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Multiagent Reinforcement Learning
for Nash Equilibrium Seeking in
General-Sum Markov Games

Alireza Ramezani Moghaddam and Hamed Kebriaei

Abstract—This article studies the problem of noncooperative
multiagent reinforcement learning (MARL), where selfish agents
play a general-sum Markov game. We consider the framework
where no agent has explicit information on the model of dynamic
environment, the model of other agents, and even on its own cost
function. We propose an actor—critic MARL to learn the Nash
equilibrium (NE) policy of the agents. The main contribution of
this article is to extend the NE seeking methods to incomplete
information stochastic nonzero sum games. Based on such
formulation and under some conventional assumptions, we prove
that by applying linear function approximators, the policies of
agents converge to an approximation of the first-order NE point
of the game. Finally, as a case study, the framework is applied
to a Cloud Radio Access Network.

Index Terms—Actor—criticc, Markov game, reinforcement

learning, stochastic policy gradient (SPG).

I. INTRODUCTION

ARKOV Games represent one of the most important
M classes of multiagent decision problems over stochastic
dynamic environment. Their distinctive feature is that the cost
function of each individual agent is affected by other agents’
actions. This structure arises in several application domains,
such as resource allocation [1], social networks [2], electrical
microgrids, and power systems [3].

The literature on Nash-seeking algorithms for noncooper-
ative games is quite recent, e.g., best-response dynamics are
studied in [4], policy iteration in [5], and subgradient dynamics
in [6] (on myopic agents and deterministic environment). In
most of the research on noncooperative games, the game
is played in a static environment and as a result, the cost
functions of the agents are only influenced by the actions of
the neighbors. Nonetheless, in many applications, the agents
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interact in a dynamic environment, where the state transitions
are typically modeled via a dynamical system whose inputs
are the actions of the agents and the state of the system affects
the cost functions of the agents [7].

The major objective of this article is to extend these results
to cases where the agents interact in an unknown dynamic
environment without having an explicit model of their cost
functions and environment dynamics. There are some works
studied the Nash equilibrium (NE) seeking problem in partially
unknown dynamic games with known cost functions [8], [9].
Nevertheless, the problem becomes more challenging when
the agents minimize their long-term discounted cost and also
do not have an explicit model of their own cost functions.

One popular family of methods that is able to deal with
unknown environments (including transition dynamic and cost
function) in both cooperative [10] and noncooperative [11]
settings is that of multiagent reinforcement learning (MARL).
One of the major points that distinguishes our work from
previous studies in MARL, is to present convergence proof in
noncooperative games which is in sharp contrast to existing
cooperative MARL studies that provide convergence proof
to a global value function [12]. In noncooperative appli-
cations, each agent has his own objective, which in some
cases is even in conflict with the goals of the others, and
therefore, the problem shifts to the proof of convergence to
the NE policy of the dynamic games with N different value
functions.

The problem of developing MARL algorithms for non-
cooperative settings has gained increased attention in recent
years. For example, In [13], online reinforcement learning is
employed for a linear class of Markov games with quadratic
cost functions which is proved to be converged both theoreti-
cally and practically. Guo et al. [14] addressed the off-policy
Q-learning method in mean-field games with finite state space.
Unfortunately, off-policy MARL requires that each agent
knows the policies of other agents during the learning process,
which is not a realistic assumption in competitive games.
Also, the mentioned works rely only on linear quadratic
games. However, one major challenge that restricts the use
of conventional Nash-seeking methods is how to deal with
massive or completely unknown dynamic environments in
practical systems. One well-known family of algorithms that
overcome this challenge is actor—critic algorithms, which are
built upon value function approximation and parametrized
policies [10].
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To address the Nash strategy seeking problem, Fox
et al. [15] applied the MARL method for a class of games
known as Markov potential games (MPGs) with continuous
state-action spaces. Recent works of [16] and [17] suggest
a class of independent policy gradient algorithms that ana-
lyze convergence for zero-sum MPGs. However, these works
chiefly rely on a special class of zero-sum potential games
which simplify the Nash-seeking problem. In the framework of
two-player zero-sum stochastic games, Chen et al. [18] utilized
a best-response learning-based algorithm that combines inde-
pendent learning dynamics for matrix games with the minimax
value iteration. For a noncooperative setting, Moghaddam
and Kebriaei [19] combined expected policy gradient with
temporal difference learning to find Nash solution under
the restriction of monotonicity-convexity assumptions. In a
restricted framework of a two-player zero-sum game,/Brown
et al. [20] presented a general framework for self-play rein-
forcement learning and search that provably converges to a
NE.

To the best of our knowledge, hereby we propose the first
MARL actor—critic method for the NE seeking problem in
general-sum Markov games that relies only on communi-
cations between agents. Specifically, for the actor step, we
employ the stochastic policy gradient (SPG) algorithm and for
the critic step, we apply a temporal difference learning [10].
Two general function approximators are used, one to approx-
imate the mapping from state-action pair to long-term costs
and the other for updating the policy of the agents. The
parameters of the function approximators are updated upon
each observation of state transition, players’ actions, and the
associated costs. The objective is to refine the estimations of
long-term value and policy as more and more iterations are
performed. In the case of linear function approximators, we
prove that under common technical assumptions, the strategies
of the agents converge to the first-order NE of the game. In
summary, our main contributions are the following.

1) We propose a new noncooperative game framework
in which the agents compete in an unknown dynamic
environment without having an explicit model of their
own cost functions and aim to minimize their long-
term discounted costs. This is in sharp contrast to the
works of [8] and [21] which deal with an unknown
deterministic environment in which players have com-
plete information of their own cost functions and model
the players as myopic agents.

2) Using the SPG theorem, a new Nash-seeking algo-
rithm is suggested for general-sum Markov games
via TD()X) actor—critic MARL. To address the MARL
algorithms for Nash seeking in noncooperative games,
some efforts have been reported in recent years
(e.g., [22], [23], and [24]). However, these efforts only
cope with zero-sum games or model-based linear envi-
ronments. Here, on the contrary, the actor—critic agents
try to solve the Nash-seeking problem in a dynamic
general-sum game with a completely unknown environ-
ment.

3) Convergence to the unique NE of the game is proved
using the linear function approximation. Here, we
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address convergence proof for noncooperative settings
which profoundly differs from recent cooperative MARL
studies that provide convergence proof to an optimal
solution, e.g., [25] and [26]. One chief challenge of
our analysis is that a Nash-seeking algorithm needs to
converge to the intersection of the best responses of
the competitive agents [27], instead of converging to a
distributed optimal solution of a cooperative reward.
Notation: R represents the set of real numbers. C! is
the set of all differentiable functions. For a vector A, ||A]l
and AT indicate the Euclidean norm and the transpose of
A, respectively. col(xy,...,xy) = [x?—, ...,x;]Tdenotes the
column augmentation of vectors x,, for n = 1,..., N. Vector
[a:i:b] consists of all real numbers between a and b discretized
by step-size i. We denote the inner product of two random
vectors G and H by (G, H), £ GTiH and the norm on the
associated inner product space by ||.|, = /(.,.), where « is
a diagonal matrix consists of steady-state probabilities defined
on state space S. We denote the set of {Q|||Q|, < oco.} by
L (X). The operator I1g(f) is the projection of the function
f onto the space ®.

II. PROBLEM FORMULATION

In this section, we introduce the decision-making model
in a multiagent system and formulate it as a Markov game
in an unknown dynamic environment. We also provide the
formulation of NE (Nash Q-value and Nash policy) for the
proposed Markov game. The formulation is utilized to design
a Nash-seeking algorithm in Section III.

A. Decision Making Model

We consider a set of N agents indexed by n € N =
{1,..., N} playing a Markov game. We further consider that
all the agents interact with an unknown dynamic stochastic
environment characterized by a multiagent Markov decision
process (MDP) as follows.

Multiagent MDP: A multiagent MDP is described by a tuple
(S, AAntuens Py {Rn}nens), where S and A, denote the finite
state space and action space of agent n, respectively. Moreover,
R, represents the expected transient cost function of agent n,
and p(s’|s, a) denotes the state transition kernel of the MDP
given the joint action a € A = IljcnrAj and state s € S.
Considering the state s* = s and joint action @’ = a of the
agents at time 7, the next state s't! = ¢ is sampled from the
environment transition kernel p(s’|s, a).

Cost Functions: At each time transition, each agent n €
receives a cost p, € R, a random variable whose conditional
expectation is affected by its action, the actions of other
players, NV, and also the state of the environment as follows:

Ri(s' dhp ') = E(o}s" ) ') (M)

where R, : S x A, x A_, — R is the expected transient
cost function of agent n. Here, d/, is the action of agent n at
time slot 7, which is selected from the space A,,. Furthermore,

! col(a}, ..., d ., dy) is the action of all

— !
a—p = 2O 1> Apgys -

the agents except agent n, selected from a space A_, =
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Stochastic Environment

Fig. 1. Information scheme of a multiagent MDP.

I;2,Aj. The communication scheme among the agents and
environment in time step ¢ is depicted in Fig. 1.

Policies: We let the agents choose actions according to their
policies, also called strategies. For each agent n, we define its
policy as g, (al|s') parameterized by 6,, where 6, € O,
for some compact ®, C R! with smooth boundary, i.e.,
30, € C'. The policy my,(a!|s") represents the probability
density over the action set 4, given state s’. Also, we define
0 = col(6y,...,0y) € O, where © = Hje./\/ ©;. Then, the
probability density over the joint action set A can be written
as mp(als) = M,en o, (anls). We assume g to be stationary,
i.e., time-independent.

Value Functions: Starting from initial state s9 = 5, the state-
value function of agent n under the joint policy 7y is defined
as J9(s) 2 E[Y 2 () plIs® = s., 9] where y € (0, 1) is a
discount factor. Then, we define the average cost of player n
as follows:

1n(0) 2 B, [ 9)] = Y ka0 (s) )
S

where kg is state invariant distribution. Accordingly, starting

by actions a® = a, and a°, = a_,, the action-value function

of agent n is written as follows:

0
Qn (Sv ans a—n)

o0
A t 1| 0 0 0
=E Z(y) Ppls =s,a,=ap,a’,=a_,,mg|. (3)
=0

B. Markov Game

Since the actions of the agents affect the cost functions
of each other via the term a_,, we refer to this selfish cost
minimization problem as the general-sum Game. We formulate
our decision-making problem of the agents as the following
Markov game:

players: n € N
olicies: m
g=1" i “

value functions: J 2 (s)
environment dynamics: p(s'|s, a).

Accordingly, we define Nash policy as the best policy that
each player can choose in response to other players’ policies.
Associated with the game G in (4), let us consider the
following notion of equilibrium.

Definition 1: A joint policy mg+ is said to be e-First-order
NE (e-FNE) of the game G in (4) if for all n € NV, it satisfies
Vo,Jn(0) < € with J,(0) as in (2).

Thus, the compact notation for the joint policy my« 2
col(rrgr, ..., Tlgy) represents the €-FNE policy. At a ¢-FNE,
each agent operates under policy my+ that approximately
satisfies first-order optimality condition in response to others

agents’ policy mpx = ]_[#n Tgs - Considering the €-FNE

policy n(;‘, the €-FNE action-value function Q3 (s, a,, a—p) 2
QZ* (s, an, a—y,) is achieved when all agents are acting with e-
FNE policies from the initial state s onward. Clearly, we have
First-order NE for € = 0.

Remark 1: FNE is equivalent to local NE point if the value
functions J,(0) satisfy second-order condition of optimality at
ENE, .., V§ J,(6%) > 0 for all n € \.

III. ACTOR-CRITIC ALGORITHM

In this section, we aim to design a TD()X) actor—critic
decision-making algorithm for the Markov game which oper-
ates under the following conditions: 1) the agents can only use
local observations of the actions, the state of the environment
and their own transient cost at each execution time and 2)
the agents are not aware of the transition function of the
environment, nor of the cost functions.

Let us define the set of states-actions as ), =
{col(s, an,a—p)| s €S, a, € Ay, a—, € A_,}. Our proposed
actor—critic algorithm for the Markov game problem is
described in Algorithm 1. In this algorithm, the system is
initialized with the initial state s = s. Having yil € Vu,
we show the estimated action-value function and policy of
each individual player via two general function approxima-
tors, Qg(yil; w,) and 7, (al|s'; 6,) that are parameterized
by weight vectors w, € RX and 6, € ©,, respectively. We
assume that the agents are heterogeneous, i.e., each agent
follows a different policy, and therefore acts differently in
each underlying state of the environment. In this algorithm,
agent n perceives the state of the environment at time step
t, and takes the action a!, € A, sampled from its current
policy g, (al|s"). In this way, the agent receives the scalar
cost p! based on (1) and the environment transits into a new
state s't! which is sampled from kernel p(.|s’,a’.). After
this transition, the agent observes the action of the others
a', as well as the environment’s new state, s'*!. Then, the
agent performs the next action a’*! based on g, (a’F!|s't1),
receives pit!, and observes the other agents’ action a’_+nl.
Based on this experience, at each transition from ¢ to 7+ 1,
data {s', d, a',, p!, s+, @t a’fnl} is utilized by agent n
to update the parameters of its function approximators (i.e.,
the parameters w, and 6,).

In the critic step, the agent updates its approximation of

action-value function Qﬁ !5 wy) via the TD(X) learning

o = o +a'sl, (5a)
= yad +v,, 0° (4 @) (5b)

where o is a time-varying step size and z, € RX represents
Sutton’s eligibility trace for agent n [10] which is defined as
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Algorithm 1: Actor—Critic method for Markov Games

Input: Tnitial values of the parameters w,, z) =0,

6, Vn € N; the initial state s° =, and ¢ = 0;

Each agent n € N executes action a) ~ my0 and observes
n

neighbors’ action a° ,
repeat
for all n e N do
observe st ~ p(.|s, a") and reward p;!

t+1

execute action a,” ~ 7yt

n
observe neighbors’ action a'"!
Lot ot A0 (t+1 1+l
TD error: 8, = p, + y O, (s, @i, aZ)s wn)
r .
—QU(s', ., a_,,; wn)
critic-step: @, <« w, + a8z,
(et 48 o -
In < V}\Zn + Vw”Qn(s ’ anv a_na wn)
actor-step:
tHo ot
On < 0, — B' 08V, logmg, (d!|s")

end
update the iteration counter t <« 7+ 1
until Policy Convergence;

Return 6 = col(01, ..., 0N)

2= Yo (yA) kY, 0% w!). The constant A € (0, 1]
is the trace-decay parameter which determines the tradeoff
between estimation bias and performance [10]. Furthermore,
8 = ph+ yOhoitof) — 040/ @) is the temporal
difference error of agent n at time step ¢ which represents the
gap between two successive observations of the same value.
On the other hand, the actor step resembles the so-called SPG
learning, which aims at estimating the best-response policy via
a gradient step

o1t = 0! — B 08V, logmg (d!|s") (6)

where B is a time-varying step size. The aim of the overall
algorithm is to execute actor and critic steps at each iteration,
so that the actor policy parameter 6, converges toward the
€-FNE as in (1).

IV. CONVERGENCE RESULTS

In this section, the convergence of the proposed actor—
critic learning algorithm with linear function approximator is
studied. To this end, we first theorize the convergence of the
critic step while the joint policy g is fixed on this faster time
scale. Then, we present convergence of the actor step, i.e., the
policy parameter 6’, on the slower time scale. Finally, based
on the well-known two-time-scale theorem [28, Th. 1.1] we
conclude the convergence of Algorithm 1. We start by stating
the essential assumptions.

Assumption 1: We assume that for any n € N, s €
S, and a, € A,, the policy my,(ayls;6,) > 0 for all
0, € ©,. Also, mg, is continuously differentiable w.r.t 6,, over
©,,. Furthermore, the Markov chains {s'};>0, and {(s', a’)};>0
induced by mp are both irreducible and aperiodic, with unique
invariant distributions kg, and kg = kgmg(als), respectively.

Assumption 1 is a standard assumption on MDP and policy
functions as in [29].

. P
een accepted for inclusion in a future issue of this journal. Content is final as presentéthsivmthel @jomatioean|

o il gauass dayi

e Olnl ol 2590

IEEE TRANSACTIONS ON SYSTEMS, MAN, AND CYBERNETICS: SYSTEMS

Assumption 2: The estimated Q-function QZ ' wn)
induced by policy my is assumed to be a linear function
approximator as Qz Oon) = @'(O)w, where w, =
[w, (1), ..., co,,(K)]T are the weight vectors, and ¢ =
o1, ...,goK]T are fixed basis functions defined on the space
Y. Also, K is the total number of basis functions ¢i. The
basis functions {¢1,..., g} are linearly independent and
bounded, i.e., ¢x € Ly, (Y)) for all k and y, € V.

Based on Assumption 2, the approximation of the Qz
evolves in the functional space ® = {¢' (w,|lw, € RK} C
Ly, (Vy), where Hq;Qg is the natural approximation to QZ.

Assumption 3: The step sizes of and B! are positive
and nonincreasing, and they satisfy > ~ja' = 00,
Y0 @) < oo, 0B = 00, 1, (B < oo. Also,
lim;_, oo (B!/a’) = 0 is held.

The last condition in Assumption 3 means that the critic is
a faster recursion than the actor.

Assumption 4: There exists n > 0 such that ||p!|| < 5 for
allr>0andne N.

Assumption 5: For all n € N and 6 on the boundary of ©,
we have —Vy J,, (0) ¢ Ng,(6,) where Ng,(0,) is the normal
cone of ®, at G,. |

As we presume that the set ®, has a smooth boundary,
it is concluded that the normal cone of ®, at any 6, is a
single direction vector. Therefore, Assumption 5 is alleviated
to Vg,J, (6) # kNg, (6,) for any real number k, which is not
a restrictive assumption.

Assumption 6: The policy iterate 6 in actor step includes a
local projection operator I' : RN*! — @, which projects any
0" onto the compact set ©. Also, © is large enough to include
at least one stable FNE of game G.

Remark 2: For instance, potential games are one of the
most widely used examples of multiagent settings with at least
one stable FNE [30].

To establish our convergence analysis, we consider the
TD(A) operator [31, Sec. 6.3.3] which is indexed by a
parameter A € (0, 1), and for a Q" € L, ()y) is described by
the operator T™ : L, (V) — Ly, V), defined as

m=0

- E[(Z (y)'Rn(y;)) + "o (i) b =yn}.
t=0

Theorem 1 (Critic Step): Under Assumptions 1-6, for any
given joint policy 7y and n € N, the critic step (5) converges
to ! which is the unique solution to the following fixed-point
problem:

TP Qu(m) = (1=2) )"

W T 6 T 6
MeT >(¢ a)n) _—_—_ %)
Furthermore, a)g satisfies the following bound:

1
=

§ ﬁ”nchz -, (®)

T, 60 0
HQB w, — Qn

where QZ is the actual Q-function induced by my, and & =

[yd—=2)/1—=yAl
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Considering error bound (8), by selecting compatible basis
functions as in [32], the bias term ||1'I<pQg - QZH converges
to zero, and consequently lim,_, oo 9’ — QF. Therefore, for
a fixed policy, each agent can obtain an estimation of the cor-
responding action-value function, even with local information
only. This approximation of the action-value function is then
adopted in the actor step to approximate the FNE.

In view of the SPG theorem [33, Th. 1], and by using the
Q-function defined in (3), the gradient of objective J,(0) =
Ez, [Jn (0, 5)] reads as

Vo Jn (0) = Ey, [ Ve, log 6,00 (s, an, a_n)]. 9)

In the following theorem, we investigate the stochastic a.s.
convergence of the actor’s parameter 6 to the e-FNE. Also, to
simplify the notation, hereafter we use E,, as E.

Theorem 2 (Actor Step): Let Assumptions 1-7 hold. The
policy parameter {#’} generated by the actor-step in (6)
converges almost surly to a e-FNE of the game G in (4) from
any initial condition.

Proof: First by defining the joint gradient vector
G(6") = col(Vg, J1(0"), ..., Ve, Jn(8") with each Vj, J,(6") =
Vo: (log wg,)w,¢(s', a') and augmenting actor iterates (6) for
all n € N/, we have

o't = 9" — BIG(0). (10)

Now, we consider F = o (0%, 7 <1t) as the o—field generated
by {07, T < t}. Furthermore, we denote

" =G(0) —E(G(6")|F)
£h2 = E[(G(Q’) - (”;(9’)) |f’]

where G(0) = col(Vy,J1(0), ..., VgyJn(6)). Then, the actor
update in (10) with a local projection becomes

ot =rlo' - p/[B(G(e")| 7 ) + ¢+ 2]} an

Note that since the critic converges by Theorem 1, it concludes
that ¢*2 = o(1). Letting M' = 3" _ B7¢7+11 then {M'} is a
martingale sequence. Note that for all n € N, the sequences
{w!}, {g!}, and {z!} are all bounded, and therefore, {¢"!} is
bounded. Thus, from Assumption 3, we achieve that almost
surely

(e i) -5

By the Martingale convergence theorem [34, p. 149], the
Martingale sequence {M'} converges almost surely. Therefore,
we have lim, P(sup;., [|> . _, B7¢™1|| > &) = 0. Furthermore,
by Assumption 1, and implicit function theorem, it can be
obtained that E(G(9")|F'.) is continuous w.r.t 6’. Hence,
we can apply the Kushner—Clark lemma [35, pp. 191-196]
which concludes that the update 6 converge a.s. to the set of
asymptotically stable equilibrium of the following ODE:

Blet! ‘2 <00, (12)

6 =1[EG®)] (13)
where

['[h0)] = oﬁfio{r(e + vh(0)) — 6} /v.
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Fig. 2. C-RAN architecture.

Based on Assumption 5, the set of asymptotically stable
equilibrium of ODE (13) satisfy E(C(G)) = 0 which leads to
Vg,Jn(0) = 0 for all n € M. Therefore, having Assumption 6,
it can be concluded that the sequence {0’} induced by iter-
ate (11) converges a.s. to a FNE of the game G in (4).

Remark 3: Since the linear function approximator has
nonzero approximation error for Qz, the convergent point
of (6) corresponds to a small neighborhood of local optimum
of J,(0), i.e., e-FNE of G. Nevertheless, restricting the linear
basis functions to compatible features as in [32] and [36]
can lead to convergence to FNE. Furthermore, for strongly
convex games as it is argued in [37], there exists a unique
asymptotically stable NE and therefore, update (6) converges
to the NE of the game.

Finally, having proof of critic and actor steps alongside
Assumption 3, the convergence of Algorithm 1 as a two-time
scale algorithm is concluded using [28, Th. 1.1].

V. ILLUSTRATIVE EXAMPLE

In this section, we present an application example for
the optimization of Cloud Radio Access Network (C-RAN)
to evaluate our algorithm. In [38] this model is studied
with complete knowledge about the dynamic model and cost
functions, whereas in our scheme, the agents are aware of none
of them and try to learn the optimal policy by the proposed
actor—critic RL method. In a C-RAN, all conventional tasks of
base transceiver stations (BTSs) are fulfilled by baseband units
(BBUs) located in a BBU pool. Besides, remote radio heads
(RRHs) act as soft relays and interfaces between the BBUs
and user equipment by transmitting radio frequency signals
to user equipment in downlink and forwarding the baseband
uplink signals from the user equipment to the BBUs.

In our application example, we consider 2 BBUs and 4
RRHs (hence, N = 4) as it is depicted in Fig. 2. The dynamic
difference equation for congestion estimation is defined as
stl = As' 4+ Ba' + Dw' where w' ~ 9(0, 1), and 91(0, 1)
is the white Gaussian noise with zero mean and standard
deviation 1. Also, A = 0.85, D = [0.2 0.4]", and B =

00 0 02 O 01 0 03 O
[O 01 0 02 0 01 0 03]}

Moreover, s* € [0 : 0.1 : 8] is the tth stage congestion
in BBUs and o' = col(d|, db, d, a}) where each a}, €
[0:0.1:4)forneN ={1,2,3,4} is the strategy of RRHs
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Fig. 3.  Mean-variance plot of transmission rates of all RRHs in each BBU.

which is their flow rate transferred to each BBUs. The cost
function of agent n can be considered as follows:

Ra(y) = () Has' + (s") " Eudy + (pr(a’,)) ' G

where constant matrices H,, E,, G, are as follows.

1) RRHI: H, = 0.2, E, = 0.35], and G, = 2I5.

2) RRH2: H, = 0.4I, E, = 0.65I,, and G, = 11,.

3) RRH3: H, = 0.1, E, = 0.35], and G, = 31,.

4) RRH4: H, = 0.3, E, = 0.45, and G,, = 51>.
pr(a_,) = (1/[N—1]) > =N /n a]’- determines the price of
each BBUs. We let y = 0.95 and A = 0.2. The action of
each agent is sampled from a parameterized Gaussian policy
W(ug, (s), v?) where jig,(s) = ¥ (s) "6, is the mean, ¥/ (s) €
R! is the policy basis function and v?> = 0.1 is the fixed
variance. To satisfy Assumption 3, learning step sizes are
selected as o' = (1/0%9 and B' = (1/0)%% for all agents.

To evaluate the stochastic results of the simulations, we run
the algorithm for 100 times and depict the mean-variance plot
of policies in Fig. 3. In this figure, we depict the policies
for two incomplete information algorithms (i.e., TD(A) and
TD(0)) and compare it with the analytical solution obtained
under complete information (labeled as Complete Information
in Fig. 3). Using the same computer specifications, the
convergence time of analytical solution, TD(0) and TD(A)
algorithms are 41.19 s, 101.27 s and 142.66 s, respectively.
While TD()) is more complex computationally than TD(0)
(this is due to the additional process of calculating ), in
return, it outperforms the TD(0) in alleviating estimation
error. Also, we compare the performance of TD(A) and TD(0)
algorithms for the first RRH in terms of achieving a better
estimation of Nash Q-value function. To this end, we increase
the number of basis functions K and plot the error between the
actual Nash Q-value and estimated Q-value in Fig. 4. Based on
Fig. 4, we can see that increasing the number of basis functions
leads to a more accurate approximation until overfitting starts.

VI. CONCLUSION

In this article, we developed MARL for general-sum
Markov games to address the model-free decision-making
problem for a set of agents. A TD(A) actor—critic algorithm
is proposed to learn the Nash policy from real system

—e—TD())

50 60 70

Fig. 4. Estimation error versus number of basis functions.

data rather than using a mathematical system model. The
proposed actor—critic algorithm iteratively learns each agent’s
best response to the actions of others. To evaluate our method,
a case study on a C-RAN was conducted. The simulation study
showed that the proposed method is promising in terms of
reducing the estimation error and convergence.
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