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ABSTRACT

Many cooperative multi-agent tasks are naturally defined by graph-
structured objectives, where agents must collectively achieve a
desired relational configuration or satisfy a set of constraints. How-
ever, current goal-conditioned multi-agent reinforcement learning
(MARL) methods rarely leverage such symbolic structure to guide
learning. To address this challenge, we propose Graph Embeddings
for Multi-Agent Coordination (GEMA), which augments any co-
operative learner with a State-Graph Encoder (SGE). The SGE is
pre-trained contrastively to embed state and goal graphs in a shared
metric space. At run time, each agent constructs the state graph,
queries the SGE, and computes a similarity score to the goal em-
bedding. This similarity serves as an intrinsic reward, providing
dense feedback on task progress, and is also incorporated into each
agent’s observation. Experiments on cooperative navigation, load
balancing, and the StarCraft Multi-Agent Challenge (v2) show that
GEMA accelerates convergence and improves team returns.
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1 INTRODUCTION

Numerous real-world tasks—ranging from robot formation control
to load balancing in data centers—require teams of learning agents
to steer a system towards a graph-structured goal: a desired
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configuration of entities and their relations [1, 2, 5, 6]. Traditional
cooperative multi-agent reinforcement learning (MARL) algorithms
face significant challenges in these settings. First, progress toward
a goal is often only sparsely rewarded by the environment, which
can impede learning. Second, traditional algorithms do not fully
exploit the relational structure present in many tasks, missing the
permutation-invariant inductive biases that graph-based represen-
tations naturally provide. We address these challenges with Graph
Embeddings for Multi-Agent Coordination (GEMA), a plug-in
module that can be paired with any cooperative MARL algorithm.
Before policy learning, we contrastively pre-train a State-Graph
Encoder (SGE) that maps both the current system graph and the
objective graph into a metric space calibrated to task progress. At
run time, each agent reconstructs the current state graph, feeds
both graphs through the frozen SGE, and obtains (i) a similarity fea-
ture appended to its private observation, and (ii) an intrinsic reward
equal to that similarity. Experiments on cooperative navigation,
load balancing, and StarCraft Multi-Agent Challenge (SMACv2) [4]
show that GEMA accelerates convergence, improves asymptotic
returns, and scales efficiently from three to ten agents.

2 METHOD

The intuition is to learn a latent representation space where the
relational similarity of the current configuration and the desired
goal can be meaningfully compared, and inform the agents of such
(dis)similarities as they train their distributed policy. To this end,
prior to policy training, we introduce a contrastive representation
learning phase to train a SGE that captures relevant relational prop-
erties of the task. Once learned, we employ the SGE to allow each
agent to compute an embedding of the current state and measure
its similarity to the desired goal. This similarity serves as feedback
for our agents and as an intrinsic reward signal that complements
the environment reward.

2.1 Learning the State-Graph Encoder (SGE)

We represent each environment configuration as a State-Graph: an
undirected attributed graph G = (V, E), where nodes V correspond
to entities (agents and other relevant objects) and edges encode pair-
wise relations. Similarly, a Goal-Graph encodes the target relational
configuration the team should achieve.
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Table 1: Summary of results across benchmarks. Training metrics report final performance from the learning curves; evaluation
metrics report mean =+ std over the stated number of episodes. Dashes indicate the method/metric was not reported or not
applicable for that setting. CN=Cooperative Navigation, LB=Load Balancing. The higher the better.

Task Metric Actor GEMA MAPPO MASAC VDN LAGMA MASER MADDPG QMIX  QMIXRS
CN Final return (training) GNN 0.936 0.859 0.770 0.795 0.758 0.753 0.320 - -
CN Final return (training) MLP - 0.864 0.908 0.815 0.753 0.750 0.309 0.814 -
CN Avg. return (eval), 3 agents GNN 93.79 £ 2.58 86.59 £4.00 77.05£7.92 81.18 £ 5.98 73.77 £ 13.51 74.72 £11.02  30.62 £ 11.27 - -
CN Avg. return (eval), 6 agents GNN 93.48 + 1.47 88.51 £2.20 84.07 £4.18 84.81 + 3.39 79.16 £ 12.45 80.82 + 9.28 36.70 + 7.87 - -
CN Avg. return (eval), 10 agents GNN  93.08 + 1.04  89.69 + 149 87.77 +2.62  86.65+ 2.51 82.11 £ 12.16 84.00 + 8.70 40.78 + 5.99 - -
LB Final return (training) GNN -0.008 -0.158 - -0.396 -0.365 -0.352 - - -
LB Avg. return (eval) GNN 10.07 £ 59.23  -4.85 + 62.81 - -23.61 £51.71  -40.98 = 41.94  -44.57 £+ 46.42 - - -
LB Constraint-satisfying steps (eval) GNN 29.5 + 38.9 24.0 +36.5 - 13.2 £ 258 4.07 + 11.19 4.18 + 16.02 - - -
SMACv2  Win rate (training) RNN 0.56 - - - 0.12 0.20 - 0.54 0.44
Training the SGE is conducted purely in an offline process where 3 RESULTS

no policies are learned at this stage, and the environment is queried
only to record diverse states. First, we construct a dataset of state—
goal graph pairs annotated with coarse progress labels. Then, we
embed graphs with a graph neural network (GNN)-based encoder
[3] that produces permutation-invariant representations:

hz()e) =¢upd(hz(;[_l): @ lﬁ(hz(,[_l), h£€_1)3 euu))’

ueN(v)

£(G) =7<({h§"> |o; € V}) .

Here, N (v) denotes neighbors of v. Functions ¢ypq and ¢ are multi-
layer perceptrons (MLPs) (parameters ) shared across nodes and
layers, enabling multi-hop relational context [9]. Both € and R
are permutation-invariant so f3(G) is index-order independent.

Finally, we learn the latent space with a triplet contrastive loss
[13] with adaptive margins, encouraging the cosine distance to
reflect task progress:

-Ltriplet = [dcos(zaa Zp) - dcos(za) Zn) + apn]+-

where d.s is the cosine distance, z? the anchor, z? the positive
sample, z” the negative, and ay, the margin.

After this pretraining phase, the encoder parameters are frozen
and reused during policy optimization.

2.2 Training the Agents

We integrate the SGE into the online learning loop by providing
each agent with a shared task-level context derived from state-goal
similarity and an intrinsic reward proportional to that similarity.

At each time step t, every agent constructs the current state
graph G, and the goal graph G*. The SGE produces embeddings
zt = fo (Gr) and z* = fy (G*). We then compute the cosine
similarity ¢, = cos(z;, z*), which serves as a compact global signal
shared among all agents. Each agent i concatenates c¢; with its local
observation o;; and feeds the resulting vector to its policy (and
value-function) head.

Finally, we use c; as an intrinsic shaping reward,

int = env int
+pr,

ry =Cg, ry =1y

where f controls the contribution of the intrinsic reward relative
to the environment reward.
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Table 1 summarizes results on three benchmarks: cooperative nav-
igation (CN), load balancing (LB), and SMACv2. We compare GEMA
against five standard multi-agent algorithms—MAPPO [15], MASAC
[7], VDN [14], MADDPG [10], and QMIX [12]—and two goal-based
baselines, LAGMA [11] and MASER [8]. Across CN and LB, GEMA
is integrated into MAPPO, and into QMIX for SMACv2!.

In cooperative navigation, the team succeeds when each agent
reaches and occupies a distinct landmark. GEMA achieves the high-
est return, regardless of whether the baselines use a GNN- or MLP-
based actor. To assess scalability, we also evaluate GEMA by in-
creasing the number of agents (and targets) at test time without
retraining. In this setting, GEMA still outperforms all baselines.

In load balancing, agents must maintain a target load across
a set of cloud machines by deciding where to execute a stream
of incoming jobs. Learning is driven by sparse rewards. Across
all metrics, GEMA achieves better performance by leveraging the
intrinsic reward induced by the SGE.

Finally, in SMACv2, GEMA operates under partial observability
and therefore uses only the intrinsic reward (i.e., without concate-
nating the similarity score to the agents’ observations). Even in this
setting, GEMA attains a higher win rate. To highlight the impor-
tance of SGE pretraining, we include an ablation (QMIXRS) where
the intrinsic reward is computed from raw state features rather than
the learned SGE embedding. This variant underperforms, indicating
that representation learning is critical to the method.

4 FUTURE WORK

We introduced GEMA, a novel plug-in that enables cooperative
MARL algorithms to yield higher returns and maintains its edge
as the team size grows. Future research will explore end-to-end
online training of the SGE, partial observability, hierarchical sub-
goal discovery, distributional shift between the data used to train
the SGE and on-policy states, and deployment in environments
with imperfect state reconstruction.

This material is based on research sponsored by AFRL/RW un-
der agreement number FA8651-25-1-0003. The U.S. Government is
authorized to reproduce and distribute reprints for Governmental
purposes, notwithstanding any copyright notation thereon. Ap-
proved for public release: distribution unlimited.

1Code: https://github.com/aamatodev/gema
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