
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 𝜇𝑡𝑜𝑡. When we try to optimize a

new learning policy 𝜋𝑡𝑜𝑡 ​, 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 penalizing 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 𝜌𝜋𝑡𝑜𝑡 𝑠, 𝑎 .

Model: Cooperative MARL as a Partially Observable Markov Decision Process 

(POMDP):

𝑀 = 𝑆, 𝐴, 𝑃, 𝑟, 𝑍, 𝑂, 𝑛, 𝑁, 𝛾

Goal: Maximize expected joint return 𝐸 σ𝑡=0
∞ 𝛾𝑡𝑟 𝑠𝑡 , 𝑎𝑡

Offline Dataset: 𝒟 collected by behavior policy 𝜇𝑡𝑜𝑡

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

𝑠, 𝑎 under policy 𝜋𝑡𝑜𝑡: 𝜌
𝜋𝑡𝑜𝑡 𝑠, 𝑎 = 1 − 𝛾 σ𝑡=0

∞ 𝑃 𝑠𝑡 = 𝑠, 𝑎𝑡 = 𝑎
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Preliminaries

Optimize expected return regularized by the f-divergence between learning (𝜋𝑡𝑜𝑡) 

and behavior (𝜇𝑡𝑜𝑡) stationary distributions:

max
𝜋𝑡𝑜𝑡

𝐸 𝑠,𝑎 ∼𝜌𝜋𝑡𝑜𝑡 𝑟 𝑠, 𝑎 − 𝛼𝐷𝑓 𝜌𝜋𝑡𝑜𝑡||𝜌𝜇𝑡𝑜𝑡

𝐷𝑓 𝜌𝜋𝑡𝑜𝑡||𝜌𝜇𝑡𝑜𝑡 = 𝐸 𝑠,𝑎 ∼𝜌𝜇𝑡𝑜𝑡 𝑓
𝜌𝜋𝑡𝑜𝑡 𝑠,𝑎

𝜌𝜇𝑡𝑜𝑡 𝑠,𝑎
is the 𝑓-divergence (𝑓 is convex),

𝛼 balances reward maximization and distribution matching

Core Idea

Mathematical Formulation & Derivations

Closed-Form Solution: Inner max over 𝑤𝑡𝑜𝑡 has a solution, 

simplifying to minimization over 𝜈𝑡𝑜𝑡 only:

min
𝜈𝑡𝑜𝑡

ሚℒ 𝜈𝑡𝑜𝑡 = 1 − 𝛾 𝐸𝑠0 𝜈
𝑡𝑜𝑡 𝑠0 + 𝐸𝜌𝜇𝑡𝑜𝑡 −𝛼𝑓∗

𝐴𝜈
𝑡𝑜𝑡 𝑠, 𝑎

𝛼

𝑓∗ is the convex conjugate of 𝑓

Optimal 𝑤𝑡𝑜𝑡∗ 𝑠, 𝑎 = max 0, 𝑓′ −1 𝐴𝜈
𝑡𝑜𝑡 𝑠, 𝑎 /𝛼

Value Factorization for MARL (CTDE)

Decomposition: Using local functions 𝜈𝑖 , 𝑞𝑖 and a mixing network ℳ𝜃

𝜈𝑡𝑜𝑡 𝑠 = ℳ𝜃 𝜈 𝑠 , 𝐴𝜈
𝑡𝑜𝑡 𝑠, 𝑎 = ℳ𝜃 𝑞 𝑠, 𝑎 − 𝜈 𝑠

Convexity: The objective ሚℒ 𝜈, 𝜃 is convex in 𝜈 if ℳ𝜃 has non-negative

weights and convex activations (e.g., linear, ReLU).

Practical Algorithm & Losses

• Local value nets 𝜈𝑖 𝜓𝜈

• Q-nets 𝑞𝑖 𝜓𝑞

• Policy nets 𝜋𝑖 𝜂𝑖

• Mixing nets ℳ𝜃

MSE Loss for Q-function:

ℒ𝑞 𝜓𝑞 = 𝐸𝒟 ℳ𝜃 𝑞 − 𝜈 − 𝑟 + 𝛾ℳ𝜃 𝜈′ −ℳ𝜃 𝜈
2

Value Function Loss: Sample-based version of ሚℒ

ሚℒ 𝜓𝜈 , 𝜃 = 1 − 𝛾 𝐸𝑠0 ℳ𝜃 𝜈𝑠0 + 𝐸 𝑠,𝑎 𝛼𝑓∗
ℳ𝜃 𝑞 − 𝜈

𝛼

Policy Loss: 

ℒ𝜋 𝜂𝑖 = 𝐸𝒟 𝑤𝑡𝑜𝑡∗ 𝑠, 𝑎 log𝜋𝑖 𝑎𝑖|𝑠𝑖; 𝜂𝑖

Maximize Expected Return Regularize Distribution Shift

Experiments & Results


	Slide 1

