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ABSTRACT. Mean-field games arise in various fields including economics, engineering and
machine learning. They study strategic decision making in large populations where the in-
dividuals interact via certain mean-field quantities. The ground metrics and running costs
of the games are of essential importance but are often unknown or only partially known. In
this paper, we propose mean-field game inverse-problem models to reconstruct the ground
metrics and interaction kernels in the running costs. The observations are the macro mo-
tions, to be specific, the density distribution and velocity field of the agents. They can be
corrupted by noise to some extent. Our models are PDE constrained optimization prob-
lems, which are solvable by first-order primal-dual methods. Besides, we apply Bregman
iterations to find the optimal model parameters. We numerically demonstrate that our
model is both efficient and robust to noise.

1. INTRODUCTION

Mean-field games (MFGs) study strategic decision making in large populations where the
individuals interact via certain mean-field quantities [27, 26, 6, 28]. In an MFG, the decision
of each player depends on their state and interactions with, not just individual, but all other
players. MFGs are used to study the strategies of players at a macro level. In recent years,
MFGs have gained enormous popularity, starting to play vital roles in many research fields
including economics [2, 22, 4, 18], finance [17, 7, 8, 29, 23], engineering [13, 25, 19] and
machine learning [14, 38].

One of the typical MFG formulations is the following transport-related optimization
problem [6, 28]:

minimize (kinectic energy) + (regularization) + (final-time cost)
density,velocity

subject to (transport equation)
(initial density),
or written in math notation,

T
minimize / [/ 1vaGMvda:Jrf(p(~,t)) dt+G(p(-,T))
0 Td

P R%
subject to pr+ V- (pv) =0 (1.1)

p('v 0) = po,
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where the problem is spatially defined in the d-dimensional torus T¢ := R?/Z%, p : T x
[0,T] — R is the density distribution with its initial state set to pg, v € R is the velocity
field, Gps(z) is a d x d symmetric positive definite matrix (called the ground metric) that
determines the kinetic energy consumed in different directions, F : P(T¢) — R is a convex
functional that regularizes p, and finally G : P(T%) — R is a convex functional of the
terminal density distribution.

The objective in (1.1) is the sum of kinetic energy and potential regularization. In
practice, F(-) can be quadratic function or the convolution function as in maximum mean
discrepancy (MMD) [1], and G(-) can be indicator function in typical optimal transport
problem, or the distance between pp and its projection onto some convex set in [12]. The
continuity equation depicts that, the change of density mass equals to the flow-in mass minus
the flow-out mass. In other words, the density of players can be viewed as compressible
fluid.

In general, the MFG problem (1.1) has no closed-form solution. Existence and uniqueness
of a solution (p, v) have been studied under suitable conditions in [6, 28, 3]. There has been
great progress in numerically solving the problem on a grid [3, 5, 10, 11, 12] or in a neural
network [34].

We call (1.1) the forward problem and name the problem of recovering the ground metric
Gy and the cost functionals F from the observations of p and v the inverse problem. The
ground metric Gjs can depict the geometric structure of the sample space and decides the
kinetic energy. The cost functional F, when taking a convolution form with a kernel K,
can depict the total interaction energy among the players. When G; and F are unknown
or partially known, learning them from the observable data becomes an important inverse
problem.

In this paper, we recreate ground metric Gj; and convolution kernel K from either clean
or noisy observations of density distribution p and velocity field v. We study this problem
since p can be observed directly or indirectly over time, and v can also be measured directly
from the game players. There are two scenarios in which we consider observation noise:

e Players do not completely play to their optimal strategy, which can be different from
the Nash equilibrium (NE).

e We apply an MFG (with infinite players) to approximate decision-making by a finite
but large number players, causing a difference between the model and reality.

We take three steps to derive an inverse model in this paper. First, we deduce the
KKT condition, which is an MFG PDE system whose solution equals to the minimizer
of the optimization problem (1.1) under suitable conditions. Next, we add appropriate
regularization (quadratic regularization on p, v, and HP norm on the reconstruction target)
in the objective function. Combining above steps, we derive the following inverse-problem
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model:

.« 2, B 2, Q0 <2 A2y L Y
min - ||p— Elv - =0 (oo — = Lvee
Jin 2”0 plI= + 2||V v[© + 5 (Ileo = poll® + llor — o )+p|| 15

st. pe+V-(pv)=0
1 8
(Guv)e+V (QVTGMV — .7-"(,0)) =0

op
8(GMV)Z . a(GMV)] . .
8.%']' - 81'1 ’ ! 7& J

(1.2)

/ (Gyv)idS, =0, & eTd 1 i=1,2...,4d,
si(2%,)

where (Gv); and (G prv); denote the i'* and ;% component of vector G /v, respectively. In
this model, 0 is the parameter, which is either the ground metric kernel gy determining Gy,
or the convolution kernel linear in F determining the running cost. In objective function,
p,V are observations, possibly noisy, and the L? distance is applied for regularization. Then
we regularize 6 with HP norm, where p = 1,2, ... can be selected according to the property
of 0. Here the first equation is the continuity equation, and the second one corresponds to
a reformulation of Hamilton-Jacobi equation (HJE). We notice that the inverse model is
non-convex due to the bi-linear constraints though the objective functional is convex.

We numerically solve the inverse problem by discretizing (1.1) on a grid. The discrete
inverse model is solved by a primal-dual method on its Lagrangian. In each iteration, we
perform gradient descent to the primal variable and then update the dual variable with
gradient ascent. The algorithm converges to a saddle point of the Lagrangian, which is a
stationary point of the inverse model.

Related work: There are various approaches that successfully compute MFG (forward)
problems with applications. Based on augmented Lagrangian, [5] solves the MFG via a
primal-dual approach. [33] presents a parallel PDHG algorithm to compute the earth mover’s
distance, which is a special MFG type problem. [10, 11, 12] introduce fast algorithms for
the HJEs arising from optimal transport and MFG. [35, 15] propose fast algorithms for
Wasserstein-p distances. For applications, [16] applies optimal transport to seismic imaging,
to be specific, selects the Wasserstein metric as a misfit function for full-waveform inversion.
In addition, [24] presents an inverse problem learning the traffic dynamics model via an MFG
approach.

Recently, inverse problems for optimal transport have been studied. For example, [30]
proposes a unified data-driven framework to learn the adaptive, nonlinear interaction cost
functions in the matching process from data corrupted by noise and then make predictions
to new matchings. [37] proposes a framework to learn the unknown ground costs from
noisy observations during optimal transport. In particular, [30, 37] focus on the linear
programming formulation of inverse optimal transport problems. Compared to existing
works, we focus on PDE formulations of MFGs. Here the MFG system describes the
dynamics of agents, where we have observations about the motion and strategy adopted
by the agents during the game. Our observation is time dependent, which is different from
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the static joint distribution in [30, 37]. In addition, for MFG with interaction energy, MFG
dynamics can not be formulated as a minimizer of linear programming.

Here we summarize our contributions for MFG inverse problems as follows:

(i) We propose an inverse model for MFG. From the observation of feasible physical
quantities, we recreate both ground metric and the interaction kernel function.
(ii) We give a discrete format of the inverse problem on the grid.
(iii) We provide a computational method for solving inverse MFG problems in an efficient
fashion. Our approach is quite robust to noise in the observations.
(iv) We apply Bregman iteration methods for the proposed constrained optimization.

Organization: The rest of the paper is organized as follows. In Section 2, we briefly
review some MFG theoretic basics and present two MFG models. In Section 3, we deduce
PDE systems equivalent to the MFG models and present the proposed inverse models, one
for the ground metric Gjs, and the other for the convolution kernel K. In Section 4, we
discretize the MFG optimization problem (1.1) on a grid and do the same to their inverse
models. Then, we apply primal-dual algorithms to solve the inverse models. A Bregman
approach to improve the algorithm performance is also proposed. In Section 5, we present
our computational results for the inverse models in both 1 and 2 dimensions. The presented
results correspond to observations that are corrupted by noise at different levels.

2. REVIEW OF MEAN-FIELD GAMES

In this section, we review the theoretical basics of MFG and give two special examples:
regularized optimal transport and MMD interaction.

The standard potential MFG is already given in (1.1), where it has unknowns p,v. The
objective function is the sum of kinetic and potential energies, with an additional terminal
cost. The constraint is a continuity equation, depicting the macro motion of infinitely many
players that are approximated by compressible fluid dynamics. For simplicity, in this paper,
we assume the density distribution p to be strictly positive,

T
p e Po(T? x 0.7)) = {p(e.1) € (T x [0.7)) | pla.t) > 0’/0 /T ple,t)dadt < +o0},

also assume the terminal cost G in (1.1) is the indicator function of {pr}, and the final-time
state is given by pr.

Next, we introduce the KKT condition of (1.1). Let m = pv, the product of density
distribution and the velocity, denote the flux. Substitute v with m/p in (1.1); then, the
optimization problem is transferred to a convex problem. Take ¢ as the Lagrangian multi-
plier for the continuity equation. The Lagrangian of (1.1) is the sum of objective function
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and multiplied constraint violation:

1 T T
mln max/ / m GMm + o(V-m+ py)dzdt + / F(p(-,t))dt
Td 0

1 T T
_mlnmax/ / m GMm — Vol'm — g pdadt +/ F(p(-,t))dt +/ ppdzx
Td 0 Td

The optimization solution corresponds to a saddle point of the Lagrangian in density
space. Since the optimization problem is convex, p € 77+(Td) is strictly positive, the saddle
point is exactly the point where the variation w.r.t. primal/dual variables vanishes. Take
the L? variation to the Lagrangian w.r.t. m, p, ¢ over T% x (0,T). Then the KKT condition
of (1.1) can be written as:

t=T

t=0

G
EULL VP (2.1a)
p
m’Gym 6
_ o — = 2.1b
A+ 5T ()~ = 0 (210)
V-m+ p =0, (2.1c)
where § in (2.1b) is the L? variation. From (2.1a), we solve m with p, ¢, Gy as:
m = pGﬁV«p.
Substituting m’s representation of p, v, Gy into (2.1b)(2.1c), we obtain the MFG system:
pr+ V- (pG1; V) =0 (2.2a)
1 _ )
Ve G Vet o= T F(p) =0, (2.2b)

where (2.2a) is the continuity equation, and (2.2b) is the HJE . It describes the evolution
of the velocity field.

Remark 1. Equation (2.2) represents the mean field limit of finite players’ interaction
system [6, 28]. Let X ~ p denote a flow map, and P(t,z) = Vp(t,z). Then the mean field
game dynamics represents

dX

= Gu(X)™'P
% - VX< - %(P, Gu(X)7'P) + (SPESX)F(p))

Here F(p) refers to the mean field limit of the interaction energy among players.

Remark 2. Typical finite player games may involve noisy individual motions. Suppose that
the players are affected by i.i.d. Brownian motion \/23dB;, where 3 > 0 is a given diffusion
constant. In this circumstance, the continuity equation constraint in 1.1 is substituted by
Fokker—Planck equation:

pt + V- (pv) = BLp.
The Laplacian depicts the viscosity among particles during transport.
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Next, let us review two MFG examples. One is regularized optimal transport, and the
other is the MFG with interaction energy. Our inverse-problem models are designed for the
target parameters in each of them.

Example 1 (Optimal transport with regularization). For some F' convex, consider the
running cost F(p(-,t)) as

HWWzANW@W,

where m is the flux. Reformulate (

1 T
mlmmlze / / m’ Gym + F(p)dzdt
T¢ P

subJect to pp+V -m=0
p(0) =po p(-,T) = pr.

When F' = 0 and Gy = I, (2.3) is exactly the classical optimal transport problem. It
transfers one pile of mass to another with the least kinetic energy. The two piles have the
same total mass but different density distributions. The minimum kinetic energy of the
transport is called the Wasserstein L? distance between py, pr. In [33], F(p) = p?/2 serves
as a regularization, giving rise to strong convexity for optimal transport. With non-zero F,
we call (2.3) regularized optimal transport.

(2.3)

Remark 3. In optimal transport problem (2.3), sometimes, there exists a non-trivial ground
metric function G ;. Here Gy is a metric function on the sample space, which depicts a
distance function between two sufficiently adjacent points on the manifold surface. It is a
metric function on the sample space, depicting the geometric contour of the surface. So
Gjs is an important parameter in MFG, and we will learn this ground metric function from
observed population agents’ (particles’) motions.

Example 2 (MFG with interaction energy). Take F(-) as a convolution functional, also
named interaction energy:

Flplest) = [ 5ot s p)(a ), (2.4)

where K * p is the convolution of K with p defined as:

(K« p)(w.0) = [ Kyl by

Then (1.1) can be written as:

1m”G 1
mlnlmlze / / m Tum ip(aj,t)(K x p)(z,t)dxdt
Td
s.t. pt+V-m= 0
p(-,0) =po, p(-,T) = pr.

The interaction energy F(p) in (2.5) is related to the MMD, which is a widely used diver-
gence (objective) functional in machine learning problems. In practice, pg is source data,

(2.5)
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pr indicates target data. K is a convolution kernel. It induces symmetry as:
K(z,y) = K(y,2) = K(ly — #|qa), a,y €T, (2.6)

for some K : [0,1/2]% — R. We define |y; — ;|1 as the distance between x; and y; on
the 1-dimensional torus T, |y — x|ta = (|y1 — 21|T, [y2 — 22|15 - - -, [Yn — Zn|T)T. In physical
interpretation, F(p(-,t)) is the total potential energy attained by the particles in density
distribution p.

In practice, K is often taken as:

K (x) = exp <—XTAX> . xe€ [0, ﬂ d, (2.7)

€

where A > 0 is called the adaptation matrix and € > 0 is a scaling parameter.

The convolution kernel K(-,-) depicts the pairwise impact between the particles, which
relies on nothing but the relative distance of any two players. Once the kernel is fully
studied, we are able to tell the interactions between the players while scheduling routine,
thus predicting the dynamics of players under different time boundary conditions. In Section
3, we propose inverse models for the above examples.

3. MEAN-FIELD GAME INVERSE MODEL

In this section, an equivalent MFG PDE system is proposed. Based on the PDEs, we
develop two inverse-problem models to recreate the important parameters in MFGs.

3.1. Mean-field game system. Consider the potential MFG problem (1.1) on the d-
dimensional torus T? and time interval [0,T]. We derive an equivalent system of MFG by
Theorem 4. Before displaying it, we introduce the following integral path for simplification of
statement. Let &' denote x with the i*" element erased, & = (T1ye ey Tim1, Ty Tig 1y -+ -, Xg) €

T=1. Path s;(#, ) is defined as:
si(2%,8) = (T1,T2, ..., Ti 1,8, Tit1s---,Tn), &€ [0,1].
Theorem 4. Suppose G in (1.1) is an indicator function of {pr}. Assume (1.1) has a

positive solution p € Py (T x [0,T]), and the dual variable ¢ has continuous second-order
mized derivative in T¢ x [0, T):

Pupays Prit € C(TT X [0,T]), i #j.
Then, (p,v) is the minimizer of (1.1) if and only if it is the solution of PDEs
pr+V-(pv)=0 (3.1a)

(Guv)t+V (;VTGMV — 5.7:(/))) =0 (3.1b)

op
8(GMV)Z 8<GMV)J

J )
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/ (Gyv)idS, =0, & eTi 1 i=1,2...,4d, (3.1d)
Sz(ilv)

where boundaries p(-,0),p(-,T) are set to py and pr.

Remark 5. Theorem 4 claims the equivalence between (1.1) and (3.1). The deduction
allows the MFG optimal solution to be represented by PDE constraints only with density
distribution and velocity field p, v. Based on this formulation, we develop an inverse problem
to recreate the parameters, such as ground metrics or kernels, with feasible observations.

Now let us give the explicit form of §F(p)/dp in specific cases. In Example 1,

6F () _
—= =F'(p).
5 (p)
In Example 2, the L? variation to the MMD regularization can be written as:
1)
FP) _ pe )
op

which is the convolution of K and p. The rigorous proof of Theorem 4 is given in Subsection
3.5.

3.2. Inverse model for ground metric. We first look into the inverse model for Example
1. In this case, we are aiming at recreating ground metric Gps(x), which only depends on
the spatial location. For G, we further assume there exists a metric kernel go : T¢ — R
such that:

Gu = (9ij)axd = (fij(90))dxd; (3.2)
with mappings fi;; : R = R, f;; = fj; given. Note that f;; are functions not explicitly
depending on location x. The selection of f;; is flexible. They can be linear or non-linear

functions. We have introduced g to replace Gy, and this has reduced the dimension of
the unknowns. Now our inverse problem model is to learn the metric kernel gq.

Model 1 (Inverse Model for Ground Metric). In (2.3), let ' : P(T¢) — R be known, and the
ground G can be represented by metric kernel gg as in (3.2). Then using the observations
p, v of density distribution, velocity field, and the boundary observations pg, pr from mean
field games, we can define the following optimization problem:

L« a2 B o . 112 A 12 v
min —|lp — v — = — _ BA\vANIlZ
min Slp = Al + SV =9I+ 5 (leo = Aol + llpr = prl )+pH g0l

(Guv)e+V (;VTGMV - F/(P)> =0

s.t. 3(GMV)i _ 8(GMV)]' . .
Iy i 7]

(3.3)

/ (Gav)idS, =0, & eT¥ti=1,2,...,d
Sl(il,)
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where || - ||? is the squared L? norm in the corresponding space (p,v in T x [0, T], while
po, pr in T?). ||Vgol/h is the H? norm of the metric kernel go over T¢, p > 1. Parameters
a, ag, 3,7 are scaling indices.

Remark 6. In the model, the value of p can be selected according to the property of go.
If go is smooth, we let p = 2. When g is sparse, we usually choose p = 1, giving rise to the
total variation (TV) regularization.

Remark 7 (Mean field observation). In practice, there are also many alternative options for
the objective function to regularize the distance between (p, v) and (p, v). For example, one
can replace the L? norm of vector fields ||[v —¥||? by [ [ p(t,x)||v(t,z) —¥(t,x)|?/2 dzdt. In
this formulation, one only needs to fit the vector fields based on the current observation of
density. Then, we replace the L? norm of density distribution ||p — p||?> by Kullback-Leibler
(KL) divergence, and the objective function becomes:

T T N
a/ / ploggdxdt—i—/ / B||v—\7H2dxdt+ao (/ Po log'?—odx—i—/ prlog Pr d:c) + 1||Vgo||£.
o Jra p 0 Jra 2 T4 po T¢ pr p

(3.4)

In this scheme, de p(z,t)dx = 1, where p is a probability measure.

Remark 8. It is also worth mentioning that there are other important regularizations in
practice, for example, the LP—Wasserstein metrics.

3.3. Inverse model for convolution kernel. In this section, we introduce another inverse
model for Example 2, which is to learn the kernel in interaction energy.

Model 2 (Inverse Model for Convolution Kernel). In (2.5), suppose the ground metric G s
is known. The convolution kernel is symmetric as in (2.6). The observations are density
distribution p, velocity field v, and boundary observation gg, o7 from the numerical result
of a single forward MFG problem. We design the inverse optimization model to learn the
kernel K over [0,1/2]%:

o
2
pt+ V- (pv) =0

) . B . ap R R Vo £
min —[p— p|* + §HV —V|*+ o (Ilpo — poll® + [lor — PT”2) + ;HVKHg

PV

1
(GMV)t +V <—K * p+ 2VTGMV> =0

s.t. a(GMV)Z B 8(GMV)J . .
g, om i

/ (Gyv)idS, =0, & eT¥ti=12...,d
\ Si(iliv')
where || - ||? shares the same definition as in (3.3), and |[VK]|} is the H? regularization on

the kernel K over [0,1/2]%, p>1,p € Z.

Remark 9. We note that, due to the symmetry of K on the torus, we simply study K over
[0,1/2]%. Similar to Model 1, p can be selected as different positive integers based on the
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property of K. Since K is often taken in the exponential quadratic format (2.7) in MFG
interaction, we always assume K is smooth as a priori and p = 2 is a common choice for
the regularization on the kernel.

3.4. KKT condition for inverse model. In this subsection, we show the KKT condition
of the optimization problem (3.3) in Model 1.

We consider the optimization problem (3.3) in 1-dimensional space, i.e. d = 1. Taking
Gy = go, p = 2, we have the theorem below.

Theorem 10. Consider the optimization problem:

minimize j(pa U, P05 PT'5 ﬁa {}7 /307 ﬁT) + 1 ”(GM)xH% (36&)
Gl\lvpzv 2
pt + (pv)z =0
1 2 / _
s.t. 4 (Garv)et <2GM” —F (p)>x =0 (3.6b)
/ Gyodr =0
T

J is the regqularization on p,v, as in objective function of (3.3), or the reqularization in (3.4).
Suppose %j, %j exist, assume p € Py in the model. Denote the Lagrangian multiplier as

(®,4). Then the minimizer (p*,v*,G4,) of (3.3) with certain multiplier (®*,*) solves the
following PDFEs,

%7 — & — Qv+ 9 F(p) = 0
j thM (bmp wwGMU =0 (37&)
Y (CM)zw — [} v dt — [ S0 dt + ol =0

5,00*7 ®(z,0)=0 (3.7b)
5T + @2, T) =0
P(x,0) =9¢(z,T) =0 (3.7¢)
constraints in (3.6b). (3.7d)

Proof. The Lagrangian of (3.6) can be written as:

min max J (p, v, po, p1; f> 0, po, PT) + *H !2+/ / (pv)e + pt)
pv,Gp @,y

+ ¢ ((GMU)t + (;GMU2 - F’(p))g) dxdt

T
— win maxJ(p, v, po, pri 0, pos pr) + LUI(Gan)ell2 + / / “Bupu— By — G
pv,Gyr @0 2 0 JT
T

— Uy <;GM112 — F’(p)> dxdt + / ®p 4+ YGpyvde
Td

t=0
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By computing L? first variation to p,v over T x (0,7T), Gys over T, we have (3.7a). By
computing derivative of pg, pr over T x {0}, T x {T'}, (3.7b) can be deduced. (3.7c) comes
from the derivative to v(x,0),v(z,T) over T. (3.7d) is the original constraints. O

3.5. Proof of Theorem 4.

Proof of Theorem 4. Once the solution to (1.1) is strictly positive, we have the KKT condi-
tion of (1.1) as (2.2). Due to the convexity of (1.1) by taking m = pv and the assumption
that p being positive, minimizer of the optimization problem equals to the solution of PDE
system (2.2). Thus our goal reduces to prove that (2.2) and (3.1) share identical solutions
under the continuous assumption of ¢.

Note w = V. The HJE (2.2b) can be written as:

0 1 _
%]‘-(P) - §WTGMlW = .
Let 5
L o1—1
Since ¢ has a second-order mixed derivative in T? x [0, T], we can substitute HJE with
ow; Ow;
—0 i j . .
wy + v€ ) 8.%'J 8.%'1 y 7& s

where w;, w; are the i'" and j** component of w. The MFG system is transformed into:

pi+ V- (pGyfw) =0

811)2' o a'wj . .
8xj - 8.%1‘ ’ ! 7& J

Due to non-simple connection of the domain T?, for compatibility, the integral of w; on
path s;(Z",-) equals to O:

/ widSy, =0, #eT¥'i=1,2,...,d

Since m
vV=—= GleVgo = G’X}w,
0

substituting w with Gsv, (3.8) can be reformulated into (3.1). Thus (p, v) is a solution to
(2.2) if and only if it solves (3.1). The theorem holds. O

Remark 11. We notice that if G is an indicator function, the forward problem forms the
classical dynamical optimal transport problem, and our inverse model forms the inverse
dynamical optimal transport. When G is a general functional, then our forward problem
forms the classical mean field game problem, and our proposed model is the inverse mean



12 DING, LI, OSHER, YIN

field game problem. We also emphasize that above models share the same PDE system,
expect for different boundary conditions on both initial and terminal time.

4. DISCRETIZATION AND RIGOROUS TREATMENT

In this section, we derive the discrete format of the inverse problem in adaptation to
the discrete forward problem. Furthermore, the primal-dual algorithm to solve the discrete
inverse problem is provided.

4.1. Discretization. In computation, we have to deal with the MFG problem in the dis-
crete format. In this subsection, we use a finite volume discretization to approximate the
continuous problem on the grid. Without loss of generality, all the work is done in 2 di-
mensions.

We discretize the problem on our dual variable ¢. Consider an m x m x n discretization
on the torus T? x [0,7T]. Here m x m is the size for spatial discretization, while n is the
size for time discretization. We approximate the space-time domain T? x [0, T] with points
{z1, 22, ..., xm} X{Y1, Y2, - -, ym } X {21, 22, . .., 2n}. Take Az, At as the size of spatial-time
element. Define the cube as:

Az Az At

C(UC,% Z) = {(xlay/) € Tzazl € [OvT] ’ |.%' - wlhf < 77 ’y - y/‘T < 77 ‘Z - Z,‘ < 7}
We further define the 2-dimensional box:

Az Az
Cla,y) ={@"y) € T o —a'le < =y —v'le < 51

For simplicity, let V' denote the set of subscripts for all the grid points in space, which is
modulo m in the torus topology:
V=A{L2,...m} x{1,2,...m}.

Here (i1,i2), (i},1)) € Z? represent an identical point in V if iy = i{( mod m),is = i(
mod m). We define V' as:
V:{O,l,Q,...,L%J} x {0,1,2,...,L%J},

which is our discretization of [0,1/2]2. Let e, be the unit vector in positive direction for
each axis. In 2 dimensions, there are two such vectors: e; = (1,0),e2 = (0,1). Slightly
abusing the notation, we define:

C(i,§) = C(wiy, ¥in, %), 1€V, j=1,2,...,n,

| At . .
C(lv.]_7):C(xi17yi27zj_7)a ZE‘/?.]:1727"‘7H7

2 2
. 1 At
C(’L,’I’Z + 5) = C(l‘ipyiga Zn + 7)7

O+ 5) = Cl(ai ) + Dren/2.7)), i€ Vij=12..n,
C(l) = C(xilayiz)’ (XS V7
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where i = (i1,1i2) contains 2 elements.
Next we define m = (my, my)?, p, v, o, Gy in the discrete sense:
fC (i) o(x, t)dxdt
e VoI(CG: >> |
fc (ij—1y P, t)dwdt

1€V,i=12,...n,

, L ieVi=12...n+1,
Pii=3 Vol<c<z,.7 - ’
fC(z‘+e1/2,j) mg (z,t)dzdt
Mgiter /2,5 | _ Vol(C(i+e1/2,9)) i eV.i=1.2
< Myt eno ) ey moeode |5 TEVI=120m
Vol(C(i+e2/2,7))
My iter /2,5 My,itea /2, . .
Ugiter /2, = ﬁa Uy ites/2,j = ﬁ, 1eV,j=1,2
L)~ 3 L)~ 35
~ Ga(x)dx (x,y)dzdy
Gai= Je i€V, Kiy= Je Jow K ii' eV,

T T Area(C(i)) Area(C(i)) - Area(C (i)
where Vol(-) is the volume of a cube, and Area(-) is the area of a box. Due to the symmetry
of convolution kernel K (-,-) : T% x T¢ — R, it is safe for us to study K(-) : [0,1/2]* — R
only. Let us denote the discretization of the single argument convolution kernel as:

Ki=Kjiyj, i€V,jeV. (4.1)
The selection of j is arbitrary. Furthermore, without causing confusion, we note

Miter /2,5 = Majiter /2,5 Mites/2,j *= My,ites/2,55
Vite1/2,j ‘= Vzjite1/2,j5 Vites/2,j ‘= Vyjites/2,5
to simplify the symbols. We take the discrete format of p; and V - m as:
(pt)ij = <pi,j+2 Pun) /Ot (V-m); =) (mH%”,j - mif—,') /A
€y
. o T o
Set the discretization of [y F(p(-,t))dt as 377 _, .F({p.vj_%})At. Take G as indicator func-
tion. It can be relaxed into the constraint, in discrete format, p; ,, | 1= PTis 1 € V. Finally,

for notation simplicity, let (), denote a vector whose elements take over all the positive
direction e, in order. For example, suppose a variable 7; ; is defined on the d-dimensional
grid.

(Miteui)o = (Mitergs Nives s - - > Mikeai) -
Based on the discretization above, (1.1) can be written as:
! G
. 1 (M), Oons (mivep), 1
W 22 s * L F e V5
i€V j=1 v:J 7j=2

s.t. (,omﬁrf )/At+2( Mijew j—Mm i_%J)/Ax:O

pi,% = P0,i; ﬂi,nJr% = PTyi»
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where {po.},{pr.} are given beforehand. We give explicit discretization of F(p(-,t)) for
our examples. In (2.3), F(p(-,t)) is the integral of F(p) and discretized as:

) = ZF(pM%)AmQ, i=2,3,...,n
icV
In (2.5), F(+) is a convolution function of p, whose discrete format can be written as:

Flpy i) = 5 3 SKG:Opy oy o' 7=230m

eV i/ EV

4.2. Discrete mean-field game system. With the discretization in Subsection 4.1, we
derive a discrete format of inverse problem (3.1) compatible with the discrete potential
MFG (4.2).

Theorem 12. Suppose that (4.2) has a strictly positive solution {pij_;}. Then, the tu-
% 2
ple ({pijfl}7{mi+%’ ;1) is a minimizer of (4.2) if and only if the corresponding tuple
I 2 I
({p; -1}, {UH% ;1) is the solution of following discrete MFG system:
. 2 2

(&, 1 —& . 1 (Wiyen o — (Wiyew ;1)
7‘+8’U7] 2 2y 2 /L+27.] v 7‘+2a] v . .
= =2,3,...
( N >+< N, 0,1€V,j y3,...,m
v

<pm+% —pm_%> /At—i—z (mi+e7v7j - mi_%7j> /Ax=0,1€V,7=1,2,...,n
=29}

Wit ptewy ~— Wit Wit Pe,j ~ Wit
Az Az ’

Zw =0 iy=12.. sz+2J i1=1,2,...,mj=12...,n

(4.3)

ey Fewt €V, j=12,....n

with tnitial and terminal states set as:
pi,% = P0,i, pz-,m_% = PTyi-
In (4.3),
(wi-‘r%],j)'u :GM7i<vi+67v,j)v7 (RS V7] = 1,2,...”,
1 0 1
gi’j_% = 2( i+ ) GMZ( i+%,j)v - aipl]:({pﬂ_%})@

Proof of Theorem 12. We start with the discrete potential MFG (4.2), whose Lagrangian
can be formulated as:

" {1( i+ j) GM,i(miJr%”,j)v

2 Pij—1 i ((pi7j+% - pm-_%) /B
(4.4)

5 (g s) /m> } 3 F o, g
=2
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G
H‘ M’ My > ,J ©i.5— 1 Soz,j Pin
Y3 S ORI W
i€V j=1 L= 1€V j=2 eV

%1/%',% +ZZ (@i,j _Asf;i+eu7j>v (m Z+ij +Z]__ {p )Al

eV i€V j=1

(4.5)

In (4.4) and (4.5), {pi’%} and {pww%} are fixed.

Taking derivative to the unknowns p; j-1s Migey and ¢; j, we obtain the discrete KK'T
condition:

( (s en
Gari(Mitep j)o <<;0i,j — Pite,,j

+ ) =0, 1€V,j=1,2,...n
Pij—3% Ax v
B l(miJr%“,j)vTGM,i(mi+%’,j)v i Pij—1 — Pij n 0 ({ ' 1}) 1 —0
2 pm;%2 At apw77 Pi=33) A2 T (4.6)

1e€V,j=2,3,...,n

(pi,j-&-f Pij—1 )/At+2( l+mj_mzf*j)/A:U:OviEth:l’Q""’n

whose positive solution is the minimizer of (4.2). Solving the first equation in (4.6), we are
able to get:

-1 [ Pitesj — Pij . .
(m+@7)yzp _1G]\41<> 9 Ze‘/,jzl,Q,..-n
T b3 i Ax .
Let

( Z-‘re; 7]) <W> == GM,i(Ui+57U7j)v7 1€ ‘/,] == ].,2, ..o n.
v

Substituting the solved (m;, w /)y into the second and third equation of (4.6), we have:

1 T 1 Pij-1—¢ij 0 1 _
i€V, j=23,....n

<pi,j+% _pZ,J—%> /At—FZ(m,H_%)J —mi_%)d') /AI':O, ’L & V,] = 1,2,...,”
(&)

\(mH%v,j)U:pw éG ( ’H—%ﬁj)"” 1€V,i=12...n

Take

1 T -1 9 !
gi,j—% = i(wi+%v,j)v GM,z'(wH%”,j)U - aipz}—({pf%})@
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Then the equivalent equations derived from mixed second-order discrete derivative of ¢ can
be written as:

$iten i1 — & -1 (Wigew ) — (Wipew i_1)

U, 2 7.] 2 Z+27] v Z+27.] 1 v . .

= :2 e

< Az + N 0,2€V,j S T ()
v

(4.8)
Wi ev e j W4 v 7 Wiy ew 4o j W; 4 ew 7
2 w s, 2 2 VU, 2 . .
N = N , ey FepteVi=12....n

The second equation in (4.6) can be substituted with (4.8). Besides, due to T%’s non-simply
connection, for i = (i1,1i2), we add another constraint for compatibility:

E wz’—i—%,jzo’ o=12,....m,5=12,....n
i1

ZwH%jZO, h=12....mj=12...,n.
72

Combining (4.8), (4.9), and the first equation in (4.7), we get (4.3). Thus the minimizer of
(4.2) equals to the solution to (4.3). The theorem holds. O

Remark 13. In (4.3), {{; ;_1

’ 2
p,w. Here (4.3) is a system purely consisting of discrete p,v and transport parameters,
G, K, etc. Taking (4.3) as constraints, we are able to design a discrete inverse problem to
learn target parameters with feasible observations of p, v.

1 {miJr%u’j}, {'LUZ‘+%)7]'} can be totally represented by discrete

4.3. Inverse problem in discrete format. With the discretization in Subsection 4.1
and discrete MFG system in Subsection 4.2, we are able to design a discrete format inverse
model to learn the metric kernel.

Model 3 (Discrete Inverse Model for Ground Metric). For the regularized optimization

problem (2.3), assume that the running cost functional F is known beforehand, and suppose

the observation of density distribution {p, -1 bhieV,j=1,2,...,n+ 1 and velocity field
’ 2

{(@H%’,j)v}a 1€ V,j = 1,2,...,n is available. In the observation, {[}7%} and {pAﬂH%}
denote the initial /terminal discrete density distribution. Then we have an inverse model on



A MEAN FIELD GAME INVERSE PROBLEM 17

the grid as follows:

n+1
. a ~ 2
min » Y (pm—l - /’m‘—l) + ZZ Vitep j)v = (Diggp )l
90,p,v 2 2
i€V j=1 eV j=1
o NERY . 90ite, — 90.i|”
#3 5 (( = 200) "+ (g =) ) ORI

i€V ey

( §i+ev,j—% - gi,j—% n GM,i(Uz‘Jr%v,j)v - GM,i(vi-‘r%’,j—l)’U —0
Az At ’
v

1e€V,7=2,3,...,n

Wit tey,j = Wit 5 Wipew e, j — Wipew j . :
: Ax ) - ) Ax : 761}7&6111’16‘/7]:1’2""’”
Zwﬁ‘gvj 0, 2=12,... Zw’ﬁ‘QJ 0, wn=1,2...,mj=12....n
(4.10)
where

o 3o GariVigey j)o — F'py;_1), i€V,j=23,....n
(wi+%",j)v = GMﬂ;(Ui+%J,j)U’ 1€ VY,] = 1727 - n
(v’i-‘r%),j)U? Z€V7j: 1727"'7n

Note that in (4.10), discrete £, w, m are auxiliary variables for the simplicity of statement,
and they can be totally represented by discrete p, v, gg, the unknowns in the inverse op-
timization problem. The selection of p is also flexible as in continuous model (3.5). The
model is adaptive to the prior properties of go.

Similar to Model 3, following the idea in Model 2 and applying the discrete system (4.3),
we develop a discrete inverse problem to learn the convolution kernel:

Model 4 (Discrete Inverse Model for Convolution Kernel). In the interaction energy reg-
ularized MFG (2.5), we assume the ground metric G is known, and the observations
{ﬁi’jfé},i e V,j =1,2,...,n+ 1 for density distribution and {(fJH%vJ)U},i eV,j=
1,2,...,n for velocity field during the game are given. Here {ﬁ,%}a {PA.,,W%}, standing for
the initial/terminal states observation, are also known. With the information above, we
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can construct an inverse model to learn the convolution kernel K as follows:
n+1

2
5 2
mmzz <p”]“ pw*%) +ZZ Vit ep j)v = (Dipep j)oll
KPUzGV] 1 eV j=1
> ~ |P
2 9 B _ R
% ) vy i+ey 3
g o) 5
i€V {ev]ite, €V}
§i+ev,j—% o ‘Ei,j—% . GMJ'(UH-%”,j)v - GMJ-(UH%UJ_I)U 0
Az At )
v
1eV,j=2,3,...,n
5.t (Pz‘,j+% - P@j-%) JUANES Z <m,-+e7u,j — mi_%v,j) /Ax=0, icV,j=1,2,...,n
€y
Wit te,,j — Witspj  Wipie,j — Wipew j . .
) 2 eij K5 2-7: 7 2 eij 7 2‘776”%611”7/6‘/:]:1,2,.”7”
Zwri‘iji ) '5.2:172’- ZU},H_ZJ* , 7;1:1,2,...77717]’:172“_’”
(4.11)
where
1 o ; . .
€y = 20 Ol o= 3 Ky B0, i€V,5=23,
eV

(wi+€7v7j)v = GMJ(UZ'-F%’J)’U? Z & V,] = 1, 2, oo n
(mi+%”,j)v = pi,j—%(v’ﬂr%,j)v? eV, j=12,....n

The relationship between discrete K and K is shown in (4.1). Here (4.11) is a model
learning the convolution kernel in MFG with interaction energy with fully observation of
p,v. We target on solving unknown discrete variables p, v, K in the optimization.

Remark 14. The four constraints of (4.10) and (4.11) are in discrete differential formats.
The first and the third constraints are bi-linear in p,v,Gjs or K, while the second one is
close to being bi-linear except a quadratic term in £. Furthermore, we notice that, once the
Lagrangian is deduced, the difference operator can be transferred to the dual variable via
integration by part.

4.4. Algorithm. In this section, we present the algorithm for solving the optimization
problems in Model 3 and Model 4.

We apply a primal-dual algorithm to solve the discrete optimization problem. To better
illustrate our algorithm, we reformulate the optimization problem as:

minimize f(p, v, 0)

IAS)

st. c(p,v,0)=0, i=12....r
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where f(p,v,0) is the objective function, 6 is the parameter to be recreated, which is gg in
Model 3 and K in Model 4. Here ¢; is constraint function, and r indicates the number of
constraints. In both of the models, we have 4 constraints.

Write the Lagrangian:

L(p,V, 9; {1/%}::1) = f(p?va 0) + Zci(pavy 9)¢z:

i=1
where 1; stands for the dual variables or Lagrangian multipliers. In the primal step, we fix
the dual variable and update the primal one with gradient descent:

( )
P = o TpaL(pk,vkﬁk; {¥5}iz1)
1)
VI = vE Lo VR 0 {0 ) (4.12)
1)
08t = 08—y L(0* 08 )

The parameter 7 is the descend step size. In practice, we sometimes take step length
Tp, Tv, Ty as different values, thus getting a better convergence rate. Next, we update the
dual variable while fixing the newly updated primal variables:

PP = F foei(pt v, 0%), i=1,2,...,r, (4.13)
where p*, v*, 0* are defined as:
p* — 2pk+1 _ pk‘7 V* — 2vk+1 o Vk, 0* — 20k+1 _ ak‘ (414)

Also o is the step size. This follows the format in primal-dual hybrid (PDHG) algorithm [9].
The pseudo-code is shown in Algorithm 1. The detailed iteration steps for Model 3 are given
in Appendix A.

Algorithm 1 Primal-Dual Algorithm

Input: the observations p, v, all the scaling parameters «, g, 3,7, the norm index p,
and other prior known parameters in the inverse model. Input the iteration parameters

TpsTv,T0,0-
Initialization: Set p > 0, v=20, 6 > 0.
for k=1,2,... (until convergence) do

Primal step:
Update pF*1 vA+1 gF+1 agin (4.12).
Dual step:
Update p*,v*,0* in the dual iteration as in (4.14).
Update dual variables wfﬂ as in (4.13).
end for

Remark 15. The spatial discretization and primal-dual iteration make the algorithm par-
allelizable. Both primal and dual updates reduce to parallel subproblems, which enables
high computational efficiency.
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Typically, a, B can always be taken as 1/[|p||?,1/||¥||?>. However, there is little known for
the selection of 7 in (1.2). To avoid the choice of 7, we can apply Bregman iteration [36, 39].
We can start with a sub-optimal choice of v and get a better recreation of the target pa-
rameter 6 after some iterations. We consider problem (1.2). The idea of Bregman iteration
is as follows. Let

YORSE

and the Bregman divergence between 6 and 6 is defined as

with some q € 0J (é) being a subgradient for J at 6. Set q° = 0. In each Bregman iteration,
we solve the following optimization problem:

. 1 a . B A Qg A A
min DY (0,6 + < |lp— p1* + SIv —¥I*+ = (lpo — oll® + llor — pr%)
0,p,v 2 2 2

st. ci(p,v,0)=0. i=1,2,...,7.

(4.15)

By applying the primal-dual algorithm to (4.15) in I*" step (similar to Algorithm 1), we
obtain an approximate minimizer (61, p!*' v!*1) and the corresponding dual variable

{wﬁﬂ}gzl. Then we update g’ as a subgradient of J(-) at #'*1. According to KKT condition,
T
0
I+1 ! Z 41 L gl 141
068J(9+ )_q +i:1 %Ci(p+ 7V+ 70+ )1/]1+ .

So we take g'*! =q' — Y1, %ci(pl“‘l,vlﬂ,ﬂlﬂ)@bfﬂ to have g/*! € 9pJ(6"1). We run
several Bregman iterations until the numerical result converges.

Algorithm 2 Bregman iteration

Input: the observations p,v, all the scaling parameters «a,ag, 5, the norm index p,
and other prior known parameters in the inverse model. Input the iteration parameters
Tpy Ty, T, 0, 0.
Initialization: Set p as some suitable constant > 0, v = 0, 6 to be a positive constant.
Set q° = 0.
for 1=0,1,2,... (Until converges) do
Solve (4.15) with primal-dual algorithm, get (6'T!, p!*! v!*1) and the dual variable
(Wi
Update ql+1 — ql . Z::l %Ci(pl+1,vl+1, 9l+1)¢§+1‘
end for

5. COMPUTATIONAL RESULTS

We have tested both Model 1 and Model 2 with Algorithm 1. We used the numerical
result of the forward problem (4.2) as the observations in our inverse-problem tests. This
was to recreate the corresponding parameters, the metric kernel gy and the convolution
kernel K from the full observations of j, v.
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The scaling parameters in the model, in several tests, were taken as

1 1
RS

In other words, the unknown variables density measure and the velocity field in the models
were scaled to the same size according to their observations. It was hard to pre-select ~.
Thus in the test, we took v in a wide range. The parameter p was determined according to
the properties of the ground metric and the convolution kernel. If the regularized variable
was smooth, p = 2 was used. When the target variable was sparse, p = 1 was chosen.

a=qy=

(5.1)

In the computation test, we made the assumption that some minor information about the
parameters go, K was known beforehand to reduce the uncertainty during the iterations.
The details are covered below with each example.

In our test for Model 3 to learn the metric kernel go, we took F(p) = p%/2 in all of our
tests. In the test for Model 4, the real kernel K was always taken as the standard form
K(x) = exp(—xT Ax/¢) as in Example 2.

The observations p, v were noised to different extents by i.i.d. additive noise on each
pixel. The noise subjects to a uniform distribution and relies on the norm of p, v:
e, ~ €'|pl| - U[-0.5,0.5] i.i.d.
ey ~ €*||V|| - U[-0.5,0.5]¢ i.i.d.,
where €* > 0 is the noise factor, U[—0.5,0.5] is the uniform distribution between [—0.5, 0.5],

and U[—0.5,0.5]? is the uniform distribution in [—0.5,0.5]%. Our codes were written in
MATLAB.

(5.2)

Test 1. We tested Algorithm 1 in 2 dimensions. No noise was impacted on the observed
data. We took G as the linear form of go:

[ go+4 go+2
q“”‘<m+22%+1>

We discretized the problem on the 50 x 50 x 30 grid. The square space was uniformly
scattered into 50 x 50 boxes while the time [0, 7] was scattered into 30 elements. Beforehand,
we had information about g in a single pile of pixels. The values of gy at boxes {C(1,-)} were
obtained. For the scaling parameter, we took o = 103/||5|%, 8 = 1/||¥]|?, 0 = 0,7 = 1072.
Supposed that the real metric kernel was smooth, we took p = 2. The iteration step sizes
for the primal variables were 7, = 7, = 1076, Tg = 10~%, and the step size for dual variables
was o = 107%. We let it run for 2 x 10° iterations and observed the variables have converged.
The result is displayed in Figure 1.

Test 2. We tested the 2-dimensional based inverse model for the convolution kernel.

In this example, we tested Algorithm 1 on 2-dimensional based Model 4. No noise was
impacted on the observations. The real kernel for the forward problem was taken as:

K(x) = exp <—XT ( i >x/0.5) .
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FIGURE 1. Ground metric recreated in 2-dimensional basis under H? regu-
larization. From left to right: go learned from the observations, real gy, the
absolute difference between the learned go and the real data |gy — go|.

We discretized the problem on the 24 x 24 x 30 grid. We had information about K in
a single pile of pixels. For the scaling parameter, we took o = 100/|p|/?, 8 = 1/||¥|?, a0 =
0,7 = 1073, Assumed that we knew the kernel being smooth as a priori, we took p = 2.
The iteration step sizes for the primal variables were 7, = 7, = 10*5,Tg = 1073, and the
step size for dual variables was o = 107°. We took 1.5 x 10° iterations. In observation, the
variables had converged after these iterations. The result is shown in Figure 2.

1 1 0.2
3 i
0.5 O 0.5 0.1 £
. “ 00/ . N h “ / . "\ ,7/‘ ‘“
A \ ) NS
NN 1 A v}\“'q’;{//'f'f‘“
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FIGURE 2. Convolution kernel recreated in 2-dimensional basis under H?
regularization. To have an overview of the kernel on T?. We recreated
the K(x,0) on [0,1]? with the learned K on [0,1/2]?. From left to right:
kernel K(z,0) learned from the observations, real kernel K,eq(z,0), the

absolute difference between the learned parameter and the real one | K (z,0)—
Kreal(xa 0)|

Test 3. Then we investigated the case where noise was impacted on our observation. We
tested examples in 1-dimensional basis. Here Gj; = go was taken. We discretized the
problem on a 50 x 30 grid in x, ¢, with space uniformly spaced in each variable. The noise
€y, €y were taken as in (5.2). Noise factor €* adopted varied in {0.1,0.4,1}. We assume
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that we have the noised data. We show noised p,v in Figure 3. Assumed that we had
information about Gjs at a single pixel, and the value of G,; at that pixel was fixed in
the iteration. The scaling parameter o = 1/||p||%, 8 = 1/||9||?,a0 = 0, and ~ varied in
{1078,1077,...,1073}. The real ground metric was supposed to be smooth, thus p = 2 was
taken. The iteration step size for all primal variables was 7 = 2 x 1073, and the step size
for dual variables was o = 1073. We took iterations of 6 x 10? times. In observation, the
iteration had converged in such a setting. The results are shown in Figure 4.

F1cURE 3. The noised p,Vv with different noise factor. The first row is
for noised p with €* = 0.1,0.4,1. The second row is for noised v with
e =0.1,04,1.

Test 4. We also tested the robustness of Model 4. We tested the example in the 1-
dimensional basis where K(z) = exp(—2/0.1). The space-time was discretized into a
50 x 30 grid. The only information about K was that K(0,0) = 1. And in the iteration, we
fixed the value of K(0) to be 1. The scaling parameter o = 1/||5|%, 8 = 1/]|0]|?, 0 = 0. 7
varied in {1076,1075,107%,1073}. Due to the quadratic exponential format, the kernel was
considered smooth, thus p = 2 was taken. The iteration step size for all primal variables
was 7 = 1073, and the step size for dual variables was o = 1072 as well. Still, the noise
factor €* varied in {0.1,0.4,1}. We took 3 x 10° iterations. The variables fully converged
in our observation. The computational results are compiled in Figure 5.

Test 5. In this test, we tested the efficiency of Algorithm 2. We worked on the same data as
Test 3. The observations p, v were corrupted by noise at a level €* = 1. We took v = 1072,
and the first 7 Bregman iterations are shown in Figure 6.
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FIGURE 4. Recreated ground metric G; when the observations were cor-
rupted with noise. In each sub-figure, the red curve is the learned ground
metric while the blue curve is the real metric. From up to down, noise factor
€* =0.1,0.4,1. From left to right, v varies from 10~® to 1073,

Remark 16. In Test 5, by applying Bregman iteration, starting with a non-optimal ~, we
had better result for ground metric. The recreated ground metric even converged to the
one recreated with the optimal ~.

Several more numerical results are provided in Appendix B.

6. DISCUSSION

In this paper, we introduced some inverse-problem models for MFGs, which are PDE-
constrained variational problems.

MFGs involve PDE systems, including the Fokker-Planck equations and HJE, which
arise naturally from physical systems, such as Schrédinger equations, Schrodinger bridge
problems, and optimal control problems in finance, robotics path planning and game the-
ory. These problems are mean-field descriptions of classical observations in finite agents’
dynamics. One can view our model as a mean-field generalization of classic (finite-agent)
inverse problems. It is an extension of classical observations to density space. Mean-field
limit analyses and the well-posedness of the model are challenging future directions in this
uncultivated area.

The MFG PDE system involves nonlinear Hamiltonian constraints in the sample space.
Our method is only a first trial towards its computation, based on the classical PDE method.
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FIGURE 5. Recreated convolution kernel K (x,0) when the observations were
corrupted with noise. From up to down, noise factor ¢* = 0.1,0.4,1. From
left to right, v varies from 1076 to 1073.
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FI1GURE 6. The recreated metric kernel from noised data in first 7 Bregman
iterations. 7y = 1072, (The last figure is for recreated ground metric from
Algorithm 1 when taking v = 10~* as an appropriate optimal value.)
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The study of convexity properties, parallel computation, and designing fast and efficient
algorithms for the proposed models are also interesting future directions.

From the lens of information science and machine learning, our model fits the goal of
learning Hamiltonians and physics from data and observations. Here we have concretely
modeled the physics by a Hamiltonian on the underlying sample space and design the cost
functional in the density space to fit the model. To treat the density variational problem in
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our model, many information sciences and machine learning approaches can be considered
in the future. For example, we can further apply the other perspectives of density using
probability models in machine learning and transport information geometry [32, 31]. Typical
models include Gaussian families, generative models, and reinforcement learning [20, 21].
We leave detailed studies of these models for inverse problems in the near future.
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APPENDIX A. DETAILS OF THE ALGORITHM IN SUBSECTION 4.4

In this section, we present the iteration steps of Algorithm 1 in Subsection 4.4.

The first algorithm is for Model 3, where F is the integral of a convex function F'. To
solve it, we introduce the dual variables for the constraints of (4.10): (Q/JH_%J, ¢i+€727j),2‘ €
V,j = 2,3,...,n, (I)i,j,’i c V,j = 1,2,...,n, Xi,jvi c V,j = 1,2,...,n, and @i,j =
(@Qg7i2’j,®y,i1’j)T,2. € V,7 =1,2,...,n. Summing the objective function and Lagrangian
multipliers, we obtain
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By changing the order of sums, we further obtain:
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It is more convenient to optimize using the primal variables.

In the primal step, we apply gradient descent to the Lagrangian, L, with respect to the
primal variables, leading to
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where 7,, 7y, T4 are step sizes for p,v,go. We note that when p = 1, the gradient of |go|
does not exist at 0, so we take the sub-gradient. In computation, we apply a different
descent step size for each of the primal variables to overcome the multi-scaling issue, which
accelerates the iteration rate. We update the dual variables by:
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ok
a+ 0 (k . )+—" j=n+1
At ) \Pinty ™ Pints At ’



—————L(g, p" "0
a(”ﬂr%,j)v 0

p <(”zl'€+%f,1)v — (Dig e

k k

+ Az

Ax

A MEAN FIELD GAME INVERSE PROBLEM

okr k-
4 Dwinl ( flz(Q%% ), i=1

oF . — @k
" 1! 7 e’ll’
6 ((vf+%,j)v - (UiJr%”-,j)v) +p7]4€’]7% #
v

+ Az

Ax

B
+y (wi‘}“,ij

k k k k
Xi—ezj = Xij ( Fuaa) | Xiers =Xy ( fua(oh) ), ©
Fra(gh ;

ok K oF) =
k k &
) ) +pF, i = Pihe,n | ak M
J1)v i 5 ALL’ M At
: filoga) ) M fr2(96.4) + Oz iz
f12(9§,i) Ax f22(9§,i) A

At

Ax

[SLI k.
o Ss (uldh)) s
k.

k q)f,n - ‘I)i':tev,n
gl )+ by | e
v

_|_

Ax

k
+ Gy,iwz ( f12(g K

k

x,i2,]

Az

k d}k _ wk
I\ Ak ok k v, — Vit g4l
) G i(viJr%’,j)v + Gy

(

)

31



32 DING, LI, OSHER, YIN

0
agO 'L(gl(;pkvvk;d}k?q)kaxk’@k) =
k k
ZZ w’**v w”%’:j l(vk ) T fﬁ(gg,i) f{Q(gl&z’) (vk e )
= o 20 et f§1(9(1)€,i) f§2(9(])€,z') It

z+‘52” ,j Z+ 7 .J+1 ( fh(g(l)]:’i) fiz(gé;i) > (vk )
;1 v 4 v
fﬁl(go,i) féQ(QO,z‘) R

7”7 v ( f11(9§,i) f{2(9§,z’) >(vk e )
f21(9§,i) f§2(9§7z‘) et
Z+e” 2)v ( f11(9§,¢) f{Q(gl&i) ) (vk e )
f21(9§,z‘) féz(gg,i) Y
S Xl 6273 Xw Xi‘iez,j B Xﬁj 1k Xi'iel,j — Xi’ij 1k
Z (f11(g6 i),0) + T(Oa f12(90.4)) — T(fm(go,i)»o)
k Gk
- elgx Xw (o, f22( ))> Vite +Z< “27] (fi1(g ) 0) + ZZ;J (0, le(QOz))

k k

o ek .
yzm(fm( i) )+Zg’j(0,fé2(9§,i))> (Uzﬁr%’,j)”

Yk gk VN
+ ; YN, 96,5 = 96—, [P 5ign(96.: — 6.i—c,)

N ; AtNAxp 1900 = 90,i+e, " 5197090 ,; — 9o ive, )-

We apply a similar primal-dual algorithm to Model 4. Its details are omitted.

Remark 17. The algorithm is also parallelizable. In the primal step, we can also substitute
the gradient descend with a proximal operator as in [9] for acceleration, which keeps the

algorithm parallelizable.
APPENDIX B. COMPLEMENTARY COMPUTATIONAL RESULTS

Test 6. We applied our algorithm for Model 3 with the 1-dimensional basis and without
noise to the source data. We took G = gg and discretized the problem on a 50 x 30 grid.
We assumed to have the information about Gj; at a single pixel and its value was fixed
in the iteration. The scaling parameter a,agp, 3 were taken as in (5.1), and ~ varied in
{1078,1077,...,1073}. Since we considered a smooth real ground metric, we took p = 2.
The iteration step size for all the primal variables was 7 = 2 x 1073, and the step size for
the dual variables was ¢ = 1072, We let our algorithm run 6 x 10* iterations and observed
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convergence. Then, we tested our algorithm on two ground metrics of different shapes. The
results are depicted in Figure 7 and Figure 8.
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FIGURE 7. The result for Gy(x) = 1 — 0.6sin(7x)? under the H? norm.
From left to right, v = 1078,1077,...,1073. The red curve presents the
leaned ground metric, and the blue curve depicts the real metric.
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FIGURE 8. The result for Gy(z) = 1 — 0.6sin(27z)? under the H? norm.
From left to right, v = 1078,107,...,1073.

Remark 18. From the numeric results, we conclude that the optimal parameter for the
inverse model depends on the shape of the ground metric. When gy fluctuates more, we
should choose a smaller ~ for the regularization. This matches our intuition.

Test 7. We substituted the objective functions of (3.3) and (3.5) with (3.4) and tested a
similar primal-dual algorithm. In the ground metric inverse model, we took p = 2, =
ap = 0.01, and v varied in {1078,1077,1075,1075}. The step size for all primal variables
was 7 = 2 x 1073, and the step size for dual variables was ¢ = 1073, We iterated 3 x 10°
times. The result can be found in 9.

In the kernel inverse model, we took p = 2, & = ag = 10, 7y varied in {1075, 1074, 1073, 1072}.
The iteration step size for all primal variables was 7 = 1073, and the step size for dual vari-
ables was o = 1073 as well. We iterated 3 x 10° times. The result is in Figure 10.

Test 8. In this test, we used 2-dimensional noisy examples. We designed our experiment
based on the data in Test 1, and the data was corrupted by additive noise defined in (5.2).
For each noise level, the scaling parameters were selected as in Table 1. Other settings
followed Test 1. The result is depicted in Figure 11.

Test 9. In this test, we ran Algorithm 2 and used the same data as Test 4, and the noise

level was €* = 1. We set v = 107!, and the results of the first 11 Bregman iterations are
depicted in Figure 12.
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FI1GURE 9. Recreated ground metric from the modified model with objective
function (3.4). From left to right, v = {107%,1077,107%,1075}.
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F1GURE 10. Recreated convolution kernel from the modified model with
objective function (3.4). From left to right, v = {107°,107%,1073,1072}.

Test €* o Qg B Y

1 01 10/]p* 0 1/+T% 0.01
2 04 1/|p2 0 1/4T% o0.01
31 100/)p> 0 1/4Tv 1

TABLE 1. The scaling parameters adopted in each noisy test
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FIGURE 11. The recreated metric kernel from noisy data. In the first row,
from right to left, the figures correspond to recreated metric kernel gy w.r.t.
noise level € = {0.1,0.4,1}. The figures in the second row stand for the
absolute difference between the learned g and the real data |gy — go| in each

case.
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FIGURE 12. The recreated convolution kernels from noisy data from the
first 11 Bregman iterations. v = 107!, (The last figure shows the recreated
convolution kernel from Algorithm 1 with the nearly optimal v = 1073.)



