFL) hold true. In Algo-
rithm take \, = 2/(k +2), for any k > 1. Then there exist two constants Cy and Cy, both
independent of At and h, such that

C
e < ?9 VE > 1, (6.4.6)
and such that
Co
VER2'

||Uﬁ - uhHoo,oo + ||m2 - thoo,l <

3 ) (6.4.7)
ok = e+ = s < Co (7 ).
for any k > 1. In particular, for k > h=2+4/2) e have
etk — 0 oo + I =m0 oo < 2Coh" (6.4.5)

Remark 6.4.6. Let us emphasize that only the estimate (6.4.6)) is mesh-independent. The estimates
provided in (6.4.7) get worse as h — 0.
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6.4. Mesh-independent convergence of the GFW algorithm for second-order MFGs

The proof of Theorem [6.4.5] is given in Subsec. It is based on Proposition [6.3.1, more
precisely on estimates of the three fundamental constants C7, Co, and C'5. We will derive from these
estimates some estimates of the constants D, D, and ¢ (as defined in ) A key point is
that the estimate of the constant D; is mesh-independent. Our analysis mainly relies on a stability
result for the discrete Fokker-Planck equation, for the /2-norm.

In order to establish mesh-independent estimates of D5 and ¢, so as to have a mesh-independent
linear rate of convergence, we need to establish an /*-estimate for the discrete Fokker-Planck,
assuming that the involved vector field v derives from a value function u. In the continuous case,
such an estimate is relatively easy to deduce from the semi-concavity of u. The transposition of this
analysis to a discrete setting is quite delicate; our analysis is restricted to the case of a separable
running cost (with respect to the control variables).

A function I: R? — R is said to be semi-concave if I(z) — L|z||?/2 is concave, for some L > 0.
This definition makes no sense when [ is a function defined on torus. In fact, one can check that a
periodical function is concave if and only if it is constant. Besides the previous definition, a second
one based on a quadratic inequality is introduced in [CS04) Def. 1.1.1] for functions on an open set.
We use the latter one for our definition of semi-concavity on a torus and its discretization.

Definition 6.4.7. [Semi-concave functions on the torus| Let L be a positive constant. A function
1°: T¢ — R is said to be L-semi-concave if

i€ (1’) > lc(x + y) + lc(m B y)
- 2

—Llyl®,  Vz,yeT” (6.4.9)

Remark 6.4.8. If a function [¢: T — R is C2, then it is semi-concave, as can be easily verified.

We consider the following assumption.
Assumption D. The following holds:

1. Semi-concavity. There exists L¢ > 0, such that for any (¢,v,m) € [0, 1]xR?x D with |jv|| < M,
the functions ¢°(t, x,v), f°(t,z,m), and g°(z) are L°-semi-concave with respect to x.

2. Separability. There exist functions £5: Q@ x R — R for ¢ = 1,2,...,d, such that for any

(t,z,v) € Q x RY,
d

ot m) = Lt v,

i=1

where v; is the i-th coordinate of v.

In the next theorem we establish a linear and mesh-independent rate of convergence for the
GFW algorithm with the line-search rule (6.3.6)).

Theorem 6.4.9 (Linear rate). Let Assumptions[A{D and condition (CFL]) hold true. In Algorithm
set A\ with the rule (6.3.6)), for all k > 1. Then there exist three constants cg € (0,1), Cyp >0
and Cy, independent of At and h, such that

W < Cocg, Vk>1, (6.4.10)
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and such that
k/2

= unlloo,o0 + llmf; — mnloc,1 < Cocy'”,

6.4.11)
* * ~ k (
otk = willoe.o0 + llmf = miloe. < Cio (W7 + 5%,
for any k > 1. In particular, taking k > 2rlog(h)/log(cy), we have
luf; = ujlloc,co + i = milloc < 2Coh". (6.4.12)

Note that both estimates ((6.4.10)) and ((6.4.11]) are now mesh-independent. The proof of Theorem
6.4.9]is given in Subsec.

6.4.3 Proof of the sublinear rate of convergence

We prove in this section Theorem Assumptions [A}C] are supposed to be satisfied all along
the subsection, as well as the condition (CFL)). Our analysis relies on an energy estimate, obtained
in Lemma [6.4.10] which allows us to find first estimates of the convergence constants C1, Cs, Cs,

Dy, and D2 (in Lemma [6.4.11)).

We define the forward discrete gradient as follows:

v(x + he;) — I/(:U))d

Viv(z) = ( . . WweR(S), VzeS.

i=1

Lemma 6.4.10 (Energy estimate). Let € R(T x S) satisfy the following equation.:

{ (Id — o AtAL) pu(t +1) = (Id+ (1 — 0)o AtAL) u(t) — At divy (v(t)u(t)) — At divy, (5,(1)),
1(0) = o,

where 6,(t) € RY(S) and ||v]|ooco < M. Then,

2 . + 2
s 01 < t0:0.30) (ol + (0 = 00Tl 5 M) 013

where

2 2
c(o,0,M) =1+ 0(2]24_ D exp (J(;X_ 1)> . (6.4.14)

Proof. We deduce from the proof of [BLP23al Prop. 4.5] that

2 (e + DB~ () 3) + b0 AtV utt + 1)
< —(1—0) oAV u(t + 1), Vi) + At(y +2),

(6.4.15)

where

=) (Vault+ L), po(tx)), 2= (Vap(t+1,2),6,(t ).

€S €S
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Let ay = 0(20 — 1) > 0. Applying Young’s inequality to the right-hand side of (6.4.15), we have
the following inequalities:

(T ult + 1), Viu(®) < Vit + D3+ 5[]
1= SITan(e+ DI+ e O] < SVt + DI + 5 (o
1 2 LIVine+ DI+ 5 6.0
Combining the above inequalities and (6.4.15)), it follows that
I+ D)3 = a3+ (1 = O at(|| Vi =+ D]l [ Viu@)]3) < At(fuuu)m;Hévmui)-

Summing the previous inequality over t, it follows that for any t € T,

M2AL
i+ D13 <7+ == 3 el
T7=0

where

1
7= ol + (L= O Aol + D Ao ()5
TET

We deduce from the discrete Gronwall inequality [Cla87] that

M?2At M2At M? M?
max ||u(t)|3 < v+ Ty exp (Z - ) Z’)/(l—i-alexp ())

«
teT 1 eT

The conclusion follows. O

We define next two constants Fy and E3, both independent of At and h:

c(o,6, M)

c 1 c
By = (0,0, M) (Il + 5 IVl ) and By = T2,

A constant Ey will be introduced later on.

Lemma 6.4.11. The constants C1, Ca, and Cs3 (as defined in (6.3.1))-(6.3.3)) ) satisfy the following
inequalities:
Cy < Eih?, Gy <G <Eh? 0y < Es. (6.4.16)

As a consequence, for the constants D1 and Do defined in (6.3.4), we have

3/2
[2E3?Eyre
Dy < EiLS, Dy < (1+L5) Tfh d/4, (6.4.17)

Proof. The condition (CFL) implies that

d(l1 —0)cAt < — <

h2
— . 4.1
. (6.4.18)

N |
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We let the reader verify that
Imol3 + (1 =)o At Viimoll3 < ([Im§lE~ + d(1 — O)oAt[|Vm§|E~) h?.
Combining the above two estimates, we deduce that
1
ol + (1 = O)o AtV mol3 < (ImliZ~ + 5 1Vm§ 2 ) .

Using this inequality in Lemma [6.4.10} applied with 6, (¢) = 0 and py = mg, we obtain the estimate
of C'1. Then, the estimate of C5 is deduced from Holder’s inequality. The estimate of C3 follows

from equality (6.2.8]) and Lemma [6.4.10| by taking pg = 0 and 0, = (v1 — v2)m;. Finally, (6.4.17)
follows from (|6.3.4) and the previous estimates. O]

Proof of Theorem [6.4.5, Inequality ((6.4.6) directly follows from Proposition and from the
estimate Dy < E1L§c, with Cy = 8E1L§. Then, using Lemma and the estimate of D9 obtained

in (6.4.17), we deduce that

E\Bs 1
af \Ehd/2
Recall that C* was introduced in Theorem The inequalities in (6.4.7)) hold true with

. E\Es .
Cy = max{4E1L;(1+L;),/;c3, C }

The theorem is proved. ]

0" — tploc00 + [MF = Miplloc2 < Day/Ar < 4E1LG(1 + L)

6.4.4 Proof of the linear rate of convergence

We prove in this subsection Theorem Assumptions are supposed to be satisfied all
along the subsection, as well as the condition (CFL)). At a technical level, we look for a more
precise estimate of the constant Co (see Lemma , using an /*°-stability result for the map
FPy o VyoHIBy (see Lemma , whose proof is inspired from the continuous case (see for
example [CL18al Lem. 5.3]). Our analysis begins with a series of technical lemmas which will allow
us to establish the semi-concavity of the value function.

Definition 6.4.12. [Semi-concave functions on S| A function [: S — R s said to be L-semi-concave

if

e +y)+1l(x—y)
2

Lemma 6.4.13. Let L, L1, and Ly be positive constants. The following statements hold:

1(z) > — Llly||*>, Vz,y€S. (6.4.19)

1. Let l1: S — R be Li-semi-concave and la: S — R be Ly-semi-concave. For any Ai, Ay > 0,
the function A1ly + Aoly is (A L1 + A2 Lo)-semi-concave.

2. Let{l,: S — R}yeq be a family of L-semi-concave functions. Letl: S — R, I(z) = inf,ecq l,(z).
Suppose that for all x € S, it holds that [(xg) > —oo. Then [ is L-semi-concave.
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6.4. Mesh-independent convergence of the GFW algorithm for second-order MFGs

Proof. The first point is obtained by the definition (6.4.19) and the non-negativity of A\; and Ao.
Let us prove the second point. Let zg € S. We have [(z) > —oo. Then for any € > 0, there exists
we € 2 such that

lo, (zo +y) +lw (To —y)
2

Uz +y) + (o — y)

l(zo) > lw, (xg) —€ > 5

~Llyl* —e> — Llyl* —e,

where the second inequality follows from the semi-concavity of [,,.. We deduce the L-semi-concavity
at the point xg by the arbitrariness of e. O

Lemma 6.4.14. The functions ¢, f, and g, defined in (6.4.3), are L¢-semi-concave with respect to
T.

Proof. The semi-concavity of ¢ and g is a direct consequence of their definitions in (6.4.3). Let us
prove the semi-concavity of f. By the definition of f in (6.4.3), taking any t € T, m € P(T,S5),
and x,y € S, we have

f(t,:v—l—y,m)—i—f(t,x—y,m)

1 1
= hd/ fe(t, z, Rp(m))dz + hd/ fe(t, z, Rp(m))dz
z€Bn (z+y) 2€Bn (z—y)

1

=ty TR U R £y 2 R
2ED)

1
< d/ 2f(t,x + 2, Rp(m)) + 2L°|y||*d=
h% J.eB.(0)

1

= [ s Ra(m)ds + 2Ly = 26w + 227
2€By, ()

The conclusion follows. O

Definition 6.4.15. Let A be a function from R(S) to R. We say that A is translation invariant if
for any X € R(S) and any y € S,

AX()) = AX (- —y))-
Lemma 6.4.16. Suppose that X, Y € R(S) satisfy the following equation for some ¢ > 0:
(Id — cAtAR)Y = X. (6.4.20)

Let A: R(S) — R be a translation invariant function. We have the following statements:

o If A is convexr and l.s.c, then A(Y) < A(X).

o If A is concave and u.s.c, then A(Y) > A(X).
Proof. For any Z € R(S) and y € S, we define 7YZ € R(S) by

PZ() = Z(-—y).
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Let v = cAt/h?. We define Sx: R(S) — R(S5),

d
1
S — X <h€]‘ 7h€j)
x (1) T52d +7; T+ T

By the proof of [BLP23al, Lemma 2.6], Sx is a contraction mapping and Y is the fixed point of Sx.

Suppose that A is l.s.c. and convex. Suppose that p € R(S) satisfy A(p) < A(X). By the
convexity of A, we have

d
A(Sx(p) < ! A(X) + v Z (A(Theju) + A(T—hegﬂ))

1+ 2dy =
d
- Hl%y AX) 49> (A(p) + A(p) § < A(X),

where the second line follows from the translation invariance of A. Therefore, A(S% (X)) < A(X)
for any k£ > 1. Since Y = limg_, o S')“((X ), by the lower-semi-continuity of A, we have

AY) < lign ian(S’)“((X)) < A(X).
—00
For the case where A is u.s.c and concave, it suffices to apply the previous result to —A. ]

Lemma 6.4.17. Let X,Y € R(S) satisfy (6.4.20)). Then, the following statements hold.
1. Mazimum/minimum principle:

min X (z) <minY (z) < max Y (z) < max X(s).
z€S z€S z€S z€S

2. Conservation of the mass:
> V(s) =D X(s).
z€S zeS
3. Conservation of the Lipschitz constant: If X (x) is L-Lipschitz, then Y () is L-Lipschitz.

4. Conservation of the semi-concavity constant: If X (x) is L-semi-concave, then'Y (x) is L-semi-

concave.

Proof. We use Lemma for the proof. The key point is the choice of the translation invariant
function A in Lemma [6.4.16, Keep in mind that the maximum (resp. minimum) of a family of
linear functions is L.s.c. and convex (resp. u.s.c. and concave) in finite dimensions.

For point (1), it suffices to take A(X) = minges{X(x)} and A(X) = maxzes{X(z)}. For point
(2), we take A(X) = > g X (z). For point (3), we take

X - X
A(X) =max max (z+) (z) .
2€S yeS,y#0 Iyl

Finally, for point (4), we take

X X(x—y)—2X
A(X) = max max (z+y)+ (mQ y) (z)
z€S yeS,y#£0 lyl|

The conclusion follows. O
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6.4. Mesh-independent convergence of the GFW algorithm for second-order MFGs

Lemma 6.4.18 (Semi-concavity of the value function). Let Assumptions[A] [D(1) and condition
(CFL) hold true. Then for any m € P(T,S), the unction u = HIBg(m) is 3L -semi-concave with
respect to x.

Proof. Observe that HIJBgy(m) is equivalent to the formulation below:
((Id — 60 AtAL) u(t +1/2) = u(t + 1);
u(t,z) = Atinf|u) <y {f(t,x,m(t)) + Ut 7, w) + (w, Vault + 1/2,x)>}

(6.4.21)
+(Id+ (1 — 0)oAtAy)u(t + 1/2)(z), Vo € S,

u(T,z) = g(x), Vx € 5.
We prove the lemma by induction. For ¢ =T, by the terminal condition, it is obvious that

u(T,r+y) +u(T,z —y)
2

u(T,z) > - Ly|*,  Va,y€S.

Suppose that for some t € T, we have

u(t + L +y) +ult+ L —y)
2

Since u(t + 1) and u(t + 1/2) satisfy the implicit scheme ([6.4.20)), by Lemma [6.4.17|(4), we have

u(t+1,2)>

—(2(T —1-t)At +1)L°|y||*>, Vz,y€S.

w(t+1/2,x4+y) +u(t+1/2,2 —y)
2

u(t+1/2,2) > —2(T —1—-t)At+ 1)L y|>,  Va,y€S.

Let ' = (1 — §)cAt/h%. The second equation in (6.4.21)) can be written as follows:

La)= inf Lt ),
ulbow) = ol ob2)

where

d
Lo (t,2) =(1 — 2dr'Yu(t + 1/2, 2 +Z;(r + 2h) u(t +1/2, 2 + he;)

+ Z (r — —) t + 1/2 T — hez) + At(f<t7x7m(t)) +£(t7m7w))'

By condition (CFLJ), the coefficients of the above equation are positive for any ||w| < M. Then by
Lemmal6.4.13((1), the semi-concavity of u(t+1/2,-), f, and ¢, we have that I, is (2(T —t)At+1)L°-
semi-concave. Since u(t,z) > —oo for any z € S, we deduce from Lemma [6.4.13|(2) that

u(t,x +y) +u(t,x
2

ult,z) > —Y) o — )AL+ DI, Vo, ye S,
The conclusion follows by induction. O

We have the following regularity result for the discrete Hamiltonian H (defined in (/6.4.4))).
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Lemma 6.4.19. Let Assumptions [A| and [D(2) hold true. Then, for any (t,z) € T x S and
Ipll < VA(L§ + LG + L),

d d
OH?!
H(t,,p) =Y H{(tAt,z,p)),  Hy(t,z,p) = (a l(mt,x,pi)> : (6.4.22)
. Di i=1
=1 i
where p; is the i-th coordinate of p and
H’Lc(tv xvpz) = Sup —v;p; — gf(tv Z, Ui)‘ (6423)
Vi
Moreover, %i]j(tAt, x,p;) s L§/ac-Lipschitz with respect to x.

Proof. Equality (6.4.22)) is from [BLP23a, Lemma 5.1] and the separable form of ¢¢. The Lipschitz
continuity of %—f is proved with the same argument as the one the proof of [BLP23a, Lemma
2.7]. O

Lemma 6.4.20 (Lipschitz continuity of the value function). Let Assumption |A| and condition
hold true. For anym € P(T,S), let u = HIBg(m) and v = Vy(u). Thenu is (L{+LG+Lg)-
Lipschitz with respect to x and ||v||oc,c0 < M.

Proof. See [BLP23al, Lemma 4.3]. O
Lemma 6.4.21 (¢*°-stability). Let Assumptions @ and condition hold true. Then,

sup [|[FPgo Voo HIBy()[ 00,00 < exp < "

REP(T,S)

Proof. Let u € P(T,S), let u = HIBy(p), let v = Vy(u), and let m = FPy(v). Observe that
m = FPy(v) is equivalent to the formulation below:

m(t+1/2) = (Id+ (1 — 0)o AtAL)m(t) — Atdivy (v(t)m(t));
(Id — 0o AtAR) m(t + 1) = m(t + 1/2); (6.4.24)
m(0) = my.

Let us first compare ||m(t + 1/2,-)||c and ||m(t + 1,-)||c. Since m(t + 1) and m(t + 1/2) satisty

the implicit scheme ((6.4.20)), by Lemma |6.4.17|(1), we have
[m(t +1,)]loe < [Im(t+1/2,)]loo- (6.4.25)

Then, we compare ||m(t,-)||oo and ||m(t +1/2,)||co- Let 7' = (1 — 8)cAt/h?. The first equation in
(6.4.24) shows that for any (t,x) € T x S,

d
i, he;
m(t +1/2,2) = (1 - 2dy)m(t,z) + Y <'y’ - AtW) m(t,x + he;)
=1

d , Atvi(t, x — he;) y he.
+ E v+ — m(t,z — he;).
i=1
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6.4. Mesh-independent convergence of the GFW algorithm for second-order MFGs

Condition (CFL) implies that all the coefficients in the above equation are positive. Therefore, for
any (t,z) € T x S,

m(t+1/2,2) < (erEZ”t$+hQ§;“’x‘m”>H< Yoo = (1~ M) [m(t, )
- (6.4.26)

By Lemma [6.4.20 and Lemma [6.4.17(3), we have || V,u(t + 1/2,2)| < Vd(L§ + L + Lg) for any
(t,z) € T x S. Then, formula (6.4.22)) implies that

OHf
—divyv(t, ) = Z (tAt,z + he;, (Vau(t + 1/2, 2 + he;));)

apz
_ 0HF
o L(tAt,x — hey, (Vau(t +1/2, 2 — he;)):)
(6.4.27)
JdLg 1 ~oH;
_ 1/2
—t Z (tAt, z, (Vau(t +1/2,2 + he;));)
_0H
5 (tAt x, (Vau(t +1/2,2 — he;))s),
Pi
where the last inequality follows from the Lipschitz-continuity of L with respect to x (established

in Lemma [6.4.19)). Since H{ is convex on p;, the derivative 88[;1 is non—decreasmg with respect to

pi. Furthermore, we know that T is 1/a-Lipschitz on p; by the strong convexity of £¢. Tt follows
that for any (¢,z) € Q and p},p? € R,

Hf Hf 1

Applying the above inequality to (6.4.27]), we have

e 1 &
‘ Z max {0, (Vyu(t +1/2,2 + he;))i — (Vau(t +1/2,2 — he;));}

—di t,x) <
vv(t, ) < a¢  2ach 4

dLC 1 u(t+1/2,x 4 2he;) + u(t +1/2,x — 2he;) — 2u(t + 1/2,x)
Zmax e :

By Lemma [6.4.18] for any (t,z,y) € T x S? and y # 0, we have
ut+1/2,x+y)+ult+1/2,2 —y) —2u(t+ 1/2, )

oI =0
Taking y = 2he;, it follows that
—divpo(t,z) < LMEO—;GLC). (6.4.28)
Combining (6.4.25)), (6.4.26]), and (6.4.28)), we have
e+ 1.9l < (1 AL e, ).
Since At = 1/T, the conclusion follows. O]
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Chapter 6. A mesh-independent method for second-order potential mean field games

We are now ready to derive an improved estimate of Co (in comparison with the one in (6.4.16])).
We define the constant Ey as follows:

d(L§+ 6L°)
Ey = exp <Zac> |G| -

It is independent of At and h.

Lemma 6.4.22. The constants C1, Ca, and Cs defined in (6.3.1))-(6.3.3) satisfy the following
inequalities:

C) < Eyhe, Cy < Eohf, C3 < Ej3. (6.4.29)
As a consequence, for the constants defined in (6.3.4]), we have

Dy < Ei\L%, Dy<(1+L%) % c<cyg:=max<1— aic 1 ) (6.4.30)
= £ = f ac U= AE,E3L5 " 2

Proof. The estimates of C7 and C3 are the same as in ((6.4.16)), and the estimate of Cy is a direct

consequence of Lemma |6.4.21| and the regularity of mg. Then (6.4.30)) is deduced from ((6.4.29) and
(6.3.4)). O

Proof of Theorem[6.4.9. Inequality (6.4.10) holds true with Cp = 4E1L}, as a direct consequence

of Proposition Inequality (6.4.11)) is established in similar fashion to inequality (6.4.7). It
holds true with

aC

_ 2E-F
Cg:max{2E1L§c(1+L‘}) 23, C*}.
The theorem is proved. O

6.4.5 Discussion on convergence constants

In this subsection, we study the dependence of the convergence constants Cy and ¢y (appearing
in Theorem ) with respect to the viscosity parameter o and the Lipschitz constant L} of the
coupling term f€. First, let us recall the constant ¢(o, 8, M), introduced in (6.4.14]),

0(2];4i 1) P (0(2];4i 1)> '

It is not difficult to see that c(o, 8, M) decreases and converges to 1 as o goes to +0o. The constant

c(o,0,M) =1+

FE) is independent of ¢ and L5 by its definition (assuming that the change of L5 has no impact on
the semi-concavity constant of f€).

By the proofs in the previous subsection, we can give the following explicit formulas of Cy and
cp in Theorem (without using E; and Ej):

1 €20 — 1 1
Co = 4c(0,0, M)L5 <||m8|ﬂ2ﬁo + 2||Vm8||]%m> ’ ¢y = max {1 oaf( ) } ‘

~ 4c(0,0, M)LSE, " 2
(6.4.31)
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Lemma 6.4.23. For the constants in (6.4.31)), we have the following.

1. Fiz L and 0. There exists 0™ > 0 and C7 > 0, such that for any o > o*, we have
* c||2 1 cl|2
Co < C7 { [ImgllL~ + §||Vm0||]L°° ) Cop = 5-

2. Fix 0 and 0. There exists L* > 0 and C5 > 0, such that for any L‘J‘} < L*, we have

" 1 1
Co < O (Imili~ + 3IVmIE- ). co= 3.

Proof. Point (1) follows from the monotonicity of ¢(o,60, M) w.r.t. o and the fact that M is inde-
pendent of 0. We can take C7 = 5L for example. To prove (2), we first notice that if LS < 1, then
M < M*, where M* is defined by (6.4.2)), replacing L% with 1. The monotonicity of c(o, 6, M)
w.r.t. M shows that ¢(o,0, M) < c(o,6,M*). Since c(o,0, M*)L; goes to 0 as L goes to 0, we
prove the existence of L*, and C5 = 4c(o, 0, M*)L*. O

From the proof of Proposition we know that ¢y = 1/2 implies that A\, = 1 for any k£ > 0.
In other words, Algorithm is equivalent to the so-called best-response iteration, i.e., for any
k>0,
(mF L wktl) = BRy(m").
Combined with Lemma [6.4.23] we have the following observations.

1. High-viscosity case: let L; be fixed, if o is large enough, then the best response iteration has
a linear convergence rate with a factor 1/2.

2. Weak-coupling case: let o be fixed, if L? is small enough, then the best response iteration has
a linear convergence rate with a factor 1/2.

6.5 Numerical tests

6.5.1 Problem formulation

In this section, we consider an example of in dimension one. We identify the torus with
the segment [0, 1]. The initial distribution is concentrated around the point 0.5, the running cost
is a quadratic function of the control, and the terminal cost g(x) decreases to 0 as = goes to zero.
Additionally, we consider a non-local congestion term which penalizes the density of the agents
within the intervals [0.2,0.3] and [0.7,0.8]. We will refer to [0.2,0.3] U [0.7,0.8] as the congestion-
sensitive zone.

To model this situation, let us introduce the functions ¢4, € C*°(R) and ¢4, 1, € CP(R),
parameterized by A > 0, k£ > 0, 0 < [y < ls < 1 and defined by

varlx —l), ifx<ih,
Ak b(T) = Ae! ifl < <ly,

wak(z —12), otherwise.

1
Ae w7 if |z < L
(IDA,]C(LC) _ { ) k>

0 otherwise,
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Chapter 6. A mesh-independent method for second-order potential mean field games

The data of our one-dimensional MFG is parameterized by five positive numbers a1, ao, kg, k1, and
ko and defined by: For any (¢,z) € @, any v € R, and any m € D(T),

o (°(t,x,v) = %1)2;
® MG(T) = O1,k0,0.49,0.51 () /|| O1,k0,0.49,0.51 L1 ;
® 9°(T) = Bay ky,1/kr,1—1/ky (T);

o fo(t,r,m) = h(x) fol he(y)m(y)dy, where h®(x) = a, k,,0.24,0.25(T) + Pag,ks,0.75,0.76 ().

We take a1 = 2, ap = 20, kg = 10, k1 = 3, and ko = 20. The functions mg, ¢¢, and h¢ are shown in
Figure Moreover, we fix the viscosity coefficient o = 0.02 .

Data

— g

12 A
mg

101

Value
[=)]

T T T T T T
0.0 0.2 0.4 0.6 0.8 1.0
X

Figure 6.1: Data of the one-dimensional MFG with a1 = 2, as = 20, kg = 10, k1 = 3, and ko = 20.

We can verify that this one-dimensional MFG satisfies Assumptions [A] [C] [D] with the constants
in Assumption [A] satisfying
a%kg

a®=1 Lyj=0, Ly<aky, L}< o

Furthermore, [BLP23a, Assumption C, Appx. B] holds true for this example, which implies As-
sumption [B] for any r < 1 by [BLP23a, Thm. B.2].

6.5.2 Results

For the discretization of the system, we first choose the parameters

2

h

and we present the outcome of Algorithm after 1000 iterations of the GFW algorithm,
for step-sizes determined by line-search. For a better interpretation of the result, we also present the
solution of the problem obtained by removing the congestion term f¢, which is a simple stochastic
optimal control problem that can be solved in one iteration of the GFW method.
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6.5. Numerical tests

We present the equilibrium distribution of the agents in Figure (without congestion term
on the left, with congestion on the right). Note that the vertical axis corresponds to the time
variable and is oriented downwards. We also present the restriction of the equilibrium distribution
to the time interval [0.2,0.8] in Figure with another color scale. As the time progresses, the
agents are transported towards the target points 0 and 1. The congestion term leads to a reduced
density in the congestion-sensitive zone: We see two dark blue vertical areas corresponding to this
zone. We also see that at time ¢ ~ 0.35, a significant part of the agents is still located around 0.5
and has not crossed yet the sensitive zone, in comparison with the case without f¢. Similarly, we
present the optimal control v in Figure (without congestion term on the left, with congestion
term on the right). Unsurprisingly, the agents must have a high velocity (in absolute value) in the
sensitive zone. It is interesting to see that for ¢ close to zero and for the agents not that close to
0.5, there is an incentive to “rush” to the sensitive zone. Finally, we display the value functions for
the two problems in Figure In the present setting, note that the optimal control is the discrete
gradient of the value function.

We next investigate the convergence of Algorithm (for the same discretization parameters
as above). We execute Algorithm with 1000 iterations, utilizing the open-loop choice A\p =
2/(k+2) and the closed-loop choice (referred to as the line-search method). We present the
convergence results in Figure . Evaluating i, equal to J(myg,wy) — J(m,w) by definition, is
difficult since the exact solution (/m,w) is not known. On the other hand, the quantity 7y, which
serves as an upper bound of v by can directly computed in view of its definition, based
on (mg,wy) and (mg,wy). Therefore, instead of evaluating -y, we display the evolution of 7y, see
Figure 6.4, The two figures of Figure [6.4] are the same, with different scales for the horizontal
axis. In the left part of Figure we see that Algorithm exhibits a convergence rate of order
O(1/k*) for the choice A\, = 2/(k+2), which is better than the theoretical convergence rate O(1/k)
obtained from . In the right part of Figure a linear convergence rate can be observed for
the line-search case, as predicted in (6.3.7]).

Finally, we present numerical results concerning the mesh-independence of Algorithm|[6.2]applied
to (Theta-mfg). To see this, we discretize the state space with steps sizes: h = 1/250, h = 1/500,
and h = 1/1000. The corresponding step sizes for the time space are: At = 1/500, At = 1/2000,
and At = 1/8000. The convergence results associated with these discretization steps are displayed
in Figure 6.5l From the left part of Figure 6.5 it can be observed that the convergence rate of
Algorithm remains unaffected by the choice of h when Ay = 2/(k + 2). The right part of
Figure [6.5] shows that the convergence rate of Algorithm can even benefit from a refinement
of the discretization parameters in the line-search case. These results are consistent with mesh-

independence properties outlined in Theorems and
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Distribution m without congestion Distribution m with congestion

0.040
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0.8 0.8 0.010
0.005

10 10
0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0 0.000

Space Space

(a) Comparison of distributions in the time horizon [0, 1]: the case without f¢ (left), the case with f¢ (right).

0.008
Distribution m without congestion Distribution m with congestion 0.007

0.006

0.005

Time
Time

0.004

0.003

0.002

0.001

(b) Comparison of distributions in the time horizon [0.2,0.8]: the case without f¢ (left), the case with f¢ (right).

Figure 6.2: Distributions
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Time

Time

Optimal control v without congestion Optimal control v with congestion
0.0 0.0
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0.8 1
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(a) Comparison of optimal controls: the case without f¢ (left), the case with f¢ (right).
Value function u without congestion Value function u with congestion
0.0 0.0
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(b) Comparison of value functions: the case without f¢ (left), the case with f¢ (right).

Figure 6.3: Optimal controls and value functions
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Figure 6.4: Convergence results of Algorithm
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Résumé : Cette thése traite de I'analyse numérique et
des méthodes pour les probléemes d’optimisation et les
jeux potentiels impliquant un grand nombre d’agents. Nous
considérons des modeles asymptotiques obtenus par une
approximation de champ moyen; ils présentent des pro-
priétés de convexité d’un grand intérét. Nous nous concen-
trons sur les problémes d’optimisation agrégative de grande
dimension, pour lesquels la fonction colt dépend d’un terme
d’agrégat, qui est la somme des contributions des agents a
un bien commun. Nous nous concentrons également sur
des modéles potentiels de jeux a champ moyen (MFG), qui
sont des modeles asymptotiques pour les jeux différentiels.
La thése comporte quatre contributions.

1) Nous proposons une relaxation de type champ moyen
pour les problemes d’optimisation agrégative, obtenue par
randomisation. Une estimation d’ordre O(1/N) du saut de
relaxation est démontrée, ou N représente le nombre d’indi-
vidus. Nous développons et prouvons la convergence d’'une
variante stochastique de l'algorithme de Frank-Wolfe, ap-
pelée algorithme SFW, pour résoudre le probléme agrégatif
original.

2) Nous formulons une classe générale de problémes d’op-
timisation impliquant un ensemble de distributions de pro-

Titre : Analyse numérique et méthodes pour les problémes d’optimisation de type champ moyen
Mots clés : Commande optimale ; Champ moyen ; Equation de Fokker-Planck ; Algorithme de Frank-Wolfe ; Schéma de

babilités avec une marginale prescrite, égale a m. Nous les
appelons problémes d’optimisation a champ moyen (MFO).
Notre cadre contient les problemes agrégatifs relaxés ainsi
que certains MFGs potentiels en formulation lagrangienne.
Nous démontrons un résultat de stabilité par rapport a
une perturbation de m. Nous en déduisons une estima-
tion d’erreur pour une méthode numérique reposant sur une
discrétisation de m et I'algorithme SFW.

3) Nous introduisons un nouveau schéma de différences
finies, appelé théta-schéma, pour résoudre les MFG mo-
notones du second ordre. Nous donnons un résultat de
convergence précis pour le théta-schéma, d’'ordre O(h"),
ou h est le pas de discrétisation en espace et r € (0,1)
est lié a la continuité de Holder de la solution du probleme
continu et de certaines de ses dérivées.

4) Nous considérons la résolution de MFGs potentiels du
second ordre avec l'algorithme de Frank-Wolfe généralisé,
combiné avec le théta-schéma. Nous prouvons des taux de
convergence sous-linéaire et linéaire pour cet algorithme.
Plus important encore, ces taux posseédent la propriété
d’'indépendance au maillage, c’est-a-dire que les constantes
de convergence sont indépendantes des parametres de
discrétisation.

Abstract : This thesis deals with the numerical analysis
and methods for optimization problems and potential games
involving a large number of agents. We consider asymptotic
models obtained through a mean-field approximation ; they
exhibit convexity properties of great interest. We focus on
large-scale aggregative optimization problems, for which the
objective function depends on an aggregate term, which is
the sum of the contributions of the agents to some common
good. We also focus on potential Mean Field Game (MFG)
models, which are limit models for differential games. The
thesis consists of four contributions.

1) We propose a mean-field relaxation for aggregative opti-
mization problems, obtained by randomization. The relaxa-
tion gap is estimated to be of order O(1/N), where N re-
presents the number of individuals. We develop and prove
the convergence of a stochastic variant of the Frank-Wolfe
algorithm, called SFW algorithm, to address the original ag-
gregative problem.

2) We formulate a general class of optimization problems
involving a set of probability distributions with a prescribed
marginal m. We call them Mean Field Optimization (MFQO)

Title : Numerical analysis and methods for mean-field-type optimization problems

Keywords : Optimal control ; Mean fields ; Fokker-Planck equation ; Frank-Wolfe algorithm ; Finite difference scheme

problems. Our framework contains the relaxed aggregative
problems as well as some Lagrangian potential MFGs. We
demonstrate a stability result with respect to perturbations
of m. It enables us to derive an error estimate for a nume-
rical method relying on a discretization of m and the SFW
algorithm.

3) We introduce a novel finite-difference scheme, called
theta-scheme, for solving monotone second-order MFGs.
We give a precise convergence result for the theta-scheme,
of order O(h"), where h is the step length of the space va-
riable and r € (0, 1) is related to the Holder continuity of the
solution of the continuous problem and some of its deriva-
tives.

4) We consider the resolution of potential second-order
MFGs with the generalized Frank-Wolfe algorithm, combi-
ned with the theta-scheme. We prove a sublinear and a
linear rate of convergence for this algorithm. More impor-
tantly, these rates possess the mesh-independence pro-
perty, i.e., the convergence constants are independent of
the discretization parameters.
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