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ABSTRACT

This paper presents deep meta coordination graphs (DMCG) for
learning cooperative policies in multi-agent reinforcement learning
(MARL). Coordination graph formulations encode local interactions
and accordingly factorize the joint value function of all agents to
improve efficiency in MARL. DMCG learns a more expressive rep-
resentation of agent interactions and use them to integrate agent
information through graph convolutional networks. The goal is to
enable an evolving coordination graph to guide effective coordina-
tion in cooperative MARL tasks. The graphs are jointly optimized
with agents’ value functions to learn to implicitly reason about joint
actions, facilitating the end-to-end learning of interaction represen-
tations and coordinated policies. We demonstrate that DMCG con-
sistently achieves state-of-the-art coordination performance and
sample efficiency on challenging cooperative tasks, outperforming
several prior graph-based and non-graph-based MARL baselines.
Through several ablations, we also isolate the impact of individual
components in DMCG, showing that the observed improvements
are due to the meaningful design choices in this approach. All codes
can be found here: https://github.com/Nikunj-Gupta/dmcg-marl.
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1 INTRODUCTION

Multi-agent reinforcement learning (MARL) has become essential
for cooperative tasks such as warehouse robotics, drone swarms,
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and autonomous vehicles, where agents must coordinate under par-
tial observability [1, 3, 7, 10, 12, 17, 27]. Value-decomposition meth-
ods [8, 9, 20–24] scale training via centralized training with decen-
tralized execution, but their fully factorized value functions struggle
with credit assignment and relative overgeneralization [2, 18, 25],
where an agent’s action may appear uninformative because its pay-
off depends on whether others coordinate. Coordination graphs
(CGs) [2, 4, 5, 11, 14, 15, 19, 25] address this by decomposing the
joint value function into individual utilities and pairwise payoff
terms, enabling agents to reason about how subsets of teammates af-
fect outcomes. Deep coordination graphs (DCG) [2] extend this idea
to deep MARL with fixed topologies, while subsequent work has ex-
plored implicit coordination via attention (DICG) [15], richer edge
modeling [11, 25], and dynamic agent grouping [4, 19]. However,
effective coordination often requires reasoning aboutmultiple types
of dynamically evolving dependencies, such as direct interactions,
implicit communication links, and influence-based relationships,
that are not known a priori and must be discovered during learning.

We propose deep meta coordination graphs (DMCG), which
dynamically composewhatwe callmeta coordination graphs (MCGs)
to learn expressive representations of agent interactions. MCGs are
integrated with graph convolutional networks (GCNs) [13, 26] for
agent information aggregation and jointly optimized with factored
Q-value functions in a fully differentiable, end-to-end pipeline. A
full description of the approach, including extended experiments
and ablation studies, is available in the full paper [6].

2 DEEP META COORDINATION GRAPHS

Figure 1 illustrates our methodology. We model cooperative tasks
as a decentralized partially observable Markov decision process
(Dec-POMDP) [16] with 𝑛 agents. We maintain 𝐾 base relation
graphs represented as adjacency matrices {𝐴𝑘 }𝐾𝑘=1, each encoding
a distinct latent interaction type among agents and initialized as
complete graphs to maximize expressivity. Agent observations are
stacked into a feature matrix 𝑋 = [𝑜1; . . . ;𝑜𝑛] ∈ R𝑛×𝑑 . Through
𝐿 attention-based composition layers, DMCG constructs 𝐶 paral-
lel channels, where each layer forms a soft mixture of the base
graphs as 𝐴 (ℓ,𝑐 ) =

∑𝐾
𝑘=1 𝛼

(ℓ,𝑐 )
𝑘

𝐴𝑘 , with attention weights parame-
terized by trainable matrices𝑊 (ℓ ) ∈ R𝐶×𝐾 . Sequentially compos-
ing these layers yields a channel-specific meta coordination graph
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Figure 1: Overview of Deep meta coordination graphs

(DMCG). From left to right: (1) agent interactions are rep-

resented through a set of base relation graphs, (2) multiple

attention-based composition layers combine these into task-

adaptivemeta coordination graphs (MCGs), (3) MCGs guide

graph convolutions for agent information integration, and (4)

the resulting embeddings are used for factored Q-value learn-

ing to produce cooperative policies. Together, these steps

enable DMCG MARL agents to achieve robust coordination

and strong sample efficiency across challenging tasks.

(MCG) 𝐴 (𝑐 )
𝑀

=
∏𝐿
ℓ=1𝐴

(ℓ,𝑐 ) , enabling the capture of multi-hop re-
lational dependencies without explicitly introducing long-range
edges, while the𝐶 channels maintain diverse coordination hypothe-
ses. EachMCG then guides a graph convolution [13] with self-loops,
𝐻 (𝑐 ) = 𝜎 (𝐷̃−1

𝑐 𝐴̃
(𝑐 )
𝑀
𝑋𝑊 ) with 𝐴̃ (𝑐 )

𝑀
= 𝐴

(𝑐 )
𝑀

+ 𝐼 , and the resulting
channel-wise outputs are concatenated and projected to obtain
per-agent embeddings 𝑍 ∈ R𝑛×(𝐶 ·𝑑emb ) . These embeddings replace
raw observations in a coordination-graph-based value factorization
(following DCG [2]), decomposing 𝑄tot into individual utilities 𝑄𝑖
and pairwise payoffs 𝑄𝑖 𝑗 over a complete graph, with MCG pa-
rameters and value functions optimized jointly end-to-end. This
design allows DMCG to capture dynamic interaction patterns while
preserving the theoretical guarantees of CG-based factorization.

3 EXPERIMENTS AND RESULTS

We evaluate on four tasks from the MACO benchmark [25], de-
signed to stress-test coordination under temporal extension, sto-
chastic dynamics, and penalties for miscoordination: Gather (5
agents navigating to a shared goal), Disperse (12 agents distribut-
ing across hospitals), Pursuit (10 predators coordinating to cap-
ture prey), and Hallway (multi-group synchronization through
corridors). We compare against VDN [23], QMIX [21], DCG [2],
DICG [15], CASEC [11], NLCG [25], GACG [4], and VAST [19]
across four seeds per task.

Main results (Figure 2). DMCG consistently achieves the best
or near-best performance across all tasks. In Gather, it reaches
∼98% win rate within ∼180K episodes, far surpassing DCG (∼80%)
and outpacing DICG. In Disperse, DMCG learns markedly faster
while reaching competitive final scores. On the more challenging
Pursuit andHallway, wheremiscoordination incurs severe penalties,
DMCG achieves clear advantages in both convergence speed and
final score over all baselines.

Ablations (Figure 3). Targeted ablations on Gather confirm
each component’s importance: (i) reducing composition layers (𝐿=1)
causes a sharp performance drop, confirming multi-layer refine-
ment is critical; (ii) a single channel (𝐶=1) converges to lower win

Figure 2: Overall performance. Comparison of DMCG with

representative MARL baselines across four tasks: Gather,
Disperse, Pursuit, and Hallway. DMCG consistently achieves

state-of-the-art or near-optimal performance, converging

faster and attaining higher mean episode returns than static

graph (DCG), attention-based graph (DICG), edge-selection

(CASEC), non-linear mixers (NLCG), subgrouping (GACG,

VAST), and value-decomposition methods (QMIX, VDN).

Figure 3: Ablation analysis on Gather. Left: Targeted abla-

tions of DMCG varying composition depth (𝐿), channels (𝐶),

and base relation bank size (𝐾). Middle: Effect of base graph
initialization, comparing fully connected and sparse graphs;

increasing message passing (8→16) does not close the gap.

Right: Capacity scaling in DCG and DICG versus MCG-based

integration; naive scaling underperformsDMCG,whileMCG-

based integration yields consistent gains.

rates, showing that parallel channels help explore alternative inter-
action patterns; (iii) smaller base relation banks (𝐾=1 or 𝐾=⌈𝑛/2⌉)
limit diversity and sample efficiency. We also find that fully con-
nected base graph initialization outperforms sparse alternatives
(line, star, cycle, kite), though diverse sparse mixtures perform rea-
sonably. Importantly, simply scaling DCG (wider payoff networks)
or DICG (deeper GCNs) to comparable parameter counts does not
match DMCG, confirming that gains stem from its compositional
MCG design rather than model size.

4 CONCLUSION AND FUTUREWORK

DMCG advances cooperative MARL by dynamically composing
task-adaptive meta coordination graphs that capture rich, evolving
agent interactions. Its compositional design, including multi-layer
refinement, parallel channels, and diverse base relations, enables
expressive agent information integration that outperforms existing
CG-based and value-decomposition methods. Future work includes
scaling to larger agent populations, mixed cooperative-competitive
settings, and integrating domain priors for further efficiency.
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