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ABSTRACT

Multi-agent reinforcement learning struggles with scalability and
real-world applicability, as the high interaction variability across
team compositions limits the effectiveness of online adaptive meth-
ods. Alternatively, offline RL can address these limitations by lever-
aging diverse offline data to facilitate learning across teams. How-
ever, existing offline RL methods fail to produce multi-agent policies
that can both adapt using only offline data and coordinate effec-
tively under decentralized execution. To address these challenges,
we present Graph Conditioned Diffusion (GCD), a multi-agent dif-
fusion framework that uses graph-based communication to learn
generalizable offline policies and maintain decentralization during
execution. Our framework leverages the conditional generative
modeling ability of diffusion models to learn multi-modal distri-
butions of trajectories across team compositions by conditioning
on team communication embeddings. We then adapt coordination
online through classifier-free guidance, which steers the generative
process toward behaviors that generalize across team compositions.
We evaluate our method on the StarCraft IT Multi-Agent Challenge
v2 (SMACv2) domain, demonstrating superior generalization with
an average win-rate improvement of 7.4% to 221.4% in unseen team
compositions compared to decentralized baselines.
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1 INTRODUCTION

Learning generalizable policies across diverse multi-agent teams is
a central challenge in multi-agent reinforcement learning (MARL).
This challenge often requires policies to be effective in coordinating
teams with heterogeneous agents of diverse capabilities. While
heterogeneous teams are well-suited to address complex real-world
problems [9, 30], learned policies also need to be adaptive to the
varying capabilities across team structures, particularly when team
compositions change. MARL policies trained with conventional
approaches under fixed team structures can struggle to adapt when
those structures change, especially in decentralized settings where
disrupted communication links demand flexible coordination.

In critical settings like search and rescue, directly interacting
with the environment in an online setting poses safety risks [19, 33],
making the offline MARL paradigm particularly valuable as it en-
ables agents to learn from pre-existing datasets [39]. However,
offline MARL faces substantial challenges, including extrapolation
errors when agents encounter state-action pairs absent from the
training dataset. Furthermore, the necessity of multi-agent coordi-
nation adds complexity, as suboptimal coordination by any agent
can result in widespread failures [4]. These challenges become more
pronounced in heterogeneous systems, where scalability depends
on data distributions that sufficiently capture diverse interactions
across varying team compositions [10]. When such diversity is
limited, learning becomes significantly more challenging. Recently,
diffusion models have excelled in offline reinforcement learning (RL)
tasks [12] through their capacity to model complex multi-modal
data distributions [42] and their conditional generative modeling
ability, which shapes policy behaviors towards desired outcomes
[1]. Building on these strengths, we leverage diffusion models as
the foundation of our framework.

In this paper, we address the difficulties of learning generalizable
offline policies for diverse multi-agent systems by leveraging diffu-
sion models to learn multi-modal distributions of trajectories. We
formulate this problem under an offline meta-MARL framework,
where different team compositions are treated as distinct tasks.
Moreover, we address the challenge of decentralization by leverag-
ing graph-based multi-agent communication, allowing distributed
information sharing during the diffusion process. We evaluate our
approach on the widely used StarCraft II Multi-Agent Challenge v2
(SMACv2) domain [3], which incorporates substantial stochasticity,
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meaningful partial observability, and highly variable team com-
positions. These characteristics make SMACv?2 a challenging and
comprehensive testbed for assessing generalization in multi-agent
systems. Our contributions are as follows:

e We propose a novel diffusion-based offline MARL architecture
with graph-based communication designed for generalizable
multi-agent teaming.

We introduce a novel classifier-free guidance method that con-
ditions on multi-agent communication embeddings to enable
generalization across team compositions.

We perform experiments characterized by the availability of team
composition data during training. Our method consistently out-
performs baselines on unseen teams, achieving average win-rate
improvements from 7.4% to 221.4%.

We show that our method is flexible to varied communication pro-
tocols and that heterogeneous communication protocols result
in increased robustness in limited observability, with an average
win-rate improvement of 35.8% to 73.3% on unseen tasks.

2 RELATED WORK

Offline Reinforcement Learning: Offline RL has recently re-
ceived significant attention due to its potential to leverage static
datasets without the need for additional environment interactions
[17, 19]. However, offline RL often suffers from a distributional
shift problem where the data used to train the policy differs from
the learned behavior. To address this, recent work leverages value-
based learning techniques, including methods that reduce Q-value
overestimation [5] by learning policy constraints [17] or by using
regularization [16]. Alternatively, non-value based methods have
used generative methods like diffusion models to learn reward and
trajectory distributions from offline datasets and generate trajec-
tories through guided sampling [1, 12]. We build on this work,
leveraging the conditional generative modeling ability of diffusion
models to learn multi-modal distributions of trajectories across
team compositions.

Communication in Multi-Agent Systems: Multi-agent sys-
tems that learn communication protocols show improved coordina-
tion performance as agents learn how to effectively share informa-
tion, leading to more effective collaboration [34, 38]. Recent work
employs Graph Neural Networks (GNN) models within multi-agent
communication, showing superior performance in modeling the
communication structure of multi-agent teams [25]. Building on
this, prior work has also leveraged heterogeneous graphs to model
class-specific interactions among agents [30]. Motivated by this, we
incorporate graph-based communication in our method and extend
it to the offline setting. To the best of our knowledge, we are the
first to integrate graph-based multi-agent communication within
diffusion-based offline MARL.

Multi-Agent Generalization: Generalization of MARL algo-
rithms has focused on learning transferable policies across tasks,
where increasing environment and team sizes lead to scalability
challenges. Prior work in online MARL addresses these challenges
through specialized architectures like GNNs, Transformers, and
meta-learning paradigms [11, 24, 40, 41, 47]. However, how to ef-
fectively extract task information to enable generalization in multi-
agent settings remains an open question [45]. Methods such as
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MATE [28] and M3 [23] learn to condition policies on task rep-
resentations, but require additional online learning for effective
adaptation. Other methods, such as ODIS [46] and HiSSD [21], also
extract common and task-specific skills as conditioning mecha-
nisms for value-based methods, but this approach is inflexible as it
biases models toward pre-defined skill partitions, and value-based
algorithms that they build on may not be ideal for conditioning.

In contrast, we tackle this problem from an offline MARL per-
spective by using graph-based multi-agent communication to cap-
ture task-relevant information. Our method leverages the diffu-
sion model’s inherent conditional generative capabilities to enable
policy conditioning, using task embeddings derived from graph-
based multi-agent communication as the conditioning signal. A
key advantage of our design is its ability to adaptively capture
team-level representations that emerge through communication,
enabling more robust and scalable generalization.

3 PRELIMINARIES

Multi-Agent Heterogeneous POMDP: Our problem is modeled
as a multi-agent heterogeneous partially observable Markov de-
cision process (MAH-POMDP) [30], an extension of the decen-
tralized POMDP (Dec-POMDP) formulation [26], defined by 7~ =
(CNASD Y jee, AAD Y je, {0V} jec, P. R, y). Here, C denotes
the set of available agent classes, and j € C denotes an agent’s
class. N = }jcc NU) is the total number of agents in the team,
where N) denotes the number of agents in class j. We define the
team composition as the tuple m = {N) }jec, specifying the dis-
tribution of classes within the team. The joint set of state-spaces is
N](j)]

i
with s;j representing the state-vector of agent i of the j-th class, at
time ¢. In the same manner, A = {AY) } jec denotes the joint set

()
. R 1;, 2 N:
of action-spaces where each AY) = [atj, a’, - a,’

denoted as S = {S(j)}jgc where each SU) = [stlj, stzi, e

, with aij
representing the action-vector of agent i of the j-th class, at time
t. Similarly, O = {0} jec denotes the joint set of observation-

N

2j J
>, 0,

spaces where each o\ = [o,lj, 0, , with o;j represent-
ing the observation-vector of agent i of the j-th class, at time t.
The state transition is denoted as S’ ~ P(8’|S, A) where P is
the state-transition function of the domain. We consider a fully-
cooperative domain where a team’s shared reward is represented

by R = R(S,A), and y € [0,1) is the temporal discount factor.

Offline Meta-Reinforcement Learning: We consider learn-
ing cooperative MARL policies in different team compositions as
distinct tasks, each modeled as a separate MAH-POMDP. We formu-
late our approach within an offline Meta-RL framework [2], where
an inner-loop process learns task-specific representations and an
outer-loop learns a generalizable policy capable of adapting across
tasks. We learn over distributions of datasets, collected by behavior
policies, denoted as D = {Dp, }ﬁle with each Dy, containing a
fixed number of trajectory samples from the m-th task in the set of
training tasks T;rqin = {‘7},}{1‘1’1:1. Our learning objective is denoted
as maxX; Bz o7, 000 [Rm (rr)], where we learn policies 7 maximiz-
ing the cumulative discounted reward, Ry, of each training task,
Tm, under the training task distribution, P (T¢rqin)-
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Figure 1: GCD consists of two phases: Communication Message Encoding and Communication Conditioned Diffusion. First

communication layers generate embeddings, zij , from observations, messages, and the graph structure G". Second, these
embeddings condition generation through dropout sampling, (1 - f,), applied during training to enable classifier-free guidance.

Offline RL with Diffusion Models. Diffusion models [7, 35, 37]
are a class of generative models defined by two primary phases:
a forward noising process q(xg|xx-1) and a trainable reverse de-
noising process pg(xx—1|xx). We use the Denoising Diffusion Prob-
abilistic Model (DDPM) formulation, and create noisy trajectories
through q(xi|xo) == N (xx; Vakx, (1= @)I), where @* is a pre-
defined noise scheduler dependent on the diffusion timestep k. A
deep neural network €g (xg, k) is trained to predict the noise added
to xy at each diffusion step through £(0) := Exy~qk~[1,K],e~N(0.1)
[||e — eg(x, k)||2] . Samples are then generated via a series of re-
verse denoising steps, gradually removing noise from a starting
Gaussian noise sample xg ~ N (0, I). In the context of offline RL,
diffusion models can learn a policy distribution by treating trajecto-
ries as data points. We extend diffusion models to model interactions
among agents, following prior work [44, 48].

4 METHOD

We introduce Graph Conditioned Diffusion (GCD), a novel multi-
agent diffusion framework that leverages graph-based multi-agent
communication to learn decentralized and generalizable policies.
The overall GCD architecture is outlined in Figure 1, and detailed
configurations are provided in Appendix A.1.

4.1 Diffusion with Graph Communication

Incorporating communication in MARL naturally aligns with GNN
architectures, where effectively modeling the graph topology of
agent interactions has shown to be essential for effective coordina-
tion [25, 30, 34, 38]. Motivated by this, we adapt graph communica-
tion to model information sharing between agents during diffusion
process, thereby learning to extract implicit task information from
multi-agent communication.

4.1.1  Communication Message Encoding. We first describe how
agents generate message encodings for communication within our
diffusion architecture, as shown in Figure 1. During offline training,
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each team-specific data sample is defined as dy, = [GI", R™, 2", 6]

For a given trajectory 7 and team composition m, this sample
consists of the graph structure G, encoding agent connectiv-
ity and class-type information, the team reward R}, joint actions
al' = {alrc(i) }fil, and joint observations 6" = {ol,C(i) }{.\il. Here, C(i)
denotes the class of agent i. For the rest of the paper, we adopt het-
erogeneous graph notation aligned with the MAH-POMDP setting,
which generalizes to other graph-based communication protocols
detailed in Appendix A.2.

The initial noisy trajectory of each agent at diffusion step K
consists of two parts. First is the history conditioning up to the h-th
timestep, denoted as o;{ b where each o;j € R% is an observation
feature at timestep ¢ in the trajectory with a feature dimension of
dp. Second is the diffusion horizon, extending H steps beyond the
)%g’hH:thH, where each i}g’t € R% ig
sampled from a standard normal Gaussian distribution A (0, I). At

each diffusion step k, each agent encodes this information through

last history step, denoted as

a set of message encoders, generating messages {m,’ }521, where
R is the total number of layers and r is the encoder layer index.
Extending the temporal U-Net architecture [12], the message en-
coders use down-convolutional layers that progressively compress
both the time horizon and the feature dimensions such that each
message m,; € RT*9 has a time dimension of T, and feature di-
mension of d, at each layer r. Formally, we define the message
computation as: my = MessageEncoderi (x;cj ) : RToxdo 5 RT-xdr
. [o;{h I leh+1:h+H] € R4 concatenates the agent’s
history and diffusion horizon, with total length T, = h + H.

We note that message encoder parameters are homogeneous
and shared across agents as the observation space is consistent
across team compositions. However, the heterogeneity of agents is
captured by the node-type information in the graph data structure
and can be leveraged by heterogeneous communication protocols in
the message aggregation phase, as detailed in Section 4.1.2. During
each diffusion timestep, each agent enters the message-passing

i
where x,;/ =
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phase, sending messages to neighboring agents as determined by
the topology of GI"'. Importantly, agents compute their messages
via individual encoders, crucial for maintaining decentralization,
as the encoders can be distributed during execution.

4.1.2  Communication Embeddings. Following the message-passing
phase at each layer, we apply graph-based aggregation to the en-
coder messages to facilitate inter-agent communication. To take ad-
vantage of the heterogeneous structure of our problem, we describe
this process using the HetGAT [31] mechanism that incorporates
type-specific relational information. Since the message at layer r
has shape R7 %% we denote its temporal slices as mlr{t € R¥ and
apply HetGAT across each agent’s time dimension.

First, normalized attention coefficients are computed, afkﬂ

softmax(c’ (Wlajj[W ml] I Wlﬂjm]:,’t])), to weigh neighbor mes-
sages along the commumcation edges. Here [—j denotes an edge-
type meaning “from class [ to class j”, and the respective commu-
nicating agents’ indexes are k and i. At each layer, the class-based
node parameters are denoted as W; € R%, the class-to-class edge
parameters as W_,; € R?, and the class-to-class attention parame-
ters as Wlait] € R?¥  Note that this formulation naturally accounts
for intra-class communication when I = j, allowing agents of the
same class to communicate along distinct channels. Next, using
these coefficients, we compute the communication embedding z:{t
for agent i of class j by applying a nonlinear activation o(-) to
the sum of its transformed embedding ijlr’ . and the attention-
weighted neighborhood messages:

_U(ert+z Z aH’ )

leC keN;(i)

@

These embeddings are stacked along the temporal dimension to
form z,) € RT*4r per layer yielding the agent’s full set of commu-
nication embeddings zd ={z/ r 1

The learned communication embeddings in Eq. 1 serve as task
representations, based on our hypothesis that multi-agent com-
munication captures underlying coordination patterns and task-
relevant information. By leveraging decentralized graph-based mes-
sage aggregation, these embeddings flexibly represent team-level
interactions that adapt to changing structures without relying on
predefined task features or skill partitions. We use them to ground
trajectory generation across team compositions by conditioning the
generative diffusion process, as described in Section 4.2.1.

4.2 Communication Conditioned Diffusion

We extend diffusion-based RL planning [1] by conditioning trajec-
tory generation on both high-returns and coordinated team behav-
iors, by using graph-based communication to steer the generative
process through classifier-free guidance.

4.2.1 Guided Sampling with Communication. For effective guided
sampling across teams, the conditioning signal should represent
the team composition, enabling the model to capture correlations
between trajectories and team structures. Moreover, it must be flex-
ible and expressive enough to support a meta-learning framework,
ensuring that generalizable representations enable adaptation to
new team compositions. With these motivations, we use the learned
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communication embeddings z7 to condition each agent’s trajectory
generation, as they provide a suitable basis of task-relevant infor-
mation across tasks, as described in Section 4.1.2.

First, the conditioning constraint for each agent i of class j,
incorporating both the communication embeddings z; and the
team’s return throughout a trajectory R;, can be denoted as y(r) :=
(zl,j , RT). Assuming that, during training, the model has learned
the conditional distributions of trajectories under these constraints,
Po (x(l)j |(z7,R;)), each agent can effectively sample from the condi-
tional distribution by guiding the diffusion process. To achieve this,
we modify the classifier-free guidance sampling [8] process of each
agent. Starting with a Gaussian noise sample xlj N (0,I) for each
agent, this sample undergoes a series of denmsmg” steps [20]. At
each step k, the transformation moves xk to xk , by removing the
perturbed noise €y denoted in Eq. 2. Here, the noise sample from
7.0, k), while the noise

sample from the conditional model is denoted as 69( (z, R:). k),
o is the guidance scale coefficient, and 6 parametrlzes both uncon-
ditional and conditional diffusion models. This guides the diffusion
process of each agent towards state sequences that satisfy the con-
straint of achieving high-returns under their team composition.

ép = ee(x,’j, 0, k) + w(eg( (Y R, ),k) - ee(x,’j, 0, k)) @)
4.2.2
til the final diffusion state x0 = [0 h 1.n+p]> cOntaining both
the agent’s observation history up to tlmestep h and its estimated
future observations up to the diffusion horizon H. This final state
constitutes each agent’s plan, which is used by a controller to gen-

erate actions. Formally, decision-making is performed by inferring
a policy through an inverse dynamics model (1] W1th parameters

the unconditional model is denoted as g (x

Inverse Dynamics Model The process in Eq. 2 continues un-

(o]

o/, t+1) resulting

¢ that estimates each agent s action a = ﬁ/,(

in the transition from o}’ to ot ’.1- Our key motivation for using an
inverse dynamics model, rather than directly diffusing actions, is
our focus on multi-agent domains with discrete actions.

4.3 Offline Meta-MARL

We formulate our method as an offline meta-RL framework [2],
where an inner-loop handles task inference and an outer-loop drives
policy generalization. The inner-loop consists of graph-based com-
munication layers that extract task-relevant representations by
aggregating multi-agent messages according to the graph structure
of each team composition. These embeddings capture team-specific
context and serve as conditioning signals for downstream trajec-
tory generation. The outer-loop consists of the shared diffusion
architecture and inverse dynamics model, which are meta-trained
across datasets containing multiple team compositions. Together,
the outer-loop’s capacity to generate high-return trajectories across
tasks and the inner-loop’s ability to produce adaptive, task-relevant
conditioning signals enable generalization beyond the specific team
compositions encountered during training.

Building on this structure, we define our training objective by
adapting the standard diffusion loss [7] into an offline meta-MARL
objective. This loss is optimized across data samples dy, for all team
compositions in the dataset Dy, as shown in Eq. 3. At diffusion
timestep k for composition m, X" is the noised joint state, z7' the
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joint communication embedding, and R}" the return. § := [, §,]
gives the dropout probabilities for the communication embedding
and return conditioning, respectively.

- e — eo(s}% (1~ HERY) + 6o, ’f)”zH ®

5 |3
dm~Dm | ek.p
Note that zI" is an online representation derived directly from raw
observations, rather than a pre-computed or frozen feature. It serves
as a conditioning signal at the decoder level, enabling end-to-end op-
timization in which gradients from the diffusion loss LHD propagate
through z" back into the encoder. As a result, the communication
protocol and the diffusion model co-adapt during training, allow-
ing task inference to evolve jointly with trajectory generation and
improving the agent’s conditional planning capability.

Alongside the diffusion loss, each agent’s action is inferred by an
inverse dynamics model, trained jointly with the diffusion model.
The loss is given in Eq. 4, where (6}, a}", 6}, ,) denotes a transition
tuple sampled from trajectory 7 under team composition m.

B [Bedlar - £ o]

m~Lm

1
L5 @
We combine the training objectives in Eq. 3-4 into the total offline
meta-RL objective Lg 6= LGD + Lé, applied across data samples
dp, for all team compositions in the dataset. Detailed training and
testing procedures are provided in Appendix B.

5 EVALUATION

5.1 Domain

We evaluate our method in the ubiquitous SMACv2 domain [3],
which incorporates a high level of stochasticity, meaningful par-
tial observability, and heterogeneity, presenting challenging multi-
agent scenarios that motivate the development of robust, decen-
tralized, and generalizable algorithms. Our main experiments are
conducted on the terran_5_vs_5 and protoss_5_vs_5 scenarios,
where each team consists of five agents drawn from three distinct
classes. In terran_5_vs_5, the classes are Marine (ma), Marauder
(mr), and Medivac (md); in protoss_5_vs_5, they are Stalker (st),
Zealot (ze), and Colossus (co). Throughout the paper, we will denote
team compositions by the number of agents per class, e.g., a team
with two Marines, two Marauders, and one Medivac is written as
2ma_2mr_1md. We also evaluate the zerg_5_vs_5 scenario, with
results reported in Appendix D. Additional details on the SMACv2
domain are provided in Appendix C.1.

5.2 Dataset

Each SMACv2 scenario includes twenty possible team composi-
tions, reflecting the variability of agents and roles in this domain.
To construct an expert dataset, we train a distinct expert policy for
each team composition in the set of training tasks, to ensure that
the collected trajectories capture coordination behaviors specific to
each team structure. Expert policies are trained using HATRPO [15],
a state-of-the-art method that leverages trust-region gradient up-
dates and decomposed joint advantages to achieve more stable and
reliable optimization.

For the terran_5_vs_5 and protoss_5_vs_5 scenarios, we se-
lect 6 out of the 20 possible team compositions as training tasks.
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Each selected composition consists of exactly two unit types, ar-
ranged in a fixed 2-3 or 3-2 split (e.g., 2ma_3md, 3ma_2mr). This
setup captures a subset of inter-agent coordination strategies while
leaving generalization to unseen team compositions with different
unit types as a core challenge. Based on the dataset win rates, we
collected 600 episodes per training task without selecting only the
best demonstrations. Further details are provided in Appendix C.2.

5.3 Baseline Methods

We evaluate GCD against four categories of baselines. First, we
compare with standard decentralized offline MARL methods, includ-
ing MA-CQL [32], MA-ICQ [43], MA-IQL [14], and OMAR [27].
These methods represent competitive baselines for offline policy
learning in multi-agent systems without explicit mechanisms for
generalization. Second, we include offline MARL methods explicitly
designed for generalization across tasks, such as ODIS [46] and
HiSSD [21], to provide a relevant comparison for evaluating our
framework’s ability to adapt across team compositions. Third, we
compare against Multi Agent Diffusion (MADIfT) [48], which is
closest to our architecture and allows for direct comparison between
our graph-conditioned diffusion framework and prior generative
modeling techniques utilized in multi-agent offline RL. Here, on
top of the decentralized version (MADIiff-D), a centralized variant
(MADIfT-C) is further tested to investigate whether full centraliza-
tion can match the graph-based generalization achieved by GCD.
Finally, we include two communicative offline MARL methods,
MASIA [6] and MHCI [22], to assess whether explicit inter-agent
communication can yield comparable generalization performance.

5.4 Experiments

To assess the effectiveness and generalization capabilities of GCD,
our experiments address the following research questions:

e RQ1: Can Graph Conditioned Diffusion (GCD) leverage decen-
tralized multi-agent communication to achieve stronger general-
ization across seen and unseen team compositions?

e RQ2: How does the choice of underlying graph-based communi-
cation protocol affect GCD’s performance and adaptability?

To address RQ1, we train all methods on the same datasets,
comprising a subset of team compositions used as training tasks,
and perform a thorough evaluation of performance across all team
compositions. Specifically, we run 100 online evaluation episodes
per seed across all compositions, using three seeds, and report the
average (+ standard deviation) win-rate percentage.

To address RQ2, we conduct ablation experiments on the graph-
based communication protocol used in GCD. We train three variants
of our method: GCD-Homo, which employs a Graph Convolutional
Network (GCN) [13] with homogeneous layers, GCD-HetGCN,
which applies a heterogeneous GCN [29], and GCD-HetGAT,
which extends the heterogeneous GCN with a type-specific at-
tention mechanism [30]. The communication protocols for GCD-
Homo and GCD-HetGCN are detailed in Appendix A.2, while GCD-
HetGAT follows the formulation in Section 4.1.2. Moreover, to
assess the flexibility of graph-based communication, we evaluate
all three variants under settings where agent type information is
removed from the observation space in the dataset.
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Figure 2: Results of evaluation experiments for the terran_5_vs_5 scenario (a)-(b) and the protoss_5_vs_5 scenario (c)-(d). We
show the average win-rates (+ std) across all methods, grouped by team composition labels. Our method, GCD, is shown in
green, with distinct dashed patterns representing distinct graph-based communication protocols.

All experiments are conducted under decentralized execution,
except for MADIfF-C. Standard offline MARL and meta-MARL base-
lines operate in a decentralized manner by default. MADIff-D pre-
serves decentralization through teammate and opponent modeling,
while MADIf-C serves as a centralized variant with access to full
agent information. Communicative offline MARL baselines main-
tain decentralized execution but allow information sharing through
communication channels; following their original design, agents
are granted full communicability with all other agents. Our method
also adheres to decentralization, with agents communicating via
graph-based messaging defined by sight range (i.e., limited to vi-
sually observable agents). Note that our work focuses on offline
generalization, and therefore online baselines are not included in
our experiments. Please refer to Appendix A.3 and Appendix A.4
for detailed experimental setups.

6 RESULTS AND DISCUSSION

In this section, we present the results of our experiments and dis-
cuss the performance of our proposed framework relative to the
baseline methods. We begin with a task-level analysis and exam-
ine performance across individual team compositions within each
domain. Then, we provide an algorithm-level analysis and quan-
tify the overall performance improvement relative to each baseline
across all team compositions. Finally, we analyze the results of the
ablation experiments on graph-based communication protocols by
comparing the task-level performance of different GCD variants.
Full experimental results are provided in Appendix D.

6.1 Generalization Across Team Compositions

6.1.1  Task-level Analysis of Generalization. As shown in Figure 2,
we present the generalization performance of all methods across
training and unseen testing compositions in terran_5_vs_5 and
protoss_5_vs_5 scenarios. In terran_5_vs_5, GCD outperforms
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all baselines in 4 out of the 6 team compositions in the training
set as seen in Figure 2a, and in 10 out of the 14 unseen team com-
positions from the testing set as seen in Figure 2b. Similarly, in
protoss_5_vs_5, GCD outperforms all baselines in 5 out of the 6
team compositions in the training set, as seen in Figure 2c, and in
10 out of the 14 unseen team compositions in the testing set, as seen
in Figure 2d. We note that in terran_5_vs_5, some compositions
have a high-number of Medivac (md) units, which serve support
rather than attack roles. While our method may correctly capture
this unit type’s role in inter-agent interactions, this does not con-
tribute to the win-rate itself. Notably, this accounts for 3 out of the
4 unseen test team compositions where our method underperforms
baselines. Similarly, in protoss_5_vs_5, some team compositions
contain a high number of special Colossus (co) units, which are
very powerful and can solely determine the outcome of battles.
This makes inter-agent cooperation less critical, a factor that may
contribute to our method’s underperformance.

Figure 2 indicates that GCD’s ability to condition on task-relevant
information from communication embeddings leads to improved co-
ordination performance across team compositions in both training
and testing tasks. Focusing on results in seen training compositions,
we show evidence of intra-task adaptability, where our conditioning
mechanism enables the policy to adapt its coordination behavior to
the specific dynamics of each team composition. Beyond training
compositions, GCD consistently achieves higher performance in
unseen team compositions. We attribute this improvement to the
model’s ability to leverage communication embeddings as transfer-
able representations of team structure. This enables the conditional
generative process to adapt coordination behaviors to new com-
binations of agents. This capability underscores the capacity and
flexibility of graph-based multi-agent communication to produce
task-relevant embeddings that generalize beyond the specific team
compositions encountered during training.
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Figure 3: GCD’s improvement over baselines across unseen test compositions for terran_5_vs_5 (a) and protoss_5_vs_5 (b).

Finally, across team compositions where GCD achieves superior
performance, all GCD models outperform the baselines. However,
we do not observe substantial performance differences among dif-
ferent graph-based communication protocols. This indicates that
while GCD is robust to the choice of communication mechanism,
the benefits of heterogeneous graph modeling are under-realized
in the current setting. This is further examined in Section 6.2.

Key Takeaway: Through decentralized graph-based communica-
tion, GCD demonstrates strong generalization across team compo-
sitions, exhibiting improved adaptability on seen training composi-
tions and greater generalization to unseen testing compositions.

6.1.2  Algorithm-level Analysis of Generalization. We compute the
average performance improvement of each GCD variant over ev-
ery baseline across all team compositions in the testing set. These
results are compactly visualized in Figure 3. For all methods, every
variant of GCD demonstrates a positive average percent perfor-
mance improvement. This ranges from 26.8% to 221.4% improve-
ment in the terran_5_vs_5 scenario and 7.4% to 89.5% improve-
ment in the protoss_5_vs_5 scenario.

Offline MARL. The results in Figure 3 show that the smallest
performance gap to our method occurs in standard offline-RL al-
gorithms such as MA-ICQ, MA-IQL, and OMAR. Although these
algorithms lack an explicit adaptation mechanism like those used in
ODIS, HiSSD, and our framework, they mitigate out-of-distribution
(OOD) data shift problems through techniques that regularize the
learned value functions and stabilize the learning process. Their
relative competitiveness underscores the importance of addressing
OOD shift in offline-RL, whether the challenge stems from limited
data in the single-task setting for which these algorithms were
designed, or from adapting to new tasks in the multi-task setting
explored in this work. However, while these mechanisms enable
moderate generalization due to the similarity in dynamics across
teams, our results show that this implicit robustness is insufficient
for adapting to specific team compositions.

Offline Meta-MARL. Our results also show that GCD outperforms
methods designed with explicit adaptation tools such as ODIS and
HiSSD. While these methods share conceptual similarities with
our approach in that they also condition policies on task represen-
tations, they underperform due to the lack of flexibility of their
representation mechanisms. ODIS relies on predefined skill parti-
tions to separate task behaviors. This limits its effectiveness in our
problem setting, which is characterized by high variability across
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tasks. Meanwhile, HiSSD employs a hierarchical architecture that
decomposes behavior into high-level and low-level skills, each opti-
mized through additional surrogate objectives. Although this design
can be effective in well-structured domains, the added complexity
makes learning more difficult in settings with high task variability,
limiting its generalizability in our experiments. In contrast, our
method improves coordination performance by conditioning on
task-relevant communication embeddings learned directly from
agent interactions, enabling flexible adaptation to varying team
compositions.

Offline Multi-Agent Diffusion. Our performance improvements
relative to MADIff, which also employs generative modeling through
diffusion, highlight generalization advantages of our approach over
the most closely related method. In contrast to MADIff, which
relies on teammate and opponent modeling to maintain decentral-
ization, our framework enables structured information exchange
via graph-based communication while preserving decentralized
execution. Furthermore, whereas MADIff incorporates shared in-
formation as additional input features, our method leverages it to
learn conditional generative policies, providing a more principled
mechanism for generating adaptive behavior across tasks. Notably,
communication alone does not account for these improvements;
GCD consistently outperforms MADIff-C despite operating under
decentralized execution with access only to local information.

Offline Communicative MARL. Finally, our comparison with MA-
SIA and MHCI further supports that GCD’s performance gains arise
not only from communication itself but also from its graph-based
generalization. Moreover, we observe that communication does not
always guarantee success in offline training, as poorly learned com-
munication protocols may introduce noise that hinders effective
policy learning.

Key Takeaway: The conditional generative modeling abilities of
diffusion models, combined with the flexibility of graph-based com-
munication, enable improved generalization over standard offline
MARL, meta-MARL, communicative MARL, and diffusion-based
generative modeling baselines.

6.2 Ablation on Communication Protocols

As previously discussed, we observe no significant performance
difference across GCD models with different graph-based commu-
nication protocols. Although GCD-HetGCN and GCD-HetGAT are
designed to exploit the heterogeneity of our problem, they do not
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Table 1: Ablation of GCD communication protocols. Average win rates are reported on training and test sets, highlighting
improvements of heterogeneous modules over the homogeneous baseline (Homo), as well as HetGAT’s gains over HetGCN.

terran5vs 5

protoss 5vs 5

Method

Training Set A vs Homo TestSet A vsHomo TrainingSet A vsHomo TestSet A vsHomo
GCD-Homo 0.318 - 0.179 - 0.227 - 0.150 -
GCD-HetGCN 0.359 +12.89% 0.243 +35.75% 0.311 +37.00% 0.223 +48.67%
GCD-HetGAT 0.424 +18.11% 0.253 +41.34% 0.337 +48.46% 0.260 +73.33%
HetGAT vs HetGCN +18.11% - +4.11% - +8.36% - +16.59% -

outperform GCD-Homo in the standard setting. We hypothesize
that access to agent-type information in the observation space al-
lows GCD-Homo to construct task-relevant representations that
support conditional policy generation.

To validate this hypothesis, we conduct ablation experiments
by masking type information and comparing GCD-Homo, GCD-
HetGCN, and GCD-HetGAT. As shown in Table 1, both GCD-
HetGCN and GCD-HetGAT consistently outperform GCD-Homo,
with respective average gains of 35.75% and 41.34% on unseen
tasksin terran_5_vs_5and 48.67% and 73.33% in protoss_5_vs_5.
This suggests that heterogeneous graph structures are more ef-
fective in capturing emergent inter-agent interactions when ex-
plicit type information is unavailable. Moreover, GCD-HetGAT
surpasses GCD-HetGCN by 4.11% and 16.59% in the unseen tasks
from terran_5_vs_5 and protoss_5_vs_5, respectively, suggest-
ing that its attentional communication mechanism further enhances
generalization to novel team compositions. Overall, this under-
scores the flexibility of GCD to operate effectively across different
communication protocols, while also demonstrating its ability to
exploit structural information when the problem setting requires
it. Compared to homogeneous models, modeling communication
heterogeneously increases the network’s expressivity and enables
straightforward modeling of complex team distributions.

Key Takeaway: While GCD demonstrates robustness across multi-
ple graph-based communication protocols, heterogeneous methods
provide superior performance in settings that demand stronger
reasoning over agent heterogeneity.

6.3 Computational Complexity

Our approach’s main computational cost per decision step stems
from the GNN communication and the K-step denoising process.
For N agents, each denoising step has complexity O(N?) due to the
fully-connected agent message passing in the GNN architecture,
defined by the number of edges. Additionally, our diffusion-based
method requires K denoising steps, leading to a complexity of
O(KN?). This is computationally similar to the baseline MADiff
method, which uses a standard attention mechanism.

In contrast to MADIff, our approach supports decentralized in-
formation sharing among agents via graph-based communication,
where O(KN?) represents the worst-case complexity, where each
agent communicates with every other agent. If agents communi-
cate with only d < N agents, where d is the average number of
edges of each agent, then our total inference complexity can de-
crease to O(dKN). Moreover, we take advantage of DDIM sampling
in our approach, which can require exponentially fewer diffusion
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steps than standard diffusion sampling methods [36]. As such, our
approach advances the scalability and robustness of diffusion mod-
els for multi-agent decision-making, especially for scenarios with
real-world constraints such as communication bandwidth and com-
munication network failures.

7 LIMITATIONS AND FUTURE WORK

One limitation of our work is the reduced accuracy of the inverse
dynamics model, which may be the bottleneck for learning higher-
performing policies. Future work could reduce the reliance on the
inverse dynamics model by directly generating actions using a dis-
crete diffusion model. Another promising direction for improving
policies involves applying RL for fine-tuning the diffusion model.
While RL fine-tuning has been explored in single-agent contexts, its
effectiveness is to be determined for MARL. The results presented in
this work also yield relevant future work. SMACv2 has well-defined
dynamics and sufficiently covers the problem of generalizing across
team compositions through its heterogeneous teaming scenarios.
However, future work can explore additional settings and domains
where more advanced graph structures lead to better generalization
performance, guided by insights from our ablation on graph-based
communication protocols. Additionally, incorporating graph-based
multi-agent communication enables future exploration of gener-
alization to continuous and variable team size domains. Such ex-
tensions could include larger 10 and 20-agent settings available in
SMACv2 or Google Research Football [18].

8 CONCLUSION

We presented Graph Conditioned Diffusion (GCD), a novel method
that combines graph-based communication with diffusion mod-
els to address the challenges of generalization in offline MARL.
By modeling agent interactions through graphs and leveraging
classifier-free guidance in diffusion models, GCD effectively learns
decentralized policies that generalize across team compositions.
Our experiments on SMACv2 micromanagement tasks showed that
GCD outperforms state-of-the-art offline MARL methods in lim-
ited data settings by generalizing across seen and unseen team
compositions. These results highlight the potential of integrating
graph-based communication within diffusion models to enhance
coordination and generalization across multi-agent systems.
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