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ABSTRACT
Offline multi-agent reinforcement learning (MARL) is hampered
by agent-quality imbalance in datasets, where the entanglement
of expert and suboptimal behaviors from heterogeneous behav-
ior policies inhibits effective policy learning. Conventional offline
MARL methods overfit to these suboptimal behaviors, leading to
significant performance degradation. A promising solution is data
augmentation using generative models like diffusionmodel, which
can generate balanced, high-quality trajectories to enrich the dataset.
However, existing methods usually adopt a standard diffusion pro-
cess, conditioning generation solely on team-level signals such as
global return.This coarse guidance lacks active, fine-grained, agent-
level control, limiting the diffusionmodel’s ability to produce high-
quality cooperative behaviors that generalize beyond the dataset.
To address this, we proposeCompositionalDiffusion for Imbalanced
Datasets (CODI), a novel framework that leverages large language
models (LLMs) and diffusion models to generate balanced, high-
quality trajectories. CODI first distills an agent quality labeler from
an LLM to annotate the dataset. It then employs a conditional diffu-
sion model that generates trajectory segments based on not only
return-to-go but also fine-grained agent quality labels. Crucially,
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to effective compose scattered high-quality behaviors and enable
generalization, CODI decomposes the target team quality into in-
distribution agent-level labels for compositional diffusion genera-
tion.These generated segments are subsequently stitched into com-
plete trajectories, augmenting the dataset. Extensive evaluation on
challenging imbalanced datasets, where only a single agent is an
expert, shows that CODI successfullymitigates data imbalance and
facilitates the learning of strong cooperative policies, recovering
63% of the performance achieved with a balanced expert dataset
and substantially outperforming baseline methods.

KEYWORDS
Multi-agent systems, Reinforcement learning, Diffusion models

ACM Reference Format:
Lihe Li, Shenghe Hu, Bingxuan Lan, Yuqi Bian, Huan ZHang, Zhao Ming,
Chongjie Zhang, Lei Yuan, and Yang Yu. 2026. Boosting Offline MARL un-
der Imbalanced Datasets via Compositional Diffusion Models. In Proc. of
the 25th International Conference on Autonomous Agents andMultiagent Sys-
tems (AAMAS 2026), Paphos, Cyprus, May 25 – 29, 2026, IFAAMAS, 10 pages.
https://doi.org/10.65109/WOLI7576

1 INTRODUCTION
Recently, cooperative multi-agent reinforcement learning (MARL)
has emerged as a powerful paradigm for solving complex tasks
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(a) Vanilla conditional diffusion models (b) Compositional diffusion models
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Figure 1: A comparison of vanilla and compositional dif-
fusion models. Compositional diffusion produces higher-
quality samples, a capability we leverage for offline MARL.

involving multiple interacting agents [24], with applications span-
ning autonomous driving [42], large language models (LLMs) [7],
and embodied intelligence [5].While onlineMARL algorithms have
shown impressive results in simulated environments [20, 28, 34,
38], their reliance on extensive environment interaction poses sig-
nificant challenges in real-world deploymentwhere trial-and-error
learning is prohibitively expensive, risky, or ethically constrained.
Offline MARL [6] addresses this limitation by learning policies di-
rectly from static datasets, eliminating the need for environment
interaction during training.This paradigm has gained considerable
attention recently, with promising methods like OMAR [25] and
OMIGA [36], and applications such as domain calibration [13].

However, the performance of offlineMARL is inherently bounded
by the quality of the learned datasets.While thesemethods achieve
strong performance when trained on all-expert data, their perfor-
mance degrades significantly when applied to suboptimal datasets,
particularly those exhibiting quality imbalance across agents [39].
In real-world multi-agent scenarios, coordination data is often col-
lected by agents with heterogeneous capabilities, such as a foot-
ball game with human players of varying levels. This results in
trajectories where expert-level behaviors from some agents are en-
tangled with the suboptimal actions of others. Such agent-quality
imbalance poses a fundamental challenge for offline MARL, as al-
gorithms may fail to leverage the scattered high-quality individual
behaviors and instead overfit to the weak coordination, eventually
learning suboptimal cooperative policies. One promising solution
is data augmentation, generating high-quality and balanced coor-
dination data to enrich the datasets before learning. Single-agent-
based methods, BATS [1] and MBTS [9], stitch existing trajecto-
ries but cannot synthesize novel coordination. Utilizing generative
models like diffusion models [37], MADiff [46] and MADiTS [39]
set high target returns as the only instruction to steer the gen-
eration of better coordination. Nonetheless, this coarse guidance
lacks active, fine-grained, agent-level control, limiting the diffu-
sion model’s ability to learn about the inherent coordination pat-
terns and produce high-quality cooperative behaviors that gener-
alize beyond the dataset.

To address this challenge, we propose Compositional Diffusion
for Imbalanced Datasets (CODI), a novel framework that leverages
LLMs and diffusion models to generate high-quality, balanced tra-
jectories. CODI first distills an LLM’s coordination knowledge into
an agent quality labeler, which efficiently annotates the dataset
with fine-grained quality signals. A conditional diffusion model is
then trained to generate trajectory segments based on both return-
to-go (RTG) and these quality labels, ensuring the output is not
only high-return but also balanced across agents. However, a criti-
cal out-of-distribution (OOD) issue arises: since the original dataset
is dominated by severely imbalanced trajectories, conditioning the
model on the desired ”all-expert” quality label presents a situa-
tion rarely seen during training. This challenge of generating sam-
ples under OOD conditions is a fundamental problem for condi-
tional diffusion models, commonly observed in domains like im-
age generation [19], robotics [35, 45], and multi-agent world mod-
els [41]. To address this, compositional diffusion techniques have
been developed, which excel at generating novel, high-quality out-
puts by combining in-distribution concepts (Figure 1). Inspired by
this, CODI novelly decomposes the OOD target of team quality
into a set of in-distribution, agent-level quality labels. This decom-
position enables effective compositional generation, composing scat-
tered high-quality behaviors of individual agents from the dataset
to form novel and balanced cooperation that generalize beyond
the original data. The generated high-quality segments are then
stitched into complete, high-quality cooperative trajectories for
policy learning.

We conduct experiments on challenging imbalanced datasets
where only a single agent is an expert across four MARL tasks,
including Cooperative Navigation (CN) and World from the Multi-
Agent Particle Environment (MPE) [20], and two combat scenar-
ios in StarCraft Multi-Agent Challenge (SMAC) [29] and the more
challenging SMACv2 [4]. CODI successfully generates trajectories
with high fidelity, quality, and agent imbalance, enabling the learn-
ing of strong cooperative policies. Ourmethod recovers an average
of 63% of the performance gap between the imbalanced dataset and
the balanced expert policy, substantially outperforming baseline
methods. These results highlight the capability of CODI to boost
offline MARL under imbalanced datasets.

2 BACKGROUND
2.1 Offline MARL
Fully cooperative multi-agent decision-making problems can be
formalized by a Dec-POMDP [23], defined as

M = ⟨N ,S,A, 𝑃,Ω,𝑂, 𝑅, 𝜌,𝛾⟩.

In this formulation, N = {1, · · · , 𝑛} denotes the agent set contain-
ing 𝑛 agents, S is the global state space, A = A1 × · · · × A𝑛 indi-
cates the joint action space, where A𝑖 is the action space available
to agent 𝑖 . 𝑃 is the state transition dynamics, Ω is the observation
space,𝑂 : S ×A → Ω is the observation function, 𝑅 is the reward
function, 𝜌 is the initial state distribution, and 𝛾 is the discount fac-
tor for future rewards. At each time step 𝑡 , every agent 𝑖 receives
a local observation 𝑜𝑖𝑡 ∈ Ω and selects an action 𝑎𝑖𝑡 ∈ A𝑖 , form-
ing the joint action 𝒂𝑡 . The environment then transitions from 𝑠𝑡
to the next state 𝑠𝑡+1 according to transition function 𝑃 (𝑠𝑡+1 |𝑠𝑡 , 𝒂),
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while providing a collective reward 𝑟𝑡 = 𝑅(𝑠𝑡 , 𝒂, 𝑠𝑡+1). The opti-
mization target for agent policies 𝝅 = (𝜋1, · · · , 𝜋𝑛) is formulated
as max𝝅 𝐽 (𝝅) = E𝑠0∼𝜌,𝒂𝑡∼𝝅 ( · |𝑜1:𝑛𝑡 ),𝑠𝑡+1∼𝑃 ( · |𝑠𝑡 ,𝒂𝑡 )

[∑∞
𝑡=0 𝛾

𝑡𝑟𝑡
]
. In the

offline MARL scenario, agents are restricted from environment in-
teraction andmust instead learn from a fixed datasetD = {𝜏}with
trajectories 𝜏 = (𝒐0, 𝒂0, 𝑟0, . . . , 𝒐𝑇 , 𝒂𝑇 , 𝑟𝑇 ) collected by unknown be-
havioral policies 𝝅𝛽 . In this work, we focus on learning from se-
verely imbalanced datasets collected by 𝝅𝛽 comprising a single ex-
pert agent alongside multiple sub-optimal (e.g., random) agents.

2.2 Denoising Diffusion Probabilistic Models
Given offline learning tasks like offline MARL, Denoising Diffu-
sion Probabilistic Models (DDPMs) [10, 31, 32] serve as a class of
generative models that can learn the underlying data distribution
𝑝 (x) by reversing a predefined forward noising process. The core
idea is to first gradually corrupt a data sample with noise until it
becomes indistinguishable from pure Gaussian noise, and then to
train a neural network to learn the reverse process, thereby allow-
ing the generation of new samples from noise.The forward process
adds Gaussian noise to a data sample x0, producing noisy latents
x1, . . . , x𝐾 . The reverse process aims to recover the data structure
from noise. It starts by sampling x𝐾 ∼ N(0, I) and iteratively de-
noises it to produce a sequence x𝐾−1, . . . , x0. Since the true reverse
distribution 𝑞(x𝑘−1 |x𝑘 ) is intractable, a neural network parameter-
ized by 𝜃 is trained to approximate it. In the DDPM formulation,
this network 𝜖𝜃 (x𝑘 , 𝑘) is tasked with predicting the noise compo-
nent 𝜖 that was added to x0 to obtain x𝑘 . The training objective is
a simplified mean-squared error loss:

L(𝜃 ) = E𝑘,x0,𝜖
[
∥𝜖 − 𝜖𝜃 (x𝑘 , 𝑘)∥2

]
, (1)

where 𝑘 is uniformly sampled from {1, . . . , 𝐾}, x0 is a training sam-
ple, and 𝜖 ∼ N(0, I). Once the model is trained, new samples are
generated through an iterative sampling procedure from 𝑘 = 𝐾
down to 𝑘 = 1. A common sampling step, derived from the reverse
process, computes x𝑘−1 by subtracting the predicted noise and then
injecting new stochastic noise with a variance 𝜎2

𝑘
:

x𝑘−1 = x𝑘 − 𝜖𝜃 (x𝑘 , 𝑘) + N (0, 𝜎2𝑘 I) . (2)

For conditional generation of the form 𝑝 (x|y), where y is an aux-
iliary input such as a class label or a text prompt, the model is
adapted to become 𝜖𝜃 (x𝑘 , 𝑘 |y). An effective technique for achiev-
ing high-quality conditional generation is classifier-free guidance [32].
During sampling, the noise prediction is adjusted as follows:

𝜖 = 𝜖𝜃 (x𝑘 , 𝑘) +𝑤 (𝜖𝜃 (x𝑘 , 𝑘 |y) − 𝜖𝜃 (x𝑘 , 𝑘)) , (3)

where 𝑤 is the guidance scale. This guided estimate 𝜖 effectively
pushes the sampling process towards regions of the data space
where the condition y is satisfied. The guided estimate 𝜖 is then
used in place of 𝜖𝜃 (x𝑘 , 𝑘) in the sampling update (Eq. (2)).

Owing to their functional similarity to energy-basedmodels (EBMs) [3],
diffusion models offer a framework for compositional generation.
This allows for the generation of samples that simultaneously sat-
isfy multiple concepts or conditions y(1) , · · · , y(𝑛) , i.e., modeling
𝑝 (x|y(1) , · · · , y(𝑛) ). A straightforward yet powerful compositional
rule is to form a linear combination of the guidance signals from

each individual condition:

𝜖comp = 𝜖𝜃 (x𝑘 , 𝑘) +
𝑛∑
𝑖=1

𝑤𝑖
[
𝜖𝜃

(
x𝑘 , 𝑘 |y(𝑖 )

)
− 𝜖𝜃 (x𝑘 , 𝑘)

]
. (4)

This compositional approach, where each condition y(𝑖 ) is associ-
ated with its own guidance weight𝑤𝑖 , has been empirically shown
in recent research [19] to significantly outperform the naive base-
line of simply concatenating all conditions into a single input y =
(y(1) , · · · , y(𝑛) ). It provides finer control over the influence of each
concept during the generation process.

3 METHODS
This section introduces CODI (Figure 2), a novel data augmenta-
tion framework that generates high-quality, balanced cooperative
trajectories from imbalanced offline datasets. The framework op-
erates through three stages: First, it trains an agent quality labeler
via LLM knowledge distillation, producing fine-grained quality an-
notations across the dataset (Section 3.1). These quality labels then
serve as conditions for training a compositional diffusion model,
enabling it to better capture coordination patterns and generate
trajectory segments with high and balanced agent qualities (Sec-
tion 3.2). Finally, generated segments are stitched into complete
trajectories for data augmentation (Section 3.3).

3.1 AgentQuality Labeling via LLM Distillation
To effectively learn from datasets with imbalanced agent qualities,
CODI first establishes a robust quality assessment mechanism that
accurately evaluates agent performance within trajectories.

Specifically, the framework begins by leveraging a LLM (we use
the gpt-4o-mini model in our work) as an expert annotator to
identify high-performing agents within trajectory segments. Con-
sider an offline dataset D = {𝜏 𝑗 }𝑚𝑗=1 with 𝑚 trajectory segments,
where each segment 𝜏 𝑗 = (𝒐𝑡 , 𝒂𝑡 , 𝑟𝑡 , . . . , 𝒐𝑡+𝐻−1, 𝒂𝑡+𝐻−1, 𝑟𝑡+𝐻−1)
consists of 𝐻 consecutive steps of joint observations, joint actions,
and rewards. For each segment 𝜏 𝑗 , CODI converts it into a natu-
ral language description 𝜏text𝑗 via a simple handcrafted function
(e.g., “the position of agent 1 is {the first two dimensions of 𝑜1𝑡 }”).
This textual feature is then incorporated into a structured prompt
[desc, 𝜏text𝑗 , inst], where desc provides basic information of en-
vironment, agents, and task, and inst is a concise instruction such
as “select the best agent”. Utilizing its rich knowledge and reasoning
ability, the LLM processes this prompt to output detailed quality
assessments for all agents, more interpretable than prior black-box
methods. Finally, it annotates index 𝑦 𝑗 ∈ {1, · · · , 𝑛} indicating the
best-performing agent in the segment.

However, given the substantial volume of trajectory segments in
practical applications, directly employing the LLM for comprehen-
sive annotation would be prohibitively expensive. To address this
challenge, CODI employs a knowledge distillation strategy: first, a
randomly selected subset of trajectory segments (less than 10% of
the dataset in our experiments) is annotated using the LLM as an
expert oracle. These high-quality annotations Dlabel = {(𝜏 𝑗 , 𝑦 𝑗 )}
then serve as training data for a compact quality labeling model
𝑓label that learns to replicate the LLM’s assessment capabilities.

Training 𝑓label constitutes a supervised classification task. The
network architecture employs a Gated Recurrent Unit (GRU) [2]
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Figure 2: The overall workflow of CODI. (a) Agent quality labeling via LLM distillation. An LLM is distilled into a label model
to annotate agent quality for diffusion training. (b) Compositional diffusion. A compositional diffusion model is conditioned
on quality labels to generate balanced, high-quality trajectory segments. (c) Trajectory generation. The generated segments
are stitched into complete cooperative trajectories.

to capture temporal dependencies within trajectory segments, fol-
lowed by a multi-layer perceptron (MLP) that produces final classi-
fication logits: 𝒛 𝑗 = (𝑧1𝑗 , · · · , 𝑧𝑛𝑗 ) = 𝑓label (𝜏 𝑗 ), where 𝑧𝑖𝑗 ∈ [0, 1] rep-
resents the predicted probability that agent 𝑖 is the best-performing
agent in trajectory segment 𝜏 𝑗 , and

∑𝑛
𝑖=1 𝑧

𝑖
𝑗 = 1. The model is opti-

mized using the standard cross-entropy loss:

Llabel = E𝜏 𝑗∼Dlabel

[
−

𝑛∑
𝑖=1

I{𝑦 𝑗 = 𝑖} log 𝒛𝑖𝑗

]
, (5)

where I is the indicator function. It is worth noting that the for-
mulation of 𝒛 𝑗 and the loss function can be flexibly adapted to
accommodate different data characteristics, such as multiple high-
performing agents. In this work, we adopt the standard classifi-
cation setup with a single best agent for simplicity. Once trained,
this distilled model efficiently annotates the entire dataset, provid-
ing reliable quality labels for subsequent training stages while dra-
matically reducing computational costs. More details about agent
quality labeling are provided in Appendix.

3.2 Compositional Diffusion for Offline MARL
To actively guide the generation of cooperative trajectories towards
both high returns and balanced performance, we train a diffusion
model conditioned on not only return-to-go (RTG) values, but also
agent quality labels obtained through LLM distillation.

Formally, consider trajectory segments 𝜏 = (𝒐, 𝒂, 𝑟 )𝑡 :𝑡+𝐻−1, we
define diffusion samples as observation sequences x = 𝒐𝑡 :𝑡+𝐻−1,
and conditional generation as 𝑝𝜃 (x|𝑅, 𝒛), where 𝑅 =

∑𝑇
𝑡 ′=𝑡 𝑟𝑡 ′ is

the RTG value from the segment’s starting point to trajectory ter-
mination, and 𝒛 = 𝑓label (𝜏) is the predicted quality label vector.

The training objective for our conditional diffusion model adapts
the standard DDPM loss from Eq. (1):

Ldiff (𝜃 ) = E𝑘,x0,𝜖
[
∥𝜖 − 𝜖𝜃 (x𝑘 , 𝑘 |𝑅, 𝒛)∥2

]
. (6)

During training, we apply dropout regularization to the label di-
mensions to enhance model robustness. Specifically, for each train-
ing sample, we randomly mask out individual dimensions of the
label vector 𝒛 with probability 𝑝drop = 0.25, forcing the model to
learn robust conditional generation that can handle incomplete or
partial label information, which is important for the subsequent
compositional generation phase.

After training, the intended generation step is to sample from
𝑝𝜃 (x|𝑅gen, 𝒛gen), where 𝑅gen is a high RTG value, and 𝒛gen = 1𝑛 =
[1, · · · , 1] is the target condition for balanced, high-quality per-
formance across all 𝑛 agents. However, a direct application fails
because the condition 𝒛gen is severely out-of-distribution (OOD).
The original imbalanced dataset could be dominated by trajecto-
ries where only a small subset of agents are experts (e.g., 𝒛 =
[1, 0, · · · , 0]), making the “all-expert” condition 1𝑛 virtually unseen
during training. To mitigate this problem, we innovatively lever-
age the compositional diffusion technique [19] by decomposing
the joint condition into a set of simpler, in-distribution conditions:

𝑝𝜃 (x|𝑅gen, 𝒛gen) = 𝑝𝜃 (x|𝑅gen, 𝒛
(1)
gen, · · · , 𝒛 (𝑛)gen), (7)

where 𝒛 (𝑖 )gen is a vector with 𝑧𝑖 = 1 and all other dimensions 𝑧 𝑗≠𝑖
masked, representing the concept ”agent 𝑖 performs well”, a condi-
tion that is abundantly present in the imbalanced dataset (e.g., seg-
ments where at least one agent is good). Also, label dropout during
training makes the model familiar with partial label information.
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This approach allows us to compose the scattered, high-quality be-
haviors of individual agents from the dataset, yielding novel team-
level cooperative behaviors. During generation, we compose these
agent-level individual concepts following Eq. (4):

𝜖CODI
comp = 𝜖𝜃 (x𝑘 , 𝑘) +

𝑛∑
𝑖=1

𝑤𝑖
[
𝜖𝜃

(
x𝑘 , 𝑘 |𝑅gen, 𝒛

(𝑖 )
gen

)
− 𝜖𝜃 (x𝑘 , 𝑘)

]
, (8)

maximizing the probability of x𝑘−1 satisfying all concepts from the
perspective of energy-based models (EBMs) [3]. In this work, we
set equal weights 𝑤𝑖 for balanced composition, while the frame-
work allows adaptive adjustment to emphasize specific agentswhen
needed. This approach effectively steers the generation towards
the target concept 𝒛gen = 1𝑛 (“All agents perform well”) by lever-
aging only in-distribution, single-agent-expert conditions during
the denoising process. The final generated segments with high re-
turn and balanced quality, are subsequently stitched into complete
trajectories to augment the offline dataset for policy learning.

3.3 Pipeline for Trajectory Generation
Finally, CODI employs the trained compositional diffusion model
to generate complete trajectories, following a stitching pipeline
analogous to [39]. During training, we optimize the diffusionmodel,
along with three auxiliary models 𝑓inv, 𝑓fwd, 𝑓rwd that learn the in-
verse dynamics, transitions, and rewards:

Ltotal = Ldiff (𝜃 ) + ED [∥𝒂𝑡 − 𝑓inv (𝒐𝑡 , 𝒐𝑡+1)∥2

+ ∥𝒐𝑡+1 − 𝑓fwd (𝒐𝑡 , 𝒂𝑡 )∥2 + ∥𝑟𝑡 − 𝑓rwd (𝒐𝑡 , 𝒂𝑡 , 𝒐𝑡+1)∥2] .
(9)

To generate a trajectory, we first sample an initial joint observation
𝒐0 fromD, then initialize a noisy sequence x𝐾 = [𝒐0, 𝒙̃1, · · · , 𝒙̃𝐻−1]
where future steps are Gaussian noise. This sequence is denoised
over 𝐾 steps following Eq. (2):

x𝑘−1 = x𝑘 − 𝜖CODI
comp + N(0, 𝜎2𝑘 I), for 𝑘 = 𝐾, · · · , 1, (10)

where 𝜖CODI
comp is the compositional denoising output defined in Eq. (8).

The initial observation 𝒐0 remains fixed as conditioning, yielding
x0 = [𝒐0, 𝒐̂1, · · · , 𝒐̂𝐻−1]. Each generated segment is validated for
dynamic consistency: for every consecutive pair (𝒐̂𝑡 , 𝒐̂𝑡+1), we check
if |𝒐̂𝑡+1 − 𝑓fwd (𝒐̂𝑡 , 𝑓inv (𝒐̂𝑡 , 𝒐̂𝑡+1)) | ≤ 𝛿 . If valid, actions and rewards
are imputed as 𝒂̂𝑡 = 𝑓inv (𝒐̂𝑡 , 𝒐̂𝑡+1) and 𝑟𝑡 = 𝑓rwd (𝒐̂𝑡 , 𝒂̂𝑡 , 𝒐̂𝑡+1), and
the RTG 𝑅 is updated. The last observation 𝒐̂𝐻−1 then initializes
the next segment. If the consistency check fails, we employ an it-
erative resampling strategy: the noise input to the diffusion model
is resampled to regenerate the inconsistent segment. This resam-
pling process repeats until either a dynamically consistent segment
is obtained or a maximum resampling threshold is reached. Upon
exceeding the threshold, the current trajectory segment is aban-
doned, and we reinitialize the process by sampling a new initial
observation 𝒐0 from the dataset to start a fresh generation attempt.
This generation–stitching process repeats until trajectories reach a
target length, and can be parallelized for efficiency. The generated
trajectories are added to D, enriching data quality and coordina-
tion balance to boost downstream offline MARL. Pseudocode and
hyperparameters of the pipeline are provided in Appendix.

4 EXPERIMENTS
We conduct extensive experiments to evaluate the effectiveness of
CODI, addressing the following key questions: (1) Can CODI sig-
nificantly improve the performance of offline MARL algorithms
when learning from severely imbalanced datasets (Section 4.2) ?
(2) How does CODI operate in detail, and to what extent does com-
positional diffusion contribute (Section 4.3) ? (3) How does CODI
scale as the number of agents increases (Section 4.4) ?

4.1 Experimental Setup
CooperativeMulti-Agent Environments. Weconduct experiments

on four classic cooperative multi-agent tasks . The first two are
from the Multi-Agent Particle Environment (MPE) [20]: Coopera-
tive Navigation (CN), where three agents cover landmarks while
avoiding collisions, and World, a complex predator-prey scenario
requiring high-level coordination among three agents. The other
two are combat scenarios from StarCraft: 3m from the original
StarCraft Multi-Agent Challenge (SMAC) [29], where three allied
marines battle three enemy marines, and Zerg_3v4 from the more
challenging SMACv2 [4], which presents a more challenging asym-
metric 3v4 battle with randomized start positions, demanding ro-
bust strategies. Further details are in Appendix.

Imbalanced Datasets Collection. To investigate the impact of se-
vere agent-quality imbalance, we construct datasets where only
one agent in each trajectory exhibits expert-level performance. For
each environment, we begin by training a proficient, balanced joint
behavior policy usingQMIX [28]. To create the imbalanced datasets,
we then collect 20k trajectories per environment under the follow-
ing protocol: in each episode, exactly one randomly selected agent
executes the expert policy, while all other agents are constrained
to take random actions. This setup effectively simulates realistic
scenarios of sub-optimal coordination commonly encountered dur-
ing open-environment data collection. To assess the effectiveness
of data augmentation methods, we combine the original 20k imbal-
anced trajectories with an additional 20k trajectories generated by
each augmentation method, forming datasets of 40k trajectories,
which are then used to train agnostic offline MARL algorithms un-
der identical conditions.

Data Augmentation Baselines and Offline MARL Methods. We
compare CODI against several strong data augmentation baselines.
The first is the Original dataset, which uses no augmentation and
serves as a reference. To enhance the dataset with higher-return
trajectories, single-agent-basedmethodMBTS [9] stitches existing
trajectory segments using predicted joint actions. Going beyond
action generation, MADiff [46] employs a diffusion model condi-
tioned on high returns to synthesize joint observation sequences.
For more balanced trajectory generation,MADiTS [39] iteratively
uses integrated gradients [33] to identify underperforming agents
and then re-denoising their sub-trajectories. To actively improve
balance, CODI w/o Com. is a variant of CODI that conditions the
diffusion model on agent-quality labels but disables compositional
diffusion, testing the necessity of this mechanism. CODI w Pri. re-
places the predicted labels with privileged information, ground-
truth one-hot labels indicating the expert agent, isolating the effect
of LLM-distillation. More details are provided in Appendix.
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Table 1: Data augmentation results (mean ± std) on four offline MARL methods across four tasks. Returns are normalized as
𝑅−𝑅lo
𝑅hi−𝑅lo , where 𝑅lo is the average return of the learned imbalanced dataset, and 𝑅hi is the return of the balanced expert behavior
policy. The best result in each column, excluding the privileged method CODI w Pri. (denoted in gray), is highlighted in bold.

Envs Algs Original MBTS MADiff MADiTS CODI w/o Com. CODI w Pri. CODI

CN
BC 0.21±0.06 -1.34±0.05 0.33±0.02 0.33±0.02 0.36±0.04 0.59±0.09 0.58±0.090.58±0.090.58±0.09

50%BC -0.02±0.03 -0.02±0.03 -0.25±0.06 -0.36±0.13 0.11±0.14 0.56±0.07 0.43±0.050.43±0.050.43±0.05
OMAR -4.06±1.20 -0.27±0.48 0.26±0.36 -0.10±0.95 0.35±0.43 0.76±0.36 0.50±0.830.50±0.830.50±0.83
OMIGA 0.66±0.19 0.84±0.07 0.93±0.07 0.92±0.01 0.94±0.04 1.01±0.06 0.96±0.040.96±0.040.96±0.04

World
BC 0.43±0.15 -0.49±0.09 -0.18±0.24 -0.25±0.05 0.31±0.18 0.51±0.11 0.61±0.160.61±0.160.61±0.16

50%BC 0.06±0.26 -0.49±0.19 -0.50±0.10 -0.52±0.03 0.00±0.11 0.27±0.10 0.38±0.210.38±0.210.38±0.21
OMAR -0.88±0.71 -1.55±0.11 -1.02±0.47 -0.92±0.49 -0.93±0.37 -0.43±0.38 −0.40±0.64−0.40±0.64−0.40±0.64
OMIGA 0.66±0.10 -3.36±0.81 -3.60±0.17 -3.46±0.27 -2.42±1.10 -2.07±1.73 0.93±0.140.93±0.140.93±0.14

3m
BC 0.52±0.25 0.22±0.00 0.45±0.11 0.57±0.22 0.61±0.28 0.78±0.08 0.75±0.030.75±0.030.75±0.03

50%BC 0.28±0.02 0.28±0.02 0.48±0.02 0.36±0.14 0.37±0.07 0.49±0.12 0.58±0.090.58±0.090.58±0.09
OMAR 0.24±0.05 0.08±0.10 0.45±0.15 0.66±0.23 0.63±0.29 0.95±0.04 0.72±0.090.72±0.090.72±0.09
OMIGA 0.36±0.04 0.34±0.03 0.28±0.09 0.37±0.03 0.26±0.05 0.44±0.07 0.40±0.100.40±0.100.40±0.10

Zerg_3v4
BC 0.74±0.00 0.69±0.68 0.96±0.31 0.87±0.19 1.01±0.35 0.95±0.19 1.07±0.121.07±0.121.07±0.12

50%BC 1.11±0.20 0.93±0.06 0.87±0.35 0.96±0.10 1.10±0.10 1.23±0.16 1.25±0.071.25±0.071.25±0.07
OMAR 0.62±0.08 0.32±0.07 0.63±0.06 0.59±0.06 0.55±0.10 0.68±0.28 0.65±0.100.65±0.100.65±0.10
OMIGA 0.39±0.12 0.42±0.17 0.63±0.050.63±0.050.63±0.05 0.59±0.24 0.56±0.14 0.46±0.15 0.62±0.40

Average 0.08 -0.21 0.05 0.04 0.24 0.45 0.63

To evaluate the effect of each augmented dataset, we employ
four representative offline MARL algorithms. Behavior Cloning
(BC) [26] provides a direct measure of data quality by imitating the
entire dataset. To mitigate the impact of low-quality data, we then
use 50%BC [44], which enhances BC by selectively cloning only
the top 50% of trajectories by return. Formore advanced evaluation,
we use OMAR [25], which addresses non-concavity in the value
function by hybridizing first-order policy gradients with zeroth-
order optimization. Finally, we include OMIGA [36], which com-
bines multi-agent value decomposition with implicit local regular-
ization for stable off-policy learning. All methods are evaluated
over three random seeds. More details are provided in Appendix.

4.2 Competitive Results
In this section, we present the comprehensive overall data aug-
mentation results of CODI, its ablations, and the baseline methods,
on four offline MARL methods across four distinct tasks. To en-
sure clarity given varying return scales across different tasks, we
report normalized returns calculated as 𝑅−𝑅lo

𝑅hi−𝑅lo , where 𝑅lo is the
average return of the learned imbalanced dataset, and 𝑅hi is the
return of the balanced expert behavior policy. A higher normal-
ized return indicates performance closer to the expert policy.These
normalized metrics allow for a more equitable comparison across
different environments and dataset configurations. As shown in
Table 1, learning from the Original dataset yields an average re-
turn similar to the dataset quality itself (improving by only 0.08),
demonstrating the clear necessity of data augmentation for per-
formance gains under imbalanced settings. MBTS performs even
worse than the original dataset, indicating that in the presence of
severely imbalanced data, merely stitching existing trajectory seg-
ments via predicted joint actions without actively generating new
high-quality segments is fundamentally insufficient. In contrast,
MADiff employs diffusion to generate entirely new joint observa-
tion sequences, and MADiTS further incorporates a re-denoising
process targeting underperforming agents. While these methods

achieve improvements with certain offline algorithms on specific
tasks (e.g., BC and OMIGA on CN), their average performance re-
mains largely stagnant, suggesting that the standard diffusion ar-
chitecture requires substantial modification to address severe im-
balance effectively.

The variant CODI w/o Com., which conditions the diffusionmodel
on agent-quality labels but disables compositional diffusion, achieves
a noticeable performance uplift. This confirms that injecting co-
ordination information via conditioning is beneficial. To mitigate
the OOD issue, the full CODI method integrates compositional dif-
fusion, substantially enhancing the model’s capability to generate
balanced, high-quality data under severe imbalance. Overall, CODI
recovers 63% of the performance achieved by the balanced expert
policy. Notably, on the challenging Zerg_3v4 task, CODI even sur-
passes the expert policy’s performance when evaluated with BC
and 50%BC, underscoring its effectiveness. Furthermore, CODI out-
performs CODI w Pri., which utilizes privileged ground-truth labels.
This result indicates that the LLM-distilled agent-quality labels are
more flexible and robust than raw one-hot annotations, by captur-
ing richer, more nuanced quality assessments. More results are pro-
vided in Appendix.

4.3 Case Study
To provide deeper insight into the functionality of CODI, we present
a detailed case study analyzing the learning and the trajectory
generation process in the CN task. This analysis aims to elucidate
how our method transforms suboptimal, imbalanced demonstra-
tions into high-quality cooperative trajectories through its combi-
nation of LLM reasoning and trajectory generation capabilities.

First, we visualize and compare the original imbalanced trajecto-
ries with those generated by our method. As shown in Figure 3(a),
a real imbalanced trajectory (top) exhibits a typical failure mode
commonly encountered in offline multi-agent datasets: only the
blue agent (Agent 2) demonstrates purposeful navigation towards
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Figure 3: A case study on the CN task. (a) Trajectory visualization: a real imbalanced trajectory (top) with only one agent
approaching the landmarks versus a balanced CODI-generated trajectory (bottom) where all agents navigate to the landmarks.
(b) Trajectory embeddings: CODI brings the mean embedding (red star) closer to the balanced real dataset (green square), and
yields more better trajectories (red circle). (c) Score improvement: CODI yields the highest improvement across methods.

the landmark with a clear strategy, while the other two agents ex-
hibit sub-optimal, uncoordinated movements characterized by os-
cillatory behavior and inefficient path planning. This lack of co-
operation and the presence of significant performance disparity
among agents pose a fundamental challenge for offline MARL al-
gorithms, as theymay learn to emulate these suboptimal behaviors
rather than discovering truly coordinated strategies. To address
this challenge, CODI first employs a LLM reasoning process. Given
a segment of this imbalanced trajectory, the LLMmodule processes
the structured prompt, and outputs detailed analysis:

Prompt: You are an expert cooperative-navigation coach.
This is a joint trajectory segment with T=8 timesteps and
N=3 agents. · · · Agent 2 Timeline: t=0: action=no-op; nearest
landmark id=1; distance to nearest landmark=0.407; · · · t=7:
action=move up; nearest landmark id=1; distance to nearest
landmark=0.615;
FINAL INSTRUCTION: · · · Output the index of the most
expert-like agent in format · · ·
Output: · · · Agent 0 and 1 both drifted farther overall; Agent
0 performed worst, steadily losing ground. · · · Agent 2 was
most expert—early on it sharply closed distance (0.407 →
0.200), showing clear strategic intent. · · ·

And it correctly annotating the blue agent as the best one for subse-
quent distillation. Comparedwith the real trajectory, the trajectory
generated by CODI (bottom) showcases efficient, coordinated nav-
igation among all three agents, providing an intuitive demonstra-
tion of its capability. To verify the fidelity of the generated trajec-
tory, we render it from the observations of each agent, confirming
strong consistency despite minor perceptual differences.

Moving beyond individual examples, we perform a quantitative
distributional analysis. We derive embeddings for the observation-
action sequences of all real and generated trajectories using con-
trastive learning [11], as shown in Figure 3(b).The feature extractor
is trained on datasets collected by 1, 2, and 3 expert agents, with
their embeddings forming corresponding reference clusters. For vi-
sual clarity, each cluster displays 100 randomly sampled trajecto-
ries. While baseline data augmentation methods produce embed-
dings clustered near the region of severe imbalance (purple square),
CODI successfully shifts the distribution towards the balanced, ex-
pert domain.The closer proximity of CODI’s mean embedding (red
star) to better datasets (blue and green squares) indicates a sys-
tematic improvement in trajectory quality. More importantly, the
dense clustering of CODI’s samples within the expert region (red
circle) demonstrates its ability to frequently generate high-quality
trajectories, directly addressing the core limitation of sparse pos-
itive examples in imbalanced datasets. This distributional shift is
crucial for effective policy learning, as it expands the coverage of
from low-quality to high-quality data.

Beyond trajectory-level features, we directly measure the coop-
erative improvement brought by the augmented data. We define a
CN score as the negative distance between agents and landmarks
at a given step. Figure 3(c) shows the average initial (blue bars)
and final (green bars) scores for different datasets, as well as the
improvement (red bars). CODI achieves the most significant score
improvement, second only to the balanced expert dataset. Notably,
the initial scores of CODI-generated trajectories are lower than
those of the baselines, yet they achieve the highest final scores.
This provides a key insight into CODI’s superiority: even when
sampling from challenging initial states, our method, empowered
by its label conditioning and compositional diffusion, can gener-
ate trajectories with valid performance gains. In contrast, baselines
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Figure 4: OfflineMARLperformance improvement achieved
by data augmentation methods under varying numbers of
agents in the CN environment.

lack this strong generalization capability, generating segments of-
ten fail to pass dynamics validation and are discarded, resulting in
a final dataset with limited coverage in high-improvement regions.
This case study highlights the effectiveness of CODI in generating
high-quality, cooperative trajectories, which ultimately boosts the
performance of agnostic offline MARL algorithms.

4.4 The Impact of Agent Numbers
A key factor of our study is the number of agents. To this end,
we extend our experiments to CN environments with 3, 4, and 5
agents. In each configuration, we maintain the same severe im-
balance protocol where exactly one randomly selected agent ex-
ecutes the expert policy while all others take random actions. As
shown in Figure 4, the performance of baselinemethods reveals sig-
nificant scalability limitations. Both the Original dataset and MA-
MBTS yield negative scaled returns across all team sizes. While
MADiff andMADiTS achieve positive scaled returns in the 3-agent
setting, their performance degrades substantially, becoming nega-
tive as the number of agents increases to 4 and 5. This trend un-
derscores the poor scalability of standard diffusion architectures
in this context. As the number of agents grows, the coordination
space expands exponentially, and these methods struggle to gener-
ate effective, balanced joint trajectories without specialized mecha-
nisms to address severe imbalance. In contrast, our proposed CODI
demonstrates consistent and robust scalability. Although the per-
formance improvement modestly decreases as the team size in-
creases from 3 to 5 agents, CODI remains the only method to con-
sistently achieve positive scaled returns across all configurations.
This result highlights the importance of leveraging LLM-distilled
agent-quality labels and the compositional diffusion process, to ef-
fectively preserve the ability to generate high-quality data even as
coordination complexity grows substantially.

5 RELATEDWORK
5.1 Offline MARL
OfflineMARL [6, 40] learns cooperative policies from static datasets.
A common approach uses policy constraints to address distribu-
tion shift. For example, MABCQ [12] applies value deviation and
transfer normalization in a decentralized framework. CFCQL [30]
uses per-agent conservative regularization, while OMAR [25] com-
bines policy gradients with zeroth-order optimization to escape

local optima. OMIGA [36] transforms global value regularization
into implicit local constraints. We evaluate OMAR and OMIGA
as advanced baselines. Currently, diffusion models have been ex-
plored to improve sample efficiency and model complex dynam-
ics [43]. A key limitation of existing methods is their sensitivity
to dataset quality, particularly under agent trajectory imbalances,
highlighting the need for robust data augmentation.

5.2 Data Augmentation for Offline RL
Data augmentation addresses limited dataset quality in Offline RL.
Some methods perform trajectory stitching to create near-optimal
trajectories from sub-optimal ones. MBTS [9] uses a learned model
and value function, while BATS [1] plans with an environment
model. DiffStitch [15] employs diffusion models to bridge trajec-
tory segments. Multi-agent extensions like MADiff [46] and MA-
DiTS [39] generate trajectories conditioned on high returns but of-
ten fail to synthesize coordinated behaviors under data imbalance,
underscoring the need for specialized multi-agent augmentation.

5.3 LLMs for AgentQuality Labeling in MARL
To provide data augmentation methods with additional agent qual-
ity information, one approach is to utilize LLMs [8, 21]. Recent
works have explored leveraging the semantic and decision-making
knowledge of LLMs to address credit assignment in RL. LaRe [27]
generates symbolic latent rewards, LCA [17] produces agent-specific
rewards, and LLM-MCA [22] decomposes global rewards numeri-
cally. DPM [14] uses LLM preferences for trajectories and agent
contributions, while SemDiv [16] verifies generated agent behav-
iors. QLLM [18] focuses on efficient LLMquantization.Theseworks
demonstrate a growing trend of using LLMs for their semantic
knowledge and heuristic evaluation to label agent quality.

6 FINAL REMARKS
In this work, we propose CODI, a novel framework that leverages
LLMs and compositional diffusion to address the critical challenge
of agent-quality imbalance in offline MARL. By distilling LLM co-
ordination knowledge into fine-grained quality labels and employ-
ing a conditional diffusion model guided by both return-to-go and
these compositional labels, CODI effectively generates high-quality,
balanced trajectories that generalize beyond the severely imbal-
anced datasets. Empirical results on challenging datasets with se-
vere quality imbalance demonstrate that CODI significantly recov-
ers the performance gap to expert policies, substantially outper-
forming existing baselines. While CODI demonstrates strong per-
formance, its current formulation assumes that improved individ-
ual behaviors compositionally enhance team performance. This as-
sumption may not hold in environments with strong social dilem-
mas, where individual and collective interests can conflict. Extend-
ing our approach to such non-monotonic settings remains an im-
portant future direction. Also, the integration of more advanced
generative models and external knowledge from LLMs offers a
promising path for further enhancing coordination synthesis. Fu-
ture work will focus on extending this approach to more complex
multi-agent systems, such as those involving embodied agents in
open-world scenarios [5].
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