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Multi-Agent Actor-Critic for Mixed
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Markov Games

In this work, we consider a multi-agent extension of Markov decision processes

— (MDPs) called partially observable Markov games [19]. A Markov game for N agents is defined by a
set of states S describing the possible configurations of all agents, a set of actions Ay, ..., Ay and
a set of observations Oy, ..., Oy for each agent. To choose actions, each agent 7 uses a stochastic

——— policy my, :
T:8 x Al X .

0 S X A — R, and receives a private observation correlated with the state o;

action r;
The initial states are determined by a distribution p : S + [0, 1]. Each agent 7 aims to maximize its

own total expected return R; = ZZ;O v

O; x A; — [0, 1], Wthh produces the next state according to the state transition function
X AN — S Each agent 7 obtains rewards as a function of the state and agent’s
: S 0,

"t where 7 is a discount factor and 7" is the time horizon.
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Figure 1: Overview of our multi-agent decen-
tralized actor, centralized critic approach.
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where pt’ = {pg;, ... pg; } is the set of target policies with delayed parameters ¢. As shown in

O

I‘J(OJ)

Dolicreb
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To remove the assumption of knowing other agents” policies, as required in Eq. |6 each agent 7
can additionally maintain an approximation g & (where ¢ are the parameters of the approximation;

~ henceforth ﬂz ) to the true policy of agent j, p;. This approximate policy is learned by maximizing
—— the log probability of agent 7’s actions, with an entropy regularizer: —

* £(6]) = ~Eo, a, |log it (a3]05) + AH (i) M

where H is the entropy of the policy distribution. With the approximate policies, v in Eq.[6/can be
— replaced by an approximate value y calculated as follows: e

Z) =7+ ’\/"Q?/(X,:ﬂgl(ol): T *I‘;(Oz) te p‘:,N(ON)) (8)




Policy invariance under reward transformations
Theory and application to reward shaping
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v timal policy. It is shown that, besides the

J@H—P»I)ositive linear transformation familiar from

w sitions between states that is expressible as

o utility theory, one can add a reward for tran-
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the difference in value of an arbitrary poten-

tial function applied to those states. Further-

than running our reinforcement learning algorithm on
M = (S,A,T,v,R), we will run it on some trans-——
formed MDP M' = (S, A, T,~,R'), where R' = R+ F
is the reward function in the transformed MDP, and ——
F:5xAxS — Ris a bounded real-valued func-
tion called the shaping reward function. (Simi-

For any fixed MDP and assuming additive, memory-
less shaping reward functions, this R = R + F is the
most general possible form of shaping rewards.? More-
over, they cover a fairly large range of possible shap-
ing rewards one might come up with. For example,

to encourage moving towards a goal, a shaping-reward
function that one might choose is F'(s,a,s’) = r when-
ever s’ is closer (in whatever appropriate sense) to the
goal than s, and F(s,a,s') = 0 otherwise, where r is
some positive reward. Or, to encourage taking action
ay in some set of states Sp, one might set F(s,a,s’) =r
whenever a = a;, s € Sp, and F(s,a,s') = 0 otherwise.

— Theorem 1 Let any S, A, v, and any shaping reward
function F : S x A x S — R be given. We say F
is a potential-based shaping function if there exists
a real-valued function ® : S — R such that for all
s€S—{so},a€e A,s' €S,

F(s,a,s") = v®(s") — ®(s),

(where S — {so} = S if v < 1). Then,
is a potential-based shaping function is a mnecessary

tency with the optimal policy (when learning from

and sufficient condition for it to guarantee consis-

[ 5]

o (Sufficiency) If F is a potential-based shaping
function, then every optimal policy in M" will also
be an optimal policy in M (and vice versa).

2)——

that FF——

o (Necessity) If F is not a potential-based shap-
ing function (e.g. mno such ® exists satisfying
Equation (2)), then there exist (proper) transition
functions T and a reward function R : Sx A — R,
such that no optimal policy in M' is optimal in M .

M’ (S,A,T,v,R + F) rather than from M
(S,A,T,v,R)), in the following sense:
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STAS: Spatial-Temporal Return Decomposition for Solving Sparse Rewards
Problems in Multi-agent Reinforcement Learning

tionality to model complicated relations of the delayed global
reward in the temporal dimension and suffer from inefficien-
cies. To tackle this, we introduce Spatial-Temporal Attention
with Shapley (STAS), a novel method that learns credit as-
signment in both temporal and spatial dimensions. It first de-
composes the global return back to each time step, then uti-
lizes the Shapley Value to redistribute the individual payoff
from the decomposed global reward. To mitigate the com-
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the marginal contribution of player z in C' can be defined as:

v;(C) =v(CU{i}) —v(C). (1)

The Shapley Value of player ¢ can be computed from the

marginal contribution of player 7 in all subsets of N:

HOEESY CIH(IN] = [C] = 1)!

CCN\{i}
True HotwuN
‘f T-1 T-1 T-1 N
- 7’ep<7-) ~T = r St ut (7)) = r(se,ue) = D, (i,1).
- +—0 — t=0 t=0 i=1 &
I L vy
A

YJWL/\ -h’ BQ, JUM ) 02‘2’\1

Ly = (m—ZZ NG r))
T N

1
{®,(0,0))
VAN

Spatial |—|
View
Shapley Attentlon
.n )
/ u:u-ﬂ
) 3 Transpose view

Update

f

Dot Product

Temporal Attention

T Encoding
ﬂ

Temporal
\ View

Input sequences

Scaled Product &
Softmax
€ep |e; |ez |e3 | .. T
i U U Bl




Using Contrastive Samples for Identifying and Leveraging Possible
Causal Relationships in Reinforcement Learning

Illustration with 5x5 grid: experiments on larger sizes
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Continous influence  Trajectory dependent S"“/BT <1 S w2
Single waypoint Two waypoints
——Fig. 1. Difference between a one-step inference problem and a sequential —————
decision-making problem. In the latter case, the influence of A on the long Fig. 2. Schematic of the environments used in this work. Waypoints W1

term rewards is more subtle. and W2 influence the terminal rewards if they are visited on the way to

G. Size of the environment is illustrative; experiments use 8x8 and 12x12
grids.
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