ComaDICE: Offline Cooperative Multi-Agent
Reinforcement Learning with Stationary

Distribution Shift Regularization

Introduction

« Offline MARL Challenge: The fundamental difficulty is learning from a fixed
dataset D collected by some behavior policy u;,;- When we try to optimize a
new learning policy m,,; , it might explore state-action pairs (s, a) that are rare
or absent in D. Standard RL value estimation (like Q-learning) struggles here,
often overestimating values for these out-of-distribution (OOD) pairs, leading to
poor performance. This is the distributional shift problem.

« Our Approach: Instead of just penalizihng OOD actions (like many prior

methods), ComaDICE aims to align the overall state-action visitation frequency

of the learned policy with the behavior policy. This frequency is captured by the

stationary distribution p™tot(s,a).

Preliminaries

Model: Cooperative MARL as a Partially Observable Markov Decision Process
(POMDP):
=(S,A,P,r,Z,0,n,N,vy)
Goal: Maximize expected joint return E[X.72, v r(s,, a,)]
Offline Dataset: D collected by behavior policy u;,;

Stationary Distribution (Occupancy Measure): Probability of visiting state-action

(s,a) under policy m,;: pTtot(s,a) = (1 —y) X2 P(s; = s,a; = a)

Core ldea

Optimize expected return regularized by the f-divergence between learning (m;,;)

and behavior (u;,;) stationary distributions:

max E (g q)~ p”tot [ (s, a)] — an(pﬂtot”thot)

Tltot ~

Maximize Expected Return Regularize Distribution Shift

pntot(sya)
pHtot(s,a)

Df (pTeot||pHtot) = E (s gy~ phtot [f( )] IS the f-divergence (f is convex),

a balances reward maximization and distribution matching
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Mathematical Formulation & Derivations

Closed-Form Solution: Inner max over wt°t has a solution,

simplifying to minimization over v*°¢ only:

min L(v°") = (1 — y)E,, [v*°*(so)]

ytot

+ Epﬂtot [_(Zf* (

f* is the convex conjugate of f
Optimal w***(s, a) = max{0, (f)~'(4y’*(s,a)/a)}

Practical Algorithm & Losses

Ay (s, a)

)
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Value Factorization for MARL (CTDE)

Decomposition: Using local functions (v;, g;) and a mixing network M,

v (s) = Mylv(s)], 4 (s, @) = Mylq(s,a) — v(s)]

Convexity: The objective L(v, 8) is convex in v if My has non-negative

weights and convex activations (e.g.,

linear, ReLU).
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« Local value nets v;(y,,)
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MSE Loss for Q-function: l '
£4($q) = Ep | (Mslg —v1 = (r + yMy[v'] = Mp[v]) aer) |- L vnlen)
q¢\Wq) = Ep olq —v r+yMylv olv])) | LZANTMLE  LZmATml
Value Function Loss: Sample-based version of £
N B [ Molq — V]
L(l/)v» 9) — (1 - V)Eso MG [VSO] + E(s,a) C(f p
Policy Loss:
— tot+* .
Lr(m;) = Ep|lw®™ (s, a) logm; (a;|s;; 1))
Experiments & Results
Instances BCQ COL 1CQ OMIGA OptDICE AlberDICE COIE:)‘;‘HDSI)CE
expert 77.9 + 58.0 159.1 43138  754.7+8063 859.6+709.5  6559+120.1  844.6+556.5  2827.7 +62.9
Hoppey | Medium | 44.6 £20.6 4013+199.9  501.8+140 1189.3+5443  204.1+419 2169+353  822.6+66.2
PPl mreplay | 26.5+24.0 314+152 19541036 7742+4943  257.8+553 41922435  906.3 + 242.1
m-expert | 543 +23.7 648+ 1233 35543739  709.0+5957  400.9+1325  515.1+3034 1362.4 5229
expert 1317.7 £286.3 10424 +£2021.6 2050.0+11.9 20555+ 1.6 1717.2 £ 27.0 1896.8 + 33.7 2056.9 £ 5.9
Ay medium | 10506912 533917664  14124£109  14184%54 11990268  13043+26  14250%29
m-replay 950.8 +48.8 234.6 £ 1618.3 1016.7 £ 53.5 1105.1 £ 88.9 869.4 + 62.6 1042.8 + 80.8 11229 + 61.0
m-expert | 1020.9+2427  800.2+1621.5 15902856 17203+110.6 12932+183.1  1780.0+23.6  1813.9 + 68.4
expert 29927 £629.7 1189.5+1034.5 29559 +459.2 3383.6 +552.7 2601.6 £ 461.9 3356.4 +546.9  4082.9 + 45.7
Half  medium | 2590.5+11104 1011.3+10169 25493+963 3608.1+237.4 30539468  5224+3155  2664.7+54.2
Cheetah m-replay | -333.6+152.1 1998.7 £6939 19224 +612.9  2504.7 £ 83.5 -912.9 £ 1363.9 440.0 £528.0  2855.0 + 242.2
m-expert | 3543.7+780.9 11942+1081.0 2834.0+420.3 2948.5+5189 -2485.8+23384 228827595 3889.7 +81.6
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