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Abstract— Transformer-based sequence models have proven
effective in offline reinforcement learning for modeling agent
trajectories using large-scale datasets. However, applying these
models directly to multi-agent offline reinforcement learning
introduces additional challenges, especially in managing com-
plex inter-agent dynamics that arise as multiple agents interact
with both their environment and each other. To overcome these
issues, we propose the context-aware multi-agent trajectory
transformer (COMAT), a novel model designed for offline
multi-agent reinforcement learning tasks which predicts the
future trajectory of each agent by incorporating the history of
adjacent agents—referred to as context—into its sequence mod-
eling. COMAT consists of three key modules: the transformer
module to process input trajectories, the context encoder to
extract relevant information from adjacent agents’ histories,
and the context aggregator to integrate this information into
the agent’s trajectory prediction process. Built upon these
modules, COMAT predicts the agents’ future trajectories and
actively leverages this capability as a tool for planning, enabling
the search for optimal actions in multi-agent environments.
We evaluate COMAT on multi-agent MuJoCo and StarCraft
Multi-Agent Challenge tasks, on which it demonstrates superior
performance compared to existing baselines.

I. INTRODUCTION

In single-agent offline reinforcement learning (RL), tra-
jectory optimization-based methods that utilize transformer-
based sequence models have emerged as effective tools for
leveraging the large demonstration datasets [1]–[5]. These
methods represent the agent’s trajectory as a sequence of
states, actions, and rewards, and learn their distribution from
the offline dataset. A key strength lies in the attention
mechanism of the transformer architecture [6], which ex-
cels at handling sequential data by capturing its long-range
dependencies. With the help of large-scale offline datasets,
this strength has led to strong performance on diverse offline
RL tasks [1]–[5].

Recent approaches have applied trajectory optimization-
based methods to offline multi-agent RL (MARL) tasks
[7], [8]. However, directly extending the transformer-based
sequence models to multi-agent systems introduces another
challenge. In multi-agent systems, the effect of an agent’s
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actions on the environment cannot be determined inde-
pendently, since it also depends on the actions of other
agents [9]. Consequently, an agent’s trajectory distribution
depends on the trajectories of other agents. Moreover, in
many real-world multi-agent problems, decision-making is
decentralized, and agents must operate in partially observ-
able environments [10]. This lack of complete information
further complicates accurate prediction of future trajectory.
One potential approach to addressing this challenge is to
incorporate contextual information from adjacent agents. If
partial information about adjacent agents’ trajectory histo-
ries—what we refer to as contexts—is available in such
cases, incorporating them can enhance the sequence model’s
prediction performance by leveraging implicit information
about the current state and other agents’ actions. However,
no prior work has modeled trajectory sequences with multi-
agent contexts in offline MARL, leaving this key challenge
open.

In this paper, we propose a context-aware multi-agent tra-
jectory transformer (COMAT), a trajectory sequence model
for offline MARL that explicitly incorporates contexts to
predict the trajectories of individual agents. An overview of
COMAT is provided in Figure 1. Based on the design of
the Trajectory Transformer [1], our model introduces three
key modules: (1) a transformer module, (2) a context en-
coder, and (3) a context aggregator. The transformer module
serves as the core sequence model, processing each agent’s
trajectory sequence tokens into trajectory embeddings. The
context encoder is designed to extract relevant information
from the trajectory histories and effectively encode it into
context embeddings. Finally, the context aggregator inte-
grates the context embeddings from adjacent agents into the
trajectory embeddings, which are then processed by MLPs to
predict the distribution of the next token, enabling sequential
trajectory generation. All three modules are learned end-
to-end by optimizing a joint objective function, ensuring
accurate trajectory prediction while incorporating the con-
text information. During planning, COMAT leverages its
ability to predict future trajectories as a key component
for searching for each agent’s action that maximizes the
expected return. By incorporating contexts, COMAT not only
considers the current environment but also takes other agents
into account, enabling more informed decision-making in
multi-agent settings.

We evaluate COMAT on multi-agent MuJoCo [11] and
StarCraft Multi-Agent Challenge [12] tasks with offline
benchmark datasets [13], [14]. Our experiments demonstrate
that COMAT outperforms the baseline offline MARL algo-
rithms in the majority of tasks across both environments.



. .
 .

. .
 .

Transformer 
Module

Context 
Aggregator

···

Context 
Encoder

Context 
Encoder

Agent (i+1)

Transformer 
Module

Context 
Aggregator

···

Context 
Encoder

Context 
Encoder

Agent i

: Past trajectory : Current observation : Future trajectory

Transformer 
Module

Context 
Aggregator

···

Context 
EncoderAgent (i-1)

Context 
Encoder

Fig. 1: Overview of COMAT.

Additionally, we conduct ablation studies to confirm the
importance of COMAT’s key components. These results
highlight its effectiveness in utilizing context for multi-agent
trajectory prediction and planning in offline MARL tasks.

II. RELATED WORK

A. Offline multi-agent reinforcement learning

MARL [15]–[21] has shown significant advancements in
solving complex tasks by leveraging techniques from single-
agent RL methods. Building on these successes, recent work
has extended MARL to offline settings and has gained in-
creasing attention [22]–[26]. OMAR [22] finds that applying
conservative offline RL algorithms does not work well in
the multi-agent setting due to the non-concavity of the value
function, and proposes a method that combines the first-order
policy gradients and zeroth-order optimization methods to
optimize the value function better. OMIGA [23] introduces
a framework that converts global value regularization into
local-level, effectively linking multi-agent value decomposi-
tion and the regularization techniques in offline RL. These
approaches aim to bridge the gap between single-agent
and multi-agent offline RL settings, demonstrating improved
performance across various tasks.

B. Sequence model for reinforcement learning

Trajectory Transformer [1] proposes a trajectory
optimization-based method that uses a transformer
architecture [6] to model trajectory distributions.
Concurrently, Decision Transformer [2] has also been

proposed using a similar architecture, and utilizes the target
return as a condition to generate expert behavior. RT-X [3]
introduces a transformer-based model for imitation learning
that is specially designed for inferring robotic actions, along
with the large-scale robot motion dataset.

In the multi-agent domain, MADT [7] extends Decision
Transformer to MARL via offline pre-training and online
fine-tuning. [8] also proposes applying Decision Transformer
on the multi-agent domain via policy distillation from the
teacher policy that is trained using global state information.
Similar to our model, both approaches apply trajectory
optimization-based methods to offline MARL leveraging the
transformer design. However, none of them focus on utilizing
information from adjacent agents. Multi-Agent Transformer
[27] proposes an online MARL framework that treats agents
as a sequence. The policy generates their actions in a specific
order, directly modeling inter-agent dependencies through
autoregressive generation. AgentFormer [28] introduces a
multi-agent trajectory prediction model that aggregates in-
formation from multiple agents through a specially designed
attention mechanism. However, it is primarily designed for
state prediction tasks and requires further extension to be
applicable to reinforcement learning.

III. METHOD

COMAT, a context-aware multi-agent trajectory trans-
former, is a transformer-based sequence model for offline
MARL that generates future trajectories for each agent
conditioned on its own observation and history, as well as the
histories of its adjacent agents, which we refer to as contexts.

COMAT employs three core modules: the transformer
module, the context encoder, and the context aggregator.
These modules perform the following key tasks: (1) the
transformer module processes the input trajectory sequence
into trajectory embeddings, (2) the context encoder extracts
context embeddings from the trajectory history and shares
them with adjacent agents, and (3) the context aggregator
aggregates the context embeddings from adjacent agents and
integrates them into the trajectory embeddings to generate
the future trajectory sequence. The model architecture is
illustrated in Figure 2. In the following sections, we provide
detailed descriptions of our model’s formulation and the
architectural design of its core modules. Also, we present
the training details and explain how it is utilized in planning
for offline MARL tasks.

A. Formulation of COMAT

We first explain how the multi-agent system in our
problem is defined and how trajectory sequence data is
represented. We consider a multi-agent system consisting of
Nag agents, where each agent i ∈ {1, . . . , Nag} receives an
individual partial observation oi

t ∈ RMo at each time step
t. Each agent selects an action ait ∈ RMa and receives a
joint reward rt which is shared across all agents. Mo and
Ma denote the dimensionality of a single agent’s observation
and action, respectively. Then, an episode trajectory τ i of the
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Fig. 2: Three core modules of COMAT. (a) Transformer module processes the input trajectory sequence of each agent into
a sequence of trajectory embeddings. (b) Context encoder extracts important information from the trajectory and summarizes
it into context embeddings. (c) Context aggregator integrates the context embeddings and trajectory embeddings to predict
the next trajectory token distribution.

agent i is represented as a sequence of observations, actions,
and rewards of T time steps:

τ i = (oi
1,a

i
1, r1,o

i
2,a

i
2, r2, . . . ,o

i
T ,a

i
T , rT ),

i = 1, 2 . . . Nag.
(1)

We first separate the observation and action vectors and
flatten them into a long sequence of scalar values:

τ i = (. . . ,oit,1, o
i
t,2, . . . , o

i
t,Mo

, ait,1, a
i
t,2, . . . , a

i
t,Ma

, rt, . . .),

i = 1, 2 . . . Nag, t = 1, . . . , T, (2)

where oit,k represents the k-th dimension of the observation
vector oi

t, and ait,k represents the k-th dimension of the
action vector ait. τ refers to the joint trajectory of all agents.
Then, we discretize trajectory data into token sequences. Our
approach for discretization follows that of Trajectory Trans-
former [1], but with per-agent discretization. Continuous
values are mapped to tokens using quantile-based intervals,
allowing balanced coverage of each agent’s data range. Since
discretization is done independently, interval boundaries
may differ across agents, enabling flexible representation
of heterogeneous observation and action distributions of
the multi-agent system. This discretization process enables
the transformer module of COMAT to adopt the standard
transformer architecture while effectively modeling multi-
agent trajectory sequences.

COMAT is a sequence model designed to generate each
agent’s next action and reward, as well as the next Th steps
of the agent’s future trajectory given its current observation,
past Tp steps of trajectories and the past Tp steps of adjacent

agents’ trajectories. Let ts denote the time step at which
COMAT receives the observation of the agent i. We define
contexts as the trajectory history of Tp time steps from the
adjacent agents represented as:

cits = {oj
ts−Tp:ts−1,a

j
ts−Tp:ts−1 | j ∈ N (i)}, (3)

where N (i) denotes the pre-defined set of adjacent agents
of the agent i. We assume that the adjacency of agents is
symmetric, meaning if i ∈ N (j), then j ∈ N (i) for all i ̸=
j, i, j = 1, 2, . . . , Nag. We specify Nadj as the pre-defined
number of adjacent agents for each agent, equal to the size
of N (i). Note that contexts do not include the rewards, since
they are identical across all agents, and therefore not needed.

Based on the formulation, we propose the sequence model
for predicting the probability distribution of the next token in
the trajectory sequence data for each agent. Let θi represent
the parameters of the i-th agent’s trajectory sequence model,
and Pθi represent the induced conditional probabilities. We
formulate the objective function to optimize our model for
predicting the next observation, action, reward tokens, as well
as the tokens for reward-to-go, Rt =

∑T
t′=t rt′ . The reward-

to-go tokens are placed next to the reward tokens, and they
represent the cumulative rewards from the current time step
to the end of the episode. These tokens are added to evaluate
how well the trajectories lead to higher returns. The objective
function to be maximized for time step ts is:
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ts,t) + logPθi(Rt | hi

ts,t+1)

]
,

where hi
ts,t = {cits , τ

i
ts−Tp:t−1}. The symbol hi

ts,t is used to
simplify notation, representing the pre-given conditions pro-
vided to the model in a more compact form. Each term of the
objective represents the log probability of predicting the next
tokens corresponding to observations, actions, rewards, and
reward-to-go values. We expand this objective by summing
over all time steps ts and agent indices i, resulting in a total
objective for the joint trajectory τ :

L(τ ) =
Nag∑
i=1

T−Th∑
ts=Tp

Lts(τ
i). (5)

By maximizing this objective, COMAT can predict the
probability distribution of the tokens corresponding to the
next Th steps of the future trajectory for each agent.

B. COMAT core modules

In this section, we provide detailed explanations of CO-
MAT’s three core modules.
Transformer Module. The transformer module processes
the input trajectory sequence by passing it through a series
of causal self-attention layers, which generate the trajectory
embedding that corresponds to each token in the sequence
(Figure 2(a)). This design follows a transformer decoder
architecture [6]. The generated trajectory embeddings are
later used to generate the next token in the sequence. We
denote the trajectory embedding corresponding to the k-th
token at the t-th time step as eit,k ∈ Rde , where de is the
dimension of the embedding vector. Since these embeddings
are computed using self-attention with causal masking, each
embedding can only capture the information from the token
itself and previous tokens in the sequence.
Context Encoder. The context encoder of agent i encodes
the trajectory embeddings generated from the agent’s tra-
jectory history into context embedding vectors. In detail, a
different context embedding vector is generated for each time
step and each adjacent agent receiving it, resulting in total
Tp × Nadj context embeddings per agent (Figure 2(b)). For
each time step t and for each adjacent agent j ∈ N (i), the
encoder generates the following context embeddings:

{mi
ts−t,j | t = 1, 2, . . . , Tp, j ∈ N (i)}

= ContextEnci(e
i
ts−Tp:ts−1), (6)

where eits−Tp:ts−1 denotes the sequence of trajectory embed-
ding vectors generated by the transformer module. Note that
these vectors contain information from the history trajectory
tokens corresponding to the time steps from ts−Tp to ts−1.

For simplicity, mi
ts refers to the set of all context embeddings

processed from the agent i for its adjacent agents.
To leverage the history effectively, we employ the cross-

attention mechanism in the context encoder. The queries
are learnable parameters qi

t,j , one for each time step t
and adjacent agent j, allowing the model to learn how to
extract relevant information. The keys and values are the
trajectory embeddings obtained by processing the trajectory
history through the transformer module. Each qi

t,j attends
only to eit, restricting attention to the corresponding time
step. By maximizing the objective (5), each query qi

t,j is
trained to extract information that is specifically relevant to
the needs of the adjacent agent j. After passing through an
additional MLP layer, Tp×Nadj different context embeddings
are generated for agent i. These context embeddings are then
distributed to the adjacent agents. As previously mentioned,
the rewards and reward-to-go values are already shared
among agents, so there is no need to include them in the
context. Therefore, we mask them out during cross-attention,
focusing only on the observation and action tokens.
Context Aggregator. The context aggregator module of the
agent i gathers the context embeddings from the adjacent
agents and integrates them into the trajectory embedding
of the current token through a self-attention layer. The
updated embedding is then passed through an MLP decoder
to produce the logits for the next token (Figure 2(c)). This
process actively determines how much information from the
adjacent agents’ histories should be incorporated.

To clarify the process, let us assume that at time step
ts, agent i is tasked with predicting the (k + 1)-th token at
future time step ts+t. Specifically, the k-th token’s trajectory
embedding eits+t,k serves as the query, while eits+t,k along
with the context embeddings mj

ts−Tp:ts−1,i from the adjacent
agents j ∈ N (i) are used as the keys and values in the self-
attention layer. The resulting output embedding, ẽits+t,k ∈
Rde , is taken as the final aggregated embedding:

ẽits+t,k = ContextAgg({mj
ts−T:ts−1,i | j ∈ N (i)}, eits+t,k).

(7)

ẽits+t,k is then processed by the MLP decoder to produce
the logits for predicting the (k + 1)-th token.

C. Training

All modules of COMAT are trained jointly to maximize
the objective (5). While all agents share most of the pa-
rameters of the modules in COMAT, distinct input token
embeddings are used to ensure that each agent maintains its
unique trajectory representation. For implementation, Nadj
is set to 2, and the adjacent agents of agent i are pre-
defined as the agents with indices i − 1 and i + 1, with
cyclic selection applied when the index goes below 1 or
exceeds Nag (i.e., 0 wraps to Nag and Nag + 1 wraps to
1). However, the selection of adjacent agents is flexible and
can be customized accordingly. Across all tasks, COMAT is
trained for 50 epochs with a batch size of 256 and a learning
rate of 6.0×10−4. The number of bins used for discretizing
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Fig. 3: Task environments.. Rendered images of the task
environments used in our evaluation. (a)-(b) Two tasks from
Multi-agent MuJoCo, and (c)-(d) two tasks from SMAC.

each dimension of the trajectory is set to 100, while de is
set to 128.

D. Planning with COMAT

At inference time step ts, COMAT samples the next
tokens from categorical distributions over the output logits.
By sequentially and in parallel sampling, COMAT generates
diverse future trajectories per agent conditioned on its current
observation, own history, and adjacent agents’ contexts at ts.
Each generated trajectory is scored by summing its estimated
rewards and the estimated reward-to-go at the final step. We
then select the highest-scoring trajectories and use their first
actions as the agents’ next actions. We use the beam-search
method from [1] for efficient trajectory selection. Note that
no information is exchanged during beam search, as agents
rely solely on pre-shared contexts, preserving decentraliza-
tion and parallelism. In the implementation, we use five step
history as the context (Tp = 5), set the prediction horizon to
three steps (Th = 3), and set the beam search width to 64.

IV. EXPERIMENTS

A. Tasks

We evaluate COMAT on two different tasks, which are
multi-agent MuJoCo [11] and StarCraft Multi-Agent Chal-
lenge (SMAC) tasks [12] (Figure 3).
Multi-Agent MuJoCo. This benchmark, built on MuJoCo,
enables continuous multi-agent robotic control by splitting a
single robot into independent sub-bodies, each assigned to an
agent [11]. We adapt the D4RL MuJoCo dataset [13] into a
multi-agent format following [30]–[32], where observations
and actions are organized per agent. Each agent receives joint
angles and velocities of its own body as local observations,
and the torso’s position and velocity as globally shared
observations. Agents can only control the joints that are
included in their own bodies. We evaluate on 2-Halfcheetah

and 4-Ant, where the original robots are divided into two
and four agents respectively. We conduct evaluations on four
different data quality levels: expert, medium, medium-replay
and medium-expert. Medium-replay contains all samples in
the replay buffer observed during training the medium-level
policy. Medium-expert is a mixture of the expert and medium
datasets, combining demonstrations of varying performance
levels.
SMAC. SMAC focuses on micromanagement challenges
where each unit in the StarCraft game is controlled by
an independent agent that acts based on local observations
[12]. Unlike the multi-agent MuJoCo tasks, SMAC tasks
involve discrete action spaces that include actions such as
moving, attacking, and more. We choose two scenarios
named 5m vs 6m and 3s5z vs 3s6z, and both present a
high level of difficulty. We train our method and the baselines
using the SMAC dataset proposed from OG-MARL [14] that
has three quality levels: good, medium, and poor.

For each task, we evaluate all algorithms using three
different training seeds. Each trained model is tested over
32 independent episodes.

B. Baselines

We compare COMAT with four recent offline MARL
algorithms: OMIGA [23], OMAR [22], Multi-agent version
CQL [29] (MA-CQL), and MADT [7]. MA-CQL is a variant
of CQL [29], modified to use a central critic for continuous
action tasks and a QMIX-style mixer [16] for discrete action
tasks. The performance scores of MA-CQL on SMAC are
taken from the results reported in OG-MARL [14]. MADT
originally includes both offline and online training phases,
but we only conduct offline training as our focus is solely
on offline MARL evaluation.

C. Results

Table I and Table III present the means and standard
deviations of the average returns for multi-agent MuJoCo
and SMAC tasks, computed across the three different training
seeds. The results show that COMAT demonstrates superior
performance on average compared to the baselines, both in
continuous and discrete action domains. While OMIGA [23]
and MADT [7] achieve competitive performance in both
multi-agent MuJoCo and SMAC tasks, COMAT consistently
achieves higher scores in the experiments, except for the 4-
Ant experiment with the medium dataset. In contrast, OMAR
[22] and MA-CQL [29] exhibit unstable learning dynamics in
MuJoCo tasks and with few exceptions, perform significantly
worse than COMAT and other baselines. Even in cases where
certain baselines achieve higher scores, we observe that
COMAT maintains stable learning and delivers competitive
performance without exhibiting fluctuations in scores.

In both multi-agent MuJoCo and SMAC tasks, coordinat-
ing multiple agents to plan effectively requires each agent
not only to perform well individually, but also to consider
and synchronize with the actions of others. These results
show that COMAT successfully coordinated the agents in
planning their actions while considering the adjacent agents,



TABLE I: Results in multi-agent MuJoCo tasks.

Task Dataset COMAT (ours) OMIGA [23] OMAR [22] MA-CQL [29] MADT [7]

2-HalfCheetah

Expert 10393.25 ± 173.76 10242.95 ± 142.7 555.86 ± 299.06 -109.566 ± 58.35 4724.88 ± 4351.85
Medium 5247.44 ± 63.38 5187.22 ± 13.86 5446.85 ± 40.82 24.87 ± 152.69 4944.06 ± 142.43
Medium-replay 4766.11 ± 189.84 4765.38 ± 141.68 597.77 ± 1458.00 -139.62 ± 43.47 527.13 ± 418.84
Medium-expert 9101.05 ± 1170.76 7549.05 ± 1463.71 910.05 ± 1815.79 -57.03 ± 24.78 4801.77 ± 118.32

4-Ant

Expert 4326.17 ± 100.29 3751.08 ± 869.90 424.01 ± 186.60 834.77 ± 94.69 3594.36 ± 2500.17
Medium 3283.83 ± 70.88 3433.22 ± 253.17 919.541 ± 509.51 815.54 ± 58.35 4029.81 ± 9.97
Medium-replay 2738.40 ± 395.04 1611.66 ± 641.26 311.18 ± 328.38 2074.60 ± 1332.10 1480.04 ± 676.56
Medium-expert 4177.87 ± 61.10 3811.56 ± 544.61 858.17 ± 69.03 1285.01 ± 2246.30 2899.45 ± 2052.59

TABLE II: Ablation studies of COMAT.

Task Dataset COMAT (ours) COMAT-MLP COMAT-BC MAT (w/o context)

2-HalfCheetah

Expert 10393.25 ± 173.76 9750.45 ± 1276.19 10140.69 ± 351.83 6368.79 ± 2832.56
Medium 5247.44 ± 63.38 5124.39 ± 226.49 4841.58 ± 69.53 4935.91 ± 217.33
Medium-replay 4766.11 ± 189.84 4671.31 ± 70.72 3923.49 ± 74.32 4378.57 ± 118.55
Medium-expert 9101.05 ± 1170.76 8371.44 ± 1278.26 6281.35 ± 481.40 7810.10 ± 3055.27

4-Ant

Expert 4326.17 ± 100.29 4526.24 ± 172.56 3897.00 ± 325.30 4278.08 ± 312.14
Medium 3283.83 ± 70.88 3251.97 ± 108.25 2370.79 ± 242.04 2999.98 ± 113.42
Medium-replay 2738.40 ± 395.04 2572.12 ± 502.99 2057.96 ± 99.19 2699.97 ± 12.12
Medium-expert 4177.87 ± 61.10 3953.98 ± 190.91 2924.54 ± 274.27 2423.89 ± 1484.68

TABLE III: Results in SMAC tasks.

5m vs 6m

Good Medium Poor

OMIGA [23] 9.46 ± 0.90 9.96 ± 0.86 7.65 ± 0.45
OMAR [22] 15.86 ± 0.74 15.01 ± 0.80 7.89 ± 0.19
MA-CQL [29] 13.80 ± 3.90 16.90 ± 1.20 10.40 ± 1.00
MADT [7] 15.93 ± 1.82 16.20 ± 0.83 9.43 ± 0.25
COMAT (ours) 16.25 ± 1.39 17.14 ± 0.30 8.53 ± 0.84

3s5z vs 3s6z

Good Medium Poor

OMIGA [23] 16.56 ± 0.98 11.39 ± 0.32 1.30 ± 0.02
OMAR [22] 12.33 ± 3.52 12.69 ± 0.50 8.11 ± 0.14
MA-CQL [29] 7.30 ± 1.90 8.10 ± 3.10 2.90 ± 0.90
MADT [7] 13.89 ± 0.66 12.66 ± 0.56 8.32 ± 0.26
COMAT (ours) 17.82 ± 0.41 13.23 ± 0.13 8.73 ± 0.45

by effectively encoding the necessary information from the
contexts and aggregating them into its sequence model.

D. Ablation studies

We conduct ablation studies on multiple variants of
COMAT to analyze the impact of different components
on performance. We introduce three variants of COMAT,
namely, COMAT-MLP, COMAT-BC, and MAT. COMAT-
MLP replaces the proposed cross-attention-based approach
in the context encoder with a simple two-layer MLP network.
In this version, the trajectory embeddings from the history
are independently encoded through the MLP, and their mean

is used to compute the context embedding. COMAT-BC,
on the other hand, determines the next action by taking
the argmax of its probability, eliminating the process for
future trajectory sampling or beam search. This approach is
akin to conventional behavior cloning (BC). In addition, we
evaluate a variant of COMAT with the same architecture but
without utilizing the contexts (MAT). MAT does not include
the context encoder and the context aggregator. Trajectory
embeddings are directly mapped to the logits of the next
tokens using MLP decoders.

Table II shows the results of ablation studies for CO-
MAT on the multi-agent MuJoCo tasks. The results indicate
that COMAT consistently outperforms MAT, highlighting
the advantages of incorporating contexts into the sequence
model for multi-agent trajectory prediction. While MAT
also demonstrates competitive performance, it occasionally
exhibits high variance, suggesting instability in its planning.
Moreover, we find that although the MLP-based approach
used in the context encoder of COMAT-MLP outperforms
MAT, which does not use context, it still underperforms
on average compared to our proposed cross-attention-based
approach. We interpret this as the cross-attention mechanism
effectively assigning weights to and extracting crucial infor-
mation from the context embeddings. Finally, the weaker
performance of COMAT-BC compared to COMAT suggests
that the combination of generating diverse and valid trajec-
tories with beam search plays a crucial role in discovering
better actions. This further emphasizes the importance of
accurately estimating rewards and reward-to-go values for
improved decision-making.



V. CONCLUSIONS

In this work, we propose COMAT, a context-aware multi-
agent trajectory transformer for offline MARL that integrates
context information from adjacent agents into the trajectory
modeling process. Our model leverages a transformer-based
architecture with key modules for encoding and aggregating
context information from adjacent agents, enabling more
accurate trajectory prediction and improved decision-making.
Through experiments on multi-agent MuJoCo and SMAC
tasks, COMAT demonstrated superior performance compared
to baseline methods. Ablation studies further validated the
crucial role of each COMAT component in improving its
performance. These results highlight the effectiveness of inte-
grating context into multi-agent trajectory modeling, offering
a promising approach for future advancements in offline
MARL tasks.
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