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Abstract

A class of stochastic antagonistic positional games for Markov decision processes
with average and expected total discounted costs optimization criteria are formu-
lated and studied. Saddle point conditions in the considered class of games that
extend saddle point conditions for deterministic parity games are derived. Further-
more algorithms for determining the optimal stationary strategies of the players are
proposed and grounded.
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1 Introduction and Problem Formulation

Markov decision processes have a prominent role within the theory of dynamic games
and anticipatory systems. In this paper we study a class of antagonistic positional
games for finite state space Markov decision processes with average and expected
total cost optimization criteria. We formulate saddle point conditions for this class
of games that extend saddle point conditions for deterministic parity games from
(1,4, 5,7,9]. Thus, the considered class of games and the presented results generalize
deterministic antagonistic positional games and saddle point conditions for such
games. Moreover we show that for the considered class of games saddle points
always exists and the optimal stationary strategies of the players can be found using
an efficient finite iterative procedure.
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The formulated basic game models are using the framework of a Markov decision
process (X,A,p,c) with a finite set of states X, a finite set of actions A, a
transition probability function p: X x X x A — [0,1] that satisfies the condition

Zp‘;’yzl, Ve X, Vae A

yeEX

and a transition cost function c¢: X x X — R which gives the costs c;, of states’
transitions for the dynamical system when it makes a transition from a state z € X
to another state y € X.

We assume that the Markov decision process is controlled by two players as
follows: The set, of states X is divided into two disjoint subsets X; and Xo, X =
XiUX, (X;N X, =0), where X; represents the positions set of the first player
and X, represents the position set of the second player. Each player fixes actions in
his positions, i.e. if the dynamic system at the given moment of time is in the state
z which belongs to the position set of first player then the action a € A is fixed by
the first player; otherwise the action is fixed by the second player. The player fixes
actions in their position sets using stationary strategies. The stationary strategies
of the players are defined as two maps:

si:x—a€ A(z) for z € Xy

sp:x—a€ A¥z) for z € Xy

where A'(z) is the set of actions of the first player in the state z € X; and A%(z)
is the set of actions of the second player in the state z € X, . Without loss of
generality we may consider |A'(z)| = |A!| = |A|, Vz € X;, i = 1,2. In order to
simplify the notation we denote the set of possible actions in a state ¢ € X for an
arbitrary player by A(z).

If players fix their stationary strategies s; and ss, respectively, then we obtain
a situation s = (s1,82). This situation corresponds to a simple Markov process
determined by the probability distributions p;f?sz) in the states z € X; for 7 =1,2.
We denote by P° = (p;,) the matrix of probability transitions of this Markov
process. If the starting state zp is given, then for the Markov process with the
matrix of probability transitions P* and the matrix of transition costs C = (cg,,) we
can determine the average cost per transition w,,(s;,S2) that corresponds to the
situation s = (s1, S2).

So, on the set of situations S* x S? we can define the payoff function

on (sla 82) = Wz (sla 52)'

In such a way we obtain an antagonistic positional game which is determined by the
corresponding finite sets of strategies Si, Sy of the players and the payoff function
F,y(s1,82) defined on S = S; x S,.
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This game is determined uniquely by the set of states X, the positions sets Xy, X»,
the set of actions A, the cost function c¢: X x X — R, the probability function
p:XxXxA — [0,1] and the starting position zy. Therefore we denote it
by (X, 4, X1, Xa, ¢, p, zo) and call this game stochastic antagonistic positional
game with average payoff function. We show that for the players in the considered
game there exist the optimal stationary strategies, i.e. we show that there exist the
strategies s;* € 51, sp* € Sy that satisfy the condition

Fy(s1%,89%) = gleagf srznelélz Fy(s1,82) = Sr;)nelgl2 max F.(s1,52), Vz € X. (1)

In the case p§, =0V 1, Vz,y € X, Va € A the stochastic positional game
is transformed into the parity game studied in [1, 4, 5, 9]. In [2, 3] the stochastic
positional game of m players where some sufficient conditions for the existence of
Nash equilibria are derived have been formulated. However, for a stochastic posi-
tional game with m players in the general case Nash equilibria may not exist. The
main result we present in this paper shows that there always exists a saddle point
for stochastic antagonistic positional games with average payoff functions.

In this paper we consider additionally the stochastic antagonistic positional game
with a discounted payoff function. We define this special game in a similar way as
the game above. We consider a Markov decision processes (X, A, ¢, p) that may be
controlled by two players with the corresponding position sets X; and X, where the
players fix actions in their position sets using stationary strategies. Here, we assume
that for the Markov decision process the discount factor A, 0 < A < 1 is given, where
the cost of system’s transition from a state z € X to a state y at the moment of
time ¢ is discounted with the rate X!, i.e. the cost of system’s transition from the
state z at the moment of time ¢ to the state y at the moment of time t + 1 is equal
to Alc,,. For fixed stationary strategies s;, s; of the players we obtain a situation
s = (s1, 82) that determines a simple Markov process with the transition probability
matric P* = (p§,) and the matrix of transition costs C' = (c; ). Therefore if the
starting state zg is known then we can determine the expected total discounted cost
o (s1,52) that corresponds to the situation s = (s1, s2). So, on the set of situations

Zo

S1 x Sy we can define the payoff function
on(slaé‘z) = U;\(,(Sl, 52)-

We denote the stochastic antagonistic positional game with a discounted payoff
function by (X, A, X;, X2, ¢, p,A, %p). We show that for the players in this
game there exist the optimal stationary strategies, i.e. there exist the strategies
s1* € 81, s0* € S, that satisfy the condition

F. (s1", s2*) = max min Fy,(s1, S3) = min max Fg,(s1, 2).
mO( ’ 2) $1€81 82€82 zu( ’ 2) $2€852 81€851 350( ! )

Some approaches of determining the saddle points in the considered games are de-
scribed.
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2 Determining the Saddle Points for Stochastic
Antagonistic Positional Games with an Average
Payoff Function

In this section we show for an arbitrary stochastic antagonistic positional game
(X, A, X1, X,, ¢,p, z) with an average payoff function Fy(sy,s,) that there
exists saddle points, i.e we show that there exists the stationary strategies s1*, s9*
for which condition (1) holds. This fact is proved using the properties of the bias
equations for so called Markov multi-chains [6].

For an arbitrary state z € X and a fixed action a € A(z) we denote by

Hz,a = Z Pa.yCays
yeX(z)

i.e. ptz, is the immediate cost in the state z € X for a given action a € A(z).

Theeorem 1. Let (X, A, Xi,Xs,¢, p,T) be an arbitrary stochastic positional
game with an average payoff function Fz(si,s2). Then the system of equations

€z + Wz = arenf?();) {um + yeZX p;ysy}, Vz € Xy;

(2)
— i a X
Epbup= B {NM + ygxpx,ysy}, Vz € Xo;
has a solution under the set of solutions of the system of equations
= 2 Vz € Xq;
o= B BAee) X
3)

= min 2 s Vz € X,
e agﬂ(m){yz:pr’y z} S

i.e. the system of equations (3) has such a solution wj, z € X for which there
exists a solution £%, z € X of the system of equations

* = max 2 e,0, V€ Xy
Eo t s arenA(z) {/»Cz,a + yEEX Py y} !

*= mij x Vz € Xs.
€ + W} arerill(xi) { e+ yé:x pwsy}, T € Xy
The optimal stationary strategies of the players

s1":x — a€ Alz) for z e X;;

$":x — a€ A(zx) for z€ Xy
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in the stochastic positional game can be found by fixing arbitrary maps s;*(z) €
A(z) for z € X; and sy*(z) € A(zx) for z € X, such that

Gk tei )0 (s g e+ Z25})
o) € (s g | Berhont )0 (o0 o e + B

()
Vx € X1

and

ot (o | 52 1)0 (o, o+ 5 ).

(6)
Vz € X2

For the strategies s,*, s2* the corresponding values of the payoff function Fz(s;*, s2*)
coincides with the values wX for T € X and (1) holds.

Proof. Let xz € X be an arbitrary state and consider the stationary strategies
51 € S1, 5o € Sy for which

Fi(51,3) = min max F.(31,82).

We show that

Fi(31,52) = max 312116%12 Fp(s1,82),

i.e we show that (1) holds and 3; = s1*, 53 = s5™.
According to the properties of the bias equations from [6] for the situation
3= (81,52) the system of linear equations

o+ Wy = o+ L P26y, VZEX), a=73(z);
yeX

€2+ Wo = flza+ L P26y VI € Xy, a=7%(z);
yeX

(7)

Wz = X PgyWas Vz € X1, a =73 (z);
yeX
Wz = 2 PZ Wz YV € Xz, a= 52(1‘)
\ yEX :

has the solution €k, w: (x € X) which for a fixed strategy 5, € S, satisfies the
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condition
[(er+wp 2 tao+ X PE 6 VT E X, a€ Az);
yeX

€ + Wi = lgg + gxpg,yez, Vz € X3, a = 3(x);
y

Wy 2 2, Daytns Vz € X, a € A(z);
yeX
w:: = Z pg,yw;a Vz € XZ, a = g2(.’1f)
\ yeX

and F,(51,52) =w}, V z€ X.
Taking into account that F;(3;,3,) = minsecg2 F,(51, s2) then for a fixed strategy
51 € 51 the solution €}, w} (z € X) satisfies the condition

[ ef + Wl =foa+ X P26 VI €Xy, a=7(z);
yeX

er+wrk < g+ ;ng,ye;, Vz € X, a € A(z);
Y

wy = X Pg o Wrs Vz € X;, a =3'(z);
ye

wy < g{p;,yw;, Vz € Xo, a € A(z).
y

So, the following system

[ 6o+ Ws 2 Poat+ 2 D3 64 VT € X4, a € A(z);
yeX

€x+ W < Poat+ X D3 By VT € Xa, a € A(2);
yex

Wz 2 Y, PgyWrs Vz € X3, a € A(z);
yeX

wgy < Z Pg,ywz, Vz € X2, a & A(.Z)
yeX

has a solution, which satisfies the condition (7). This means that s} =3, s] =3
and

max min Fy(sq,82) = min max F(s;,s2), Vo € X
$1€851 82€82 E( ’ ) $2E€852 81ES1 z( ’ )’ ’

i.e. the theorem holds.

Thus, the optimal stationary strategies s7, s3 of the players for an average antag-
onistic positional game can be found using the solutions of the system of equations
(2)-(4) and conditions (5),(6). Below we describe an iterative algorithm for deter-
mining the optimal strategies s, s3.
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3 An Algorithm for Determining the Optimal Stationary
Strategies for Stochastic Positional Games with an
Average Payoff Function

Preliminary step (Step 0): Fix the arbitrary stationary strategies
iz —yeX(z) for z€X,.
s:x—y€X(z) for z€ X,

that determine the situation s® = (9, s3).

General step (Step k, k> 1): Determlne the matrlx Ps"™" that corresponds to the
situation s = (s¥71,s5™1) and find w**™" and *""" which satisfy the conditions

{ (Psk_l - I)wskq =0;

gk-1 + (Psk——l _ I)Esk—l _ ws

Il
=

Then find a situation s* = (s¥, s¥) such that

s¥(x) € arg max { Z }, Vz € Xi;

a€

sk(z) € arg 1 max { M o }, Vz € Xy

yeX

and set sF = sF1 if

l(m) € arg m/??z(){ sz,y T }: Vr € Xl,

sk l(z) € arg Imax { > Pk W }, Vz € X,.

yeX

After that check if s¥ = s¥~1? If s¥ = s*~! then go to next step k + 1; otherwise
choose a situation s* = (s¥, sk) such that

(17) € arg rnax {ﬂma + Z pzy 1(17)} Vz € Xjy;
€A@) yeX

SZ(I) € arg max {,U‘za + Z pzy I(Z)} Vz € X2
A yex
and set s*¥ = s*~1 if

-1
sy (z) € arg max {um+ Y ot e <Z>} Vz € Xy
yeX
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-1
sk (z) € arg nax, {,um—k > piEn (z)} Vz € Xs.

yeX

After that check if s¥ = s¥=1? If s = s*~! then STOP and set s* = s¥~1; otherwise
go to next step k + 1.

Remark. 1f p,, € {0.1},Vz,y € X then the algorithm is transformed for deter-
mining the optimal stationary strategies of the players in the deterministic parity
games.

The convergence of the algorithm described above can be determined in a similar way
as the convergence of the iterative algorithm for determining the optimal solution of
the Markov decision problem with an average cost optimization criteria (see [6, 8]).

4 Determining the Saddle Points for Stochastic
Antagonistic Games with a Discounted Payoff Function

We consider an arbitrary stochastic antagonistic positional game (X, A, X;, X,,
¢, p, A, To) and show that saddle points always exist. This result follows as particu-
lary case from results from [2, 3] where the stochastic positional game of m players
with discounted payoff functions have been formulated and studied. In [2, 3] it is
shown that in such games Nash equilibria always exists. Therefore on the bases of
these results we can be proven the following theorem.

Theorem 2. Let (X, A, X1, Xo, ¢ p, A, T) be an arbitrary stochastic antag-
onistic positional game with a discounted payoff function Fs (81,82). Then there
exist the values o, for z € X that satisfy the conditions:

1) m/?x {uza+/\ 3 920y~ ,} =0, Vr € Xi;

i AT pBooy— o b = .
2) ar&l&){um«F y‘é;pz’yay az} 0, VzelX,

The optimal stationary strategies s'*, s>* of the players in the game can be found
by fixing the maps

51*(;p)-a € arg max){um+/\2pzyory oz}, Vi € Xy;
yeX

s¥'(z) = a* € arg mm) {Mm +2> P50y — az}, Vz € Xo,
yeX
where
Fx(st,s) =05, VT € X.
Based on this theorem we can propose the following algorithm for determining
the optimal stationary strategies of the players.

112




5 An Algorithm for Determining the Optimal Stationary
Strategies for Stochastic Positional Games with a
Discounted Payoff Function

Preliminary step (Step 0): Fix the arbitrary stationary strategies

§Y:2; —a€ Ax) for z; € Xy;

s):z; —a€ Ax;) for z; € X;.

and determine the situation s® = (s, s3).

General step (Step k, k > 0): Calculate
gk—1 gk—1
oy gkt = Z p-’biyy Cziay
yeX(xi)
for every x; € X. Then solve the system of linear equations
k=1(on. "
Oy = aysb=1(z;) T A Z p:su,mj(%) Oz, 1=1,2,...,m
z;€X

and find the solution o¥*, o%-1 .. okl After that determine the new strategies

s’f :x; — a € A(z;) for z; € Xy,

k
Sa

cx; — a € A(z;) for z; € Xy,
and the corresponding situation s* = (s%, s¥), where

s¥(z;) = arg max [uzi,a +A > 0;“:1} for z; € Xy;
a€A(z;) spe X w3

s¥(z;) = arg min {uzi,a + A Z e ac’ji'l] for z; € Xs.
a€A(x;i) mieX 7
Check if the following conditions hold

Slf(ﬂfi) = Sllc—_l(l'i), V.Z'i = Xl, ( )
8

s¥(z;) = s Yz;), Vr; € Xy?

If the condition (8) holds then fix

k
s*{zs’f; 0, =0y, Vr; € Xy;




sy = s’f; cr;i = ai’i, Vz; € Xg;
otherwise go to the next step k + 1. The strategies s} and s; represent the optimal
stationary strategies of the players in the game.

The convergence of this algorithm can be grounded in a similar way as the
convergence of the iterative algorithm for determining the optimal solution of the
Markov decision problem with a discounted optimization criteria (see [6, 8]).

6 Determining Saddle Points for Stochastic Antagonistic
Positional Games with Stopping States

The stochastic antagonistic positional game mode] with a discounted payoff function
can be modified if we assume that the dynamical system in the Markov process stops
transitions as soon as a given state z € X is reached. Thus, we may assume that z
is an absorbing state and the cost ¢, , is equal to zero. It is easy to observe that if A
satisfies the condition 0 < A < 1 then for Markov processes with an absorbing state
z € X with ¢, , = 0 the saddle point condition and the algorithm for determining the
optimal stationary strategies of the players from Section 3 are valid for the considered
game. If A = 1 then the results from Section 3 can be used for determining the
optimal stationary strategies of the players in the antagonistic positional games for
Markov decision processes with stopping states only for a special class of games.
Note that in the case p,, € {0,1},Vz,y € X and XA = 1 the considered class of
games is transformed into finite dynamic c-games studied in [4, 5]. Therefore a
saddle point condition for finite dynamic c-games can be derived from the results
from Section 3. Some algorithms for determining the optimal stationary strategies
in dynamic c-games are proposed and grounded in [4].

7 Conclusions

As Markov decision processes have a prominent role within the theory of dynamic
games and anticipatory systems we have developed a new characterization which
might support modern decision support systems. The considered stochastic po-
sitional games generalize deterministic parity cames and dynamic c-games. For
antagonistic positional games in Markov decision processes the saddle points al-
ways exists and the optimal stationary strategies in such games can be found using
efficient iterative calculation procedures.
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