N
N

N

HAL

open science

A dynamical neural network approach for solving

stochastic two-player zero-sum games
Dawen Wu, Abdel Lisser

» To cite this version:

Dawen Wu, Abdel Lisser. A dynamical neural network approach for solving stochastic two-player zero-
sum games. Neural Networks, 2022, 152, pp.140-149. 10.1016/j.neunet.2022.04.006 . hal-04488065

HAL Id: hal-04488065
https://centralesupelec.hal.science/hal-04488065v1
Submitted on 22 Jul 2024

HAL is a multi-disciplinary open access
archive for the deposit and dissemination of sci-
entific research documents, whether they are pub-
lished or not. The documents may come from
teaching and research institutions in France or
abroad, or from public or private research centers.

L’archive ouverte pluridisciplinaire HAL, est
destinée au dépot et a la diffusion de documents
scientifiques de niveau recherche, publiés ou non,
émanant des établissements d’enseignement et de
recherche francais ou étrangers, des laboratoires
publics ou privés.

Distributed under a Creative Commons Attribution - NonCommercial 4.0 International License


https://centralesupelec.hal.science/hal-04488065v1
http://creativecommons.org/licenses/by-nc/4.0/
http://creativecommons.org/licenses/by-nc/4.0/
https://hal.archives-ouvertes.fr

Version of Record: https://www.sciencedirect.com/science/article/pii/S0893608022001381
Manuscript_20fb63798ecb6ef95d23449db8ce243f

A dynamical neural network for solving stochastic two-player

ZEro-sum games

Dawen Wu and Abdel Lisser
Laboratoire Signaux & Systémes, CentraleSupélec, Université Paris-Saclay

3, rue Joliot Curie, 91190 Gif-sur-Yvette, France

dawen.wu@centralesupelec.fr (Dawen Wu)

abdel.lisser(@]2s.centralesupelec.fr (Abdel Lisser)

© 2022 published by Elsevier. This manuscript is made available under the CC BY NC user license
https://creativecommons.org/licenses/by-nc/4.0/


https://www.elsevier.com/open-access/userlicense/1.0/
https://www.sciencedirect.com/science/article/pii/S0893608022001381
https://creativecommons.org/licenses/by-nc/4.0/
https://www.sciencedirect.com/science/article/pii/S0893608022001381

10

15

A dynamical neural network approach for solving stochastic two-player zero-sum
games

Dawen Wu®*, Abdel Lisser®

@ Centralesupelec, Université Paris-Saclay

Abstract

This paper aims at solving a stochastic two-player zero-sum nash game problem studied in (Singh & Lisser, 2019). The
main contribution of our paper is that we model this game problem as a dynamical neural network (DNN for short). In this
paper, we show that the saddle point of this game problem is the equilibrium point of the DNN model, and we study the
globally asymptotically stable of the DNN model. In our numerical experiments, we present the time-continuous feature
of the DNN model and compare it with the state-of-the-art convex solvers, i.e., Splitting conic solver (SCS for short)
and Cvxopt. Our numerical results show that our DNN method has two advantages in dealing with this game problem.
Firstly, the DNN model can converge to a better optimal point. Secondly, the DNN method can solve all problems, even
when the problem size is large.

Keywords: Stochastic two-player zero-sum game, Saddle point, Dynamical neural network,

1. Introduction

In 1928, von Neumann (1928) studied the equilibrium concept in game theory and showed that there always exists
a saddle point equilibrium for a finite action two-player zero-sum games. Nash (1950) generalizes this result to n-player
games and shows that there always exists a Nash equilibrium for any finite action and finite players general-sum game.
Charnes (1953) studied a new type of two-player zero-sum games where the mixed strategy of each player is linearly
constrained. The saddle point of such games can be obtained by solving the primal-dual pair of linear programs. Recently,
Singh & Lisser (2019) studied a stochastic version of two-player zero-sum games, namely chance-constrained two-player
zero-sum games. They show a saddle point exists if the random vectors defining stochastic linear constraints follow
elliptically symmetric distributions.

There is a vast literature on saddle points or Nash equilibrium in game theory. Dantzig (1963) shows that solving
the saddle point of a two-player zero-sum game can be formulated as a linear program. Lemke & Howson (1964) provide
a method to solve two-player general-sum games, namely the Lemke-Howson algorithm. For n-player general-sum cases,
van der Laan et al. (1987); Govindan & Wilson (2003); Blum et al. (2006) studied several algorithms to find Nash
equilibrium. However, all the above-mentioned learning methods can only obtain the Nash equilibrium of deterministic
games. There is a lack of dedicated learning algorithms for games with stochastic payoff.

The state-of-the-art approach for solving such stochastic games consists in converting the problem into a convex
constraint problem. Then solve it by well-studied convex optimization algorithms (Boyd et al., 2004; Nocedal & Wright,
2006).
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Besides the convex algorithms, there are many other alternatives to solve optimization problems. Bangyal et al. (2020,
2021) study various types of metaheuristic algorithms to solve combinatorial optimization problems. Hopfield & Tank
(1985) pioneered the study of using dynamical systems in optimization, i.e., dynamical neural networks. Since then,
DNNSs have been used on various mathematical problems. For example, DNNs were used to solve Linear programming
problems (Wang, 1993; Xia, 1996b), Quadratic programming problems (Xia, 1996a; Nazemi, 2014; Feizi et al., 2021),
Second-order cone programming problems (Nazemi & Sabeghi, 2020), Nonlinear programming problems (Kennedy &
Chua, 1988; Forti et al., 2004; Nazemi & Tahmasbi, 2013), Minimax problems (Gao et al., 2004; Nazemi, 2011), and
Nonlinear complementarity problems (Liao et al., 2001; Dang et al., 2004), Manipulator problems (Zhang et al., 2020).
DNN models usually expect two properties: 1. The equilibrium points of the DNN models should coincide with the
solutions to the original problems. 2. The DNN models should be globally convergent. Compared to convex optimization
algorithms, DNN methods use a different strategy, deemed more straightforward. Once the DNN model and initial
points are known, this approach converges towards the optimal solutions. It does not require decomposing the original
problem into multiple sub-problems and solving them iteratively. DNN models can achieve an arbitrary required accuracy
independent of the problem size thanks to the global convergence property. With regards to numerical solutions of DNN
models, Runge-Kutta and backward differentiation are two classical methods (Curtiss & Hirschfelder, 1952; Gottlieb &
Shu, 1998; Teschl, 2012). Furthermore, there are emerging studies of deep learning on differential equations (Lagaris et al.,
1998; Raissi et al., 2019; Flamant et al., 2020), which make it possible to connect our DNN models with deep learning.

This paper uses a DNN method to obtain the saddle point of stochastic two-player zero-sum games. To the best of
our knowledge, DNN methods have not been used to solve this game problem in the literature. The main contributions
are provided as follows: 1) We formulate a stochastic two-players zero-sum game as a DNN model. We show that the
equilibrium point of the DNN model coincides with the saddle point of the stochastic two-players zero-sum game. Then,
we prove that the equilibrium of the DNN models is global asymptotic stability. 2) Our experimental results show that
the DNN method can provide high accuracy solutions and remains robust to the problem size.

The remaining of the paper is organized as follows. Section 2 shows the stochastic two-player zero-sum game problem
together with its SOCP reformulation. Section 3 gives the KKT conditions related to the SOCP problem and the DNN
model. Numerical experiments are given in Section 4.

The following notations are used in the remainder of the paper.

e z and y denote the strategies of player 1 and player 2 respectively. m and n denote the sizes of the action set of the

playerl and the player2, respectively.
e 71, J> denote the probabilistic constraints sets for player 1 and player 2, respectively. Ji, Jo denote the sets sizes.

o A pt, % 21, %2 b,d denotes the data for a stochastic two-players zero-sum game. A denotes the payoff matrix.
pt, p?, %1 %2 are the means and the variances of the probability distributions, respectively. go,lc (t2) and 8012 (t2) are

the characteristic functions of the probability distributions, respectively.
e o! and o? are the settings of the players’ confidence levels.

. \115_21 (alz) , \1,5—11 (a,lc) are quantile functions of 1-dimensional distribution functions induced by characteristic functions
L k

o1, (t?) and o7 (%), respectively.



55 s = (y,v,0,\) are the decision variables of the optimization problem. wu is the dual variable of the optimization

problem. r = (s,u) = (y,v,d, A\, u) are the variables of the neural network.

e nr,ns,nu are the number of r, s, u variables, respectively. Moreover, nu also denotes the number of constraints of

the optimization problem.

f(s) = f(y,v,8,\) and g(s) = g(y, v, 0, A) are the objective function and the constraints of the optimization problem
60 respectively. Also, f(s),g(s), Vf(s),Vg(s), VZg(s) are abbreviated as f, g, Vf, Vg, V2g, respectively.

o O(r) = % denotes the DNN model.

2. Problem formulation

In this section, we present the stochastic two-player zero-sum game with chance constraints. A two-player zero-sum

game involves two persons called player 1 and player 2, respectively. These games are described by a matrix A with m

es rows and n columns. Matrix A represents the payoffs of player 1, and matrix — A represents the payoffs of player 2. Let
I ={1,2,...,m} be the action set of player 1 and J = {1,2,...,n} be the action set of player 2. A pure strategy refers

to a single action from the action set. A mixed strategy refers to a probability distribution defined over the action set.
Let X = {x e R"|1Tx = 1,2 > 0} and Y = {y € R*"|1Ty = 1,y > 0} the sets of mixed strategies of player 1 and player 2,
respectively. The payoffs of player 1 and player 2 are defined by 27 Ay and 27 (— A)y, respectively, for a given strategy pair

w (z,y) € X xY. von Neumann (1928) showed that there exists a saddle point equilibrium in mixed strategies in zero-sum
games. Dantzig (1951) showed that the saddle point equilibrium is a solution of primal-dual pair of linear programs.
Charnes (1953) studied a linear constrained two-player zero-sum game problem. For a given strategy y of player 2, the

objective of player 1 is to choose a strategy = which solves the linear programming problem (1).

Similarly, the aim of player 2 is to choose a strategy y that solves problem (2) for a given strategy x of player 1.

min 27 Ay
y

S.t.
Dy >d (2)
17y =1

y >0,

where B € R"*™ D e R2" ph € Rt and d € R”2. A strategy pair (z,y) is said a saddle point equilibrium for the above
s constrained zero-sum game if x is an optimal solution of (1) for a given y, and y is an optimal solution of (2) for the given

X.



Singh & Lisser (2019) consider the problem where each row vector By and D; follows an elliptical distribution
. . . 1 1 . .
ie. By ~ Ellip, (u},3), @) and D ~ Ellip, (17,37, 7). \1151,2 (o?) and \Ilii (o) are the quantile functions of
1-dimensional distribution functions induced by characteristic functions ¢} (#2) and ¢7 (?), respectively. The chance

s constrained optimization problem can be written as

max z! Ay
s.t.
P{BYz <b,}>al, Vken (3)

17z =1

and

s.t.

P{D{y>d)}>a}, V€T (4)

We use the SOCP reformulation from Kataoka (1963) to rewrite the probabilistic constraints in (3) and (4) as follows
2"+ VG @p)(Bh) 2l S by, VR € T, (5)
and
_ 1
—y" i + P () |(57) 2yl < —dy, V1€ o, (6)
We denote the stochastic two-players zero-sum game by G(a) and the feasible strategy sets of the two players by
S1 (ozl) and So (a2),
Si (o) = {z eR™|1Te=1,2>0,2Tpu} + \I/;;(oz}c)H(Ei)%xH <bg, Vke j1}, (7)
and
$2(0®) = {y e R" [17y = 1,y > 0,~y"pif + VG (@DI(SD) byl < —di, Vi€ B} (8)
Assumption 1.

1. The set Si(at) is strictly feasible, i.e., there exists an x € R™ which is a feasible point of Si(at) and the inequality
constraints of S1(al) are strictly satisfied by x.
2. The set So(a?) is strictly feasible, i.e., there exists an x € R™ which is a feasible point of Sa(a®) and the inequality

8 constraints of Sa(a?) are strictly satisfied by y.

In the remaining of the paper, we suppose that assumption 1 holds. Otherwise, the game would not have a saddle

point.



90

(z*,y*) is called a saddle point equilibrium of G(«) if the following inequality holds:
T Ay* < 2T Ay* < 2T Ay,Vz € Sy (al) ,y € S (a2) . (9)

The following theorem shows the saddle point existence of the stochastic two-player zero-sum game problem.

Theorem 1 (Singh & Lisser (2019), Theorem 3.5). Consider a constrained zero-sum matriz game where the matri-
ces BY and D" defining the constraints of both the players, respectively, are random. Let the row vectors B}’ ~
Ellip,,, (,u,lc,lec,go,lc),k € Ji, and D}’ ~ Ellip, (u%,E?,g&%),l € Jo. Forall k and 1, ¥}, = 0 and % = 0. Then,
there exists a saddle point equilibrium for the game G(a) for all o € (0.5,1]7t x (0.5,1]”2.

We refer the reader to Singh & Lisser (2019) for more details about the proof of this theorem and the related results.

Proposition 1. The chance constrained optimization problems (3) and (4) can be reformulated as the following SOCP
problems (P) and (D).
min \ vt + Zkejl ALby

y’vl’(é}c)keﬁ ’

S8.1.
1
(Z)Ay - Zk€j1 A/{:lullc - Zke(ﬁ (Ek) : 5/1: < vl]‘m

(i) =yt + 0 (o) (D)o <~ ie 2

(P)

(iii) || 6k || < MW’ (o), Yk € R
(iv)1Ty =1
(v)y >0
(Wi\L >0, Vke T

WX, 1 (57), . A2 V2 4+ e AT
s.t.

(JATS = Cie g, Nt = Sieg, (59)F 07 2 021,

(ii)e "k + 0 () [|(5D) o] < br. VRES )

(iii) || 67 | < AP (of), VIE T2
(iv)1Tz =1

(v)z >0

i)\ >0, VIe T

Proof. We show the process that generate (P) from (3).



The chance constrained optimization problem (3) with the second-order cone reformulation (5) is

max, xT Ay
s.t.
el ph + U (@D (ED) el < by, VEE T (10)

(iii)17z =1

(v)x > 0.

Given a strategy y of player 2, the problem can be written as the following SOCP problem, where (¢})xe 7, are auxiliary

variables,
MaXy (1), xT Ay
S.t.
i) —aTpt — U o) ||tk + b >0, YVke T
(i) F e (e[t 1)
i)tk — (ZL)2z =0, Vke
(iii)17z =1
(iv)e >0
The saddle point of the lagrangian of (11) is
: T 14T 1 1 - 1
min max |z" Ay+ov1'z+ ) ( E2> )\(m ar) ||t +b) 12
01,0k ke sy A 20 3, (E)kedy Y k;]l( k) k k;jh k 'uk 5k ( k) H kH K ( )

o For the fixed v', (0x)}c 7, ', we have

Ay 01 Te k30 (007 (- b)) + 30 A (T - vt (oh) Il + o)

max
z,(t ke, keT, ke
1 T _
= max |2” (Ay— > Muk— Y (Sh)* 6 —vll> + max [Z ((5,1) th —/\,1%1 (af) Ht}c”) +ol 4+ > Ay
ke KET: (e | ez ke
(13)
The first and the second maximization problems are unbounded unless the following conditions hold,
Ay— 3 M — Y (Si)7 o < o't (14)
keJ1 ked
6% < A5 (ar), Vke T (15)
k
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The Lagrangian dual of the inner maximum problem is given by the following SOCP problem,

minv1’(5llc)’)\1 Ul + Zk€j1 )\Ilﬁbk
S.t.
1
(DAY = Xpeq, Motk — Zpes, (Zh)? 0 <v'lyp (16)

(i) [JoR]] < M@ (ak) ¥k € 7

(i) AL > 0,Vk € 7y
With the second-order cone constraint (6) for y, we finally get the first SOCP (P).

: 1 1
mlny’vl’(‘sllc)kEJl’)‘l v+ Zkejl )\kbk

s.t.
(DAY = Ce Mtk = Sies (50 0 < o'
(i) — o7t + 9 (o) [[(ZD) 7y < —di, Ve
(iii) |05 ]| < M@ (ak), Wk e T
(iv)1Ty =1

(v)y >0

(vi)AL >0, Vked

The dual problem (D) can be generated similarly. O
The following theorem shows the existence of the saddle point for the chance constrained zero-sum game G(«).

Theorem 2 (Singh & Lisser (2019), Theorem 3.7). Consider a constrained zero-sum game where the matrices B and D™
defining the constraints of player 1 and player 2, respectively, are random. Let the row vector BY ~ Ellip ,, (/A,lc, i gpi) ke
Ji, where i = 0, and the row vector D{* ~ Ellip,, (,ulQ, 2, gplz) L € Jo where 2 = 0. Let Assumption 1 holds. Then,
for a given a € (0.5,1]P x (0.5,1]7, (z*,y*) is a saddle point equilibrium of the game G(«) if and only if there exist
(vl*, (611*)%‘71 ,)\1*) and (’UQ*, (612*)ZGJ2 ,)\2*) such that (y*, ol*, (6,&*),@611 ,)\1*) and (33*,1)2*, (6?*)1672 7)\2*) are opti-
mal solutions of primal-dual pair of SOCPs (P) and (D), respectively.

We refer the reader to Singh & Lisser (2019) for more details about the proof of this theorem and the related results.

3. Methodology

This section studies a DNN approach to solve the second-order cone programming problem given in section 2. We
provide the necessary and sufficient KKT conditions of problem (P). We use a DNN to solve the KKT conditions problem
as the equilibrium point of the DNN model corresponds to the KKT point. Then, we study the stability of the equilibrium
point by analyzing a Lyapunov function.

We transform the equality constraint 17y = 1 in (P) into inequality 17y —1<0,1 —17y < 0. For sake of simplicity,

we consider only the primal problem. Denote s = (y,v,d,\) = (y, v, (6})kes, A'), where § = (6} )kes, = [6%T, ol 5§1T]T
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and A = A' = [A},..., AL ]7. The optimization problem (P) can be written as

min f(s)

g(s) <0,
where the objective function f : R™ — R, and the constraints g : R™® — R™“,

3.1. KKT conditions

Since the SOCP constraints of g(s) are not differentiable, we introduce the following perturbation ¢ = 1076, i.e.,
V|Is]|? + €2. Thanks to this smoothness technique, the KKT conditions of the SOCP are necessary and sufficient optimality
conditions.

The KKT conditions of the SOCP problem (P) are

where the Vf,u, g, Vg are as follows

o
AL
i
Vi) = |2 = (19)
55 0
b

of
[N

U1l
U2
usg
U= luq (20)
U42
Us

Ue

g1 Ay —vl — Zkej ( llc) = Ykeq Mk
g2 (—y"ui + H(Ez yH +di)ies,
93 ||5kH e (k) Mre,

9(s) = |gu | = Ty—1 (21)
942 flTy +1
95 -y

Je —A




991
dy

992
oy

g3
dy

_la
Vg(s) = | T
0942
dy
9gs
Oy

g6
L 9y

The stationarity, primal feasibility, dual feasibility, and complementary slackness can be written as follows,

991
ov
9g2
ov
993
ov
9941
ov
9942
ov
995
ov

g6
ov

g6
25

1

991 A -1 (=(Z})?)ken (=) ke

1T 1
9 2 —1, 9\ %22 X224\
% (7(:UJZ)+ \Ilng (al)m)lejz 0 0
993
[2D) 0 0 (Hgl,:”)ke%
9ga1 —
| = 17 0 0 0
P
. 17 0 0 0
995
X -1 0 0 0
o
ol 0 0 0 I

A D e Coen | Tu]
—1%72 %23y

& mplyl NS ’ ! "

0 0 (Hgiu Jked (_\11571@1 (allg))ke.% us

17 0 0 0 uar | =0
—17 0 0 0 U4z

I 0 0 0 us

0 0 0 —1 | Y6 |

Nl

Ay —v1 = Ypcz (B0)° 0k — Xpes, Mkt
1
(—y"u + 05 (o) |[(22)? ]| + diean
(6wl — Ak‘l’;f (ai))ken
17y —1
1Ty 41
-y
—A

31
Uz
us
ugy | 2 0
U42

Us

Ue

(25)
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The four decision variables of problem (P), namely y, v, d, A, have n,

Uy Ay — vl - dked (Ellc)% Ok = Xkes )\k,u/lg—

() (—y"ui + ‘I’gzl (af) H (=) %yH + di)ieg,

u3 (I0kIl = M@y (k) ke,

Ugq1 Ty—1 =0 (26)
U42 —lTy +1

us —y
U6 | | - |

1, J1*n, J; components, respectively. The function

g is composed of g1, g2, 93, 941, 942, g5, and gg, with m, Jo, J1,1,1,n,J; components, respectively. The gradient Vf is a

(J1+1)

3.2. Neural network model

We now propose a neural network model with a given initial value. Let r = (y,v, 6, A, u)T

* (n + 1)—vector. The Jacobian Vg is (24+m +n+2x*J; + Ja)

network. The DNN model is given as follows,

X(J1+1)*

(n + 1)—matrix.

be the variables of the neural

& —(Vfy+ Vg u+g+)
dv —(Vfo+Vgl(u+g)™)
%: Ll=] =(Vhs+Vegiu+9™) | (27)
aa (VA +Vehi(u+g)™)
&3 (utg)* ]
7 (to) = 1o, (28)

where (u + g)" = max{0,u + g}.

The complexity for solving the neural network (27) is highly dependent on the number of variables. The number of the

decision variables y,v,d, A is ns = (J; + 1) x(n+1), and the number of the dual variables p is nu =24+ m+n+2x*J; + Jo,
leading to a total number of variables nr = 3 +m + 2N + (3 + n) x J; + J for the neural network.

Theorem 3. The point r* = (y*,v*, 5%, \*,u*)T
also the KKT point of the SOCP problem.

is the equilibrium point of the neural network (27) if and only if it is

Proof. Let r* = (y*,v*, 8%, \*,u*)T be the equilibrium of the neural network (27). It follows that %" =0,

— (Vi + Vel W +g)t) =0
(V1 + Vol " +g7%) =0
—(VF + Vol W +g97) =0 (29)
(V15 + Vol (w4 9)7) =0
(u*+g*)" —u* =0

10



Substituting the first four lines by the last line u* = (u* + g*)™, we have

~ (V15 +VglTwr) =0
— (v + ng*u*) ~0
( v v ) (30)
~(Vfs+ Vg wr) =0
— (Vi + Velw) =0,
where the KKT conditions stationarity holds. Moreover, u* = (u* + ¢*)* result in
g* <0, u >0, uTg* =0, (31)
where the primal feasibility, the dual feasibility, and the complementary slackness hold.
Conversely, let r* = (y*,v*, 0%, \*,u*) be the KKT point of the problem (P), then we have
Viy+ Vgl us =0
Vi + Vg u =0
S g * (32)
V fs —&—Vg(;T u* =0
Vii+ Vel u =0,
g <0, u*>0, uTg*=0. (33)
Conditions (33) lead to u* = (u* + ¢*)*. By substituting this into (32), we obtain
- (Vf; +Vgl™ (u* + g*)+) =0
—(Vhz+ Vol w4 g7)) =0
~(Vf; + Vg W +g7)7) =0 (34)
- (ij\‘ + Vgl (u* + g*)*) =0
(uw* +g* )t —u* =0
which is the equilibrium point of the neural network.
130 D

3.3. Stability analysis

In this subsection, we study the uniqueness and the stability of the equilibrium point.
Lemma 4. The equilibrium point of the proposed neural network (27) is unique.

Proof. Since the problem (P) has the unique optimal solution (y*,v*,d*, \*), the necessary and sufficient KKT conditions
15 (18) have the corresponding unique solution. From Theorem 3, we see that the equilibrium point of the proposed neural
network is a necessary and sufficient condition for being a KKT point (18). Thus the equilibrium point of the neural

network is unique. O

Lemma 5. For an initial value problem (27) and (28), there exists a unique continuous solution r(t).

11
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Proof. Since g,V f and Vg are locally Lipschitz continuous, and the operations +, -, (-)™ would not change the locally
Lipschitz property, such that Vf + Vg% (u + g)* and (u + g)* — u are locally Lipschitz continuous. According to the
Cauchy-Lipschitz theorem, the neural network (27) with an initial point r(tg) = ro has a unique solution r(¢),t € [to,T),

for some T' > to. Additionally, if 7(¢) is globally bound, the interval [tg, T] expand to [tg, +00). O
Lemma 6. The Jacobian matriz VO(r),Vr € R™ is a negative semidefinite matriz.

Proof. We separate the situations into three cases, depending on the different status of (v + g)* € R}*, and show under
all three situations V®(r) is negative semidefinite .

For the case where (u + g)* has zero and non-zero components, such that 0 < p < nu

(u+g)+:(ul+gla-~-aup+gpa07"'a0)7 (35)
——

D nu—p

the Jacobian matrix V&(r),Vr € R™ is

— (VA + 30 +gr) V2gh) + VgPTvgr) —VgrT
V() = (V2f + 30—y ((ur + gr) V2gR) + Vg2 VgP) g ’ (36)
VgP S

where

Opxp Opx(nufp)

S = (37)

Onu—p)xp  —L(nu—p)x(nu—p)
Vg and V?2g;, denote the Jacobian matrix of the function g and the Hessian matrix of the function gy. Vg? and V2 gy, are
the same as Vg and V?2g; for first p row but the remaining nu — p row are all zero.

The matrix Vg?TVgP is positive semidefinite. Since the functions f and g are assumed to be convex and twice
differentiable, the Hessian matrices V2f and V2gi,k = 1,2,...,p, are positive semidefinite matrices. Furthermore, the
positive semidefiniteness of V2g;, implies that Vzgﬁ is positive semidefinite matrix. Moreover, it is clear that matrix S is
negative semidefinite matrix. Putting those all together, the Jacobian matrix V® is a negative semidefinite matrix.

For the case where (u + g)* has all non-zero components, such that p = nu
(u+g)+:(u1 +gl;---aunu+gnu)7 (38)
the Jacobian matrix V®(r) is

Gy = | (7 i (400 V204) + V47V9) VT | (39)

Vg Onu Xnu

Similar to the previous case, we can see that V®(r) is a (ns + nu) x (ns + nu) negative semidefinite matrix.

For the case where (u + g)* has all zero components, such that p =0

(u+g)t =(0,...,0), (40)
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the Jacobian matrix V&(r) is

-V3f 0
Vo(r) = o Onoxn (41)
Onuxns _Inuxnu
In this case, it is easy to see that V®(r) is a negative semidefinite matrix. This completes the proof. O

Definition 1. A mapping F : R™ — R"™ is said to be monotonic if:
(x—y)"(F(z) - F(y)) >0, Va,ycR" (42)

Lemma 7 (Ortega & Rheinboldt (2000)). A differentiable mapping F : R™ — R™ is monotonic, if and only if the Jacobian
matriz VF(x),Vr € R™ is positive semidefinite.

Theorem 8. The equilibrium point r* = (y*,v*, 5%, A*, u™) of the proposed neural network (27) is globally asymptotically
stable.

Proof. Consider the following Lyapunov function
2 1 * 12
E(r) =2+ 5 lr =" (43)

E(r) is a positive definite function because E(r*) =0 and E(r) >0, Vr #r*.

d® 0P dr
o dl Vo (r)®(r) (44)
T
B0 = () 0 a7 (20 4y 20 .

=0T (Vo) +Ve(r) d+ (r— )" o(r)
By Lemma 6, we have

T (r) (VO(r)" + V&(r)) ®(r) <0, Vr#£r1r" (46)

By lemma 7, we have

(r— T*)T (®(r)—D(r")) = (r — r*)T O(r) <0, Vr#£rw (47)

This means that E(r(t)) < 0.

According to Lyapunov globally stable theorem, the equilibrium 7* of the neural network (27) is globally stable.
Moreover, it follows from (27), (28), (46) and (47) that ®(r) = 0 < E(r) = 0. This means that E(r) = 0 is true only
for the equilibrium point, such that E(r) is a negative definite function. Therefore, the equilibrium point of the neural
network is globally asymptotically stable.

O

Figure 1 summarizes the complete process of obtaining a Nash equilibrium point of a stochastic two-player zero-sum
game using the DNN method. The original game problem (3)-(4) can not be solved directly. It needs to be converted
into a SOCP problem first. Then a DNN is constructed to come up with the optimal solution. Once a DNN model

has been developed, the model needs an initial point and a solution interval as an input. The choice of the initial point

13



170

175

180

p

A

mnitial point

A stochastic two-
1 player zero-sum
. game 0 [0, T
2 he SOCP *
: problem
The DNN model
':|I> Numerical
methods
é N
3.
Solution r(t)
\ 7
4 ¢ A
4. The DNN model Nash equilibrium
containted in r(T)
V.

)

.

Interval \

/

Formation to DNN models Solution of DNN models

Figure 1: Overall flowchart for obtaining Nash equilibrium of a stochastic nash game using DNN method. The left side describes how to
construct a DNN model for a stochastic nash game. The right side shows how to obtain a desired solution from the constructed DNN model.

significantly affects the convergence and quality of the solution. The closer the initial point is to the optimal point, the
faster the convergence of the DNN model. The solution interval determines which part of r(t) is considered. According to

the globally asymptotically stable Theorem 8, the DNN model should provide a more accurate solution when 7T is large.

4. Numerical Experiments

In section 4.1, we give the setup for conducting the experiments, including software description, hardware description,
the definition of KKT error, and the way to generate problem data. In section 4.2, we give experimental results of our DNN
model and compare them with other solving methods, i.e., Splitting conic solver (SCS for short) and Cvxopt (O’donoghue
et al., 2016; CVX Research, 2012).

4.1. Settings

The experimental computer has CPU i7-10610U and 16 GB RAM. We use Python3.8 as our programming language,
Scipy 1.6 to solve differential equations.

The following definition is a metric to evaluate the accuracy of a solution point (Andreani et al., 2008; Conn et al.,

2000)
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Definition 2. The point (s,u) is an approzimate KKT point with e-error if it satisfies

V1) + Vg9 <,

uog(s)| <e,
luo gl < )
lg ()]l < e,
|l <e,
where o is the element-wise product, g(s)4+ = max{0, g(s)}, u— = min{u,0}.

We generate the problem data through the following uniform distributions, i.e., A ~ U(0,10),b ~ U(7,10),d ~
U(3,6),ut ~ U(0,10), u?> ~ U(0,10). For the sake of simplicity, we only consider uniformly distributed diagonal matrices
¥ and X2 ie., X1, %2 ~ U(0,3).

4.2. Numerical results

150 20 -
Splitting conic solver —— Dynamical neural network
100 g 15
50 : 10
[l wn
5 Foy N S SN SN AN . SRS B S S S { 5 5
s s
-50 0
-100 -3
-150 -10
0 3 6 9 12 15 18 21 0 3 6 9 12 15 18 21
Iterations t
(a) Splitting conic solver (b) Dynamical neural network

Figure 2: Solution processes of SCS and DNN for a 10 x 10 game instance. Figure (a) shows the objective values with respect to iterations
provided by the SCS method. Figure (b) shows the objective values with respect to ¢ by our DNN model.

Figure 2 shows the difference between SCS and DNN solving processes. Both SCS and our DNN approaches find the
optimal solution by addressing the KKT conditions. A key feature of our DNN model is that it is time-continuous. This
advantage allows our DNN model to provide more information about how primal and dual variables move toward optimal
solutions.

Table 1 shows the comparison of the DNN, SCS, and CVXOPT methods in terms of numerical performances. The
different instances are generated as described in Section 4.1. Our DNN model chooses the initial point all-zero and the
solution interval [0,100]. Compared to SCS, our DNN model can reach a better solution point with smaller e-error.
Compared with Cvxopt, our DNN model can solve all instances, while Cvxopt fails to find a solution when the game sizes
are large.

Figure 3 shows the quality of the convergence of our DNN model. Thanks to the globally asymptotically stable theorem,
the KKT error of our DNN method can keep decreasing, and the model will converge to the optimal solution. The figure
shows that our DNN model has a faster convergence rate and better numerical accuracy solution than the SCS method.

When facing tricky stochastic games, traditional convex methods might have numerical convergence difficulties. Our
DNN approach remains robust in dealing with these hard problems thanks to the use of a completely different solution
strategy. According to the shown CPU time, our DNN approach may be time-consuming. However, this is due to the

numerical integration methods and the current standard ODE software. Our DNN method is highly promising, mainly

15



Game Probability « DNN SCS CVXOPT
size distribution «; @y CPU time Value eError CPU time Value e-Error CPU time Value eError
Normal 0.8 0.8 1.79 4.59 0.12 0.015 5.03 8.20 0.031 4.39 0.00
(4, 4) 09 09 1.79 4.30 0.05 0.015 4.75 3.23 0.015 4.39 0.00
’ Laplace 0.8 0.8 1.66 4.40 0.11 0.015 4.74 4.63 0.015 4.39 0.00
09 09 1.28 4.67 0.02 0.015 4.80 2.86 0.015 4.64 0.00
Normal 0.8 0.8 2.39 5.51 0.01 0.015 5.64 0.45 0.015 5.54 0.00
(10, 10) 0.9 09 267 5.78 0.09 0.015 5.80 0.25 0.015 5.88 0.00
Laplace 0.8 0.8 261 5.53 0.03 0.015 5.66 1.00 0.015 5.59 0.00
0.9 09 2.65 6.08 0.05 0.015 6.15 0.03 0.031 6.14 0.00
Normal 0.8 0.8 56.33 5.26 0.18 0.063 4.71 4.59 0.271 5.15 0.00
(50, 50) 0.9 09 68.78 5.17 0.09 0.062 4.87 4.71 0.249 5.16 0.00
Laplace 0.8 0.8 58.37 5.25 0.15 0.055 5.04 7.33 0.257 5.15 0.00
0.9 0.9 47.07 5.16 0.08 0.046 5.17 2.18 0.249 5.18 0.00
Normal 0.8 0.8 381.33 5.02 0.02 0.111 4.69 1.77 1.48 5.00 0.00
(100, 100) 0.9 0.9 369.88 4.99 0.04 0.105 4.97 1.56 1.59 5.QO O.QO
Laplace 0.8 0.8 319.04 5.00 0.02 0.109 4.82 1.63 Fa%led Faﬂed Fa}led
0.9 0.9 359.95 5.04 0.04 0.109 4.99 1.84 Failed Failed Failed
Normal 0.8 0.8 8984.51 4.97 0.03 0.283 4.75 5.14 10..45 4.96 O.QO
(200, 200) 09 09 8862.24 4.99 0.04 0.281 4.90 2.06 Fafled Fa}led Fa%led
’ Laplace 0.8 0.8 8381.08 4.98 0.04 0.252 4.77 4.18 Failed Failed Fa}led
0.9 0.9 11218.82 5.00 0.05 0.265 4.96 0.94 Failed Failed Failed

Table 1: The numerical results of DNN, SCS, and Cvxopt. The game size refers to the size of the action set for each of the two players. The

probability distribution represents the distribution followed by each row vector By and D; in (3) and (4).

« is the confidence level of the

probability constraint. CPU time is calculated in seconds. The value represents the objective function value. The e-Error measures the degree
to which the solution point satisfies the KKT condition.

KKT errors

103
10°
10!

10°

—— DNN

— SCS

0 300 600 900 1200 1500 1800 2100 2400
lterations/t

Figure 3: Comparison of the convergence of DNN and SCS methods. The instance is with game size 10 * 10. The x-axis represents the number
of iterations (SCS method) or time (DNN method). The y-axis represents the € error for the KKT conditions.
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with future efficient ODE numerical methods and solvers. The performance will be substantially improved in the future

with the help of these studies of ODE.

5. Conclusion

In this paper, we studied a dynamical neural network approach to solve a two-player zero-sum game with stochastic
linear constraints problem. We reformulated our problem as a second order conic problem. We show that the equilibrium
point of the DNN model is the optimal solution for the original problem. By using the Lyapunov stability theory, we
prove the globally asymptotically stable and the uniqueness of the equilibrium point of the proposed DNN. Our numerical
experiments show the solution process of the DNN model. Our DNN model can give more accurate Nash equilibrium
points and remains robust with respect to game size. Finally, our approach opens up new research directions for solving

various types of game problems using dynamic neural networks.
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