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ABSTRACT
Recent advances in multi-agent reinforcement learning (MARL)
have demonstrated success in numerous challenging domains and
environments, but typically require specialized models for each
task. In this work, we propose a coherent methodology that makes
it possible for a single GPT-based model to learn and perform well
across diverse MARL environments and tasks, including StarCraft
Multi-Agent Challenge, Google Research Football and POGEMA.
Our method, MARL-GPT, applies offline reinforcement learning to
train at scale on the expert trajectories (400M for SMACv2, 100M
for GRF, and 1B for POGEMA) combined with a single transformer-
based observation encoder that requires no task-specific tuning.
Experiments show that MARL-GPT1 achieves competitive perfor-
mance compared to specialized baselines in all tested environments.
Thus, our findings suggest that it is, indeed, possible to build a multi-
task transformer-based model for a wide variety of (significantly
different) multi-agent problems paving the way to the fundamen-
tal MARL model (akin to ChatGPT, Llama, Mistral etc. in natural
language modeling).
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Figure 1: Spider plot demonstrating the relative performance
of all evaluated approaches on three different environments
– SMACv2, Google Research Football (GRF) and POGEMA.
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1 INTRODUCTION
Multi-agent reinforcement learning (MARL) has made significant
progress in solving complex tasks such as competitive games like
StarCraft or cooperative robotic tasks such as multi-agent pathfind-
ing. However, most MARL methods are designed for a single envi-
ronment or task, requiring specialized architectures and training
pipelines for each new problem. And even in this case the resultant
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MARL policies typically struggle when solving the problems not
seen in the training time that are different in the number of agents,
map layout etc. In this work, we wish not only to improve the
generalization abilities of a MARL policy but to make it possible
for such policy to efficiently solve tasks from different domains.

To this end we leverage the power of transformer-based architec-
tures (that are the backbone of the overwhelming success in natural
language processing tasks and are successfully applied to other do-
mains such as computer vision, robotic control as well) coupled
with imitation-learning at scale. We focus on three significantly
different MARL environments: Starcraft Multi-Agent Challenge (ad-
versarial combat game) [29], Google Research Football (adversarial
sport game) [17], and POGEMA (cooperative multi-robot naviga-
tion) [32]. Using the expert policies for those environments that
include both learnable policies and the rule-based ones, we obtain a
large and diverse dataset of observation-action pairs that are used
to train our model, which we call MARL-GPT.

We train MARL-GPT using supervised imitation learning on a
diverse dataset of expert demonstrations collected from multiple
MARL environments and tasks (Fig. 2). Each expert trajectory con-
sists of sequences of observation-action-reward triplets gathered
across scenarios that vary in dynamics, state spaces, and agent in-
teractions. To represent these observations, we tokenize structured,
vectorized inputs describing each agent’s local view – including
itself, allies, and opponents. These tokens are enriched with the
learned embeddings that encode the type of feature (e.g., position,
health), the agent’s identity and team affiliation, and the temporal
step of the observation. This flexible encoding supports a variable
number of agents and preserves role-specific and group-specific
information while maintaining permutation invariance where ap-
plicable. The resulting tokens are processed by a transformer en-
coder, which maps them to expert action predictions and Q-values.
Training is performed using standard cross-entropy loss on discrete
action outputs or Q-value bins, without relying on recurrence or au-
toregression. Instead, partial observability is handled by leveraging
the transformer’s context window and temporal encoding.

As a result we are able to obtain a single (fundamental) MARL
model, that generalizes across state and action spaces, reward struc-
tures, and agent coordination requirements as confirmed by our
extensive empirical evaluation.

Our experiments show that this unified model achieves com-
petitive performance compared to specialized MARL algorithms
in all tested domains. This suggests that general-purpose archi-
tectures can handle diverse multi-agent tasks without extensive
tuning, reducing the need for task-specific designs.

In summary, our key contributions are as follows:

(1) We develop a single GPT-based MARL model that performs
notably well across different environments without any ar-
chitectural changes or fine-tuning.

(2) We create a large dataset of observation-action-reward triplets,
vital for imitation learning and offline RL of anyMARL policy
(not necessarily ours).

(3) We conduct a thorough empirical validation of our model on
SMACv2, Google Research Football, and POGEMA, showing
competitive results against specialized baselines.

We are committed to open-sourcing the model code, including
expert policy weights, training datasets, and final weights of the
MARL-GPT model.

2 RELATEDWORK
Multi-agent imitation learning (MAIL). In the realm of multi-

agent systems, imitation learning and learning from demonstration
are widely employed [22, 34]. Imitation learning in multi-agent
scenarios, also known as MAIL, is a problem in which agents learn
to perform a task in a multi-agent system by observing and mimick-
ing expert demonstrations without any knowledge of the reward
function from the environment. This approach has gained partic-
ular traction in the context of controlling urban traffic and traffic
lights at intersections [2, 13], controlling the power in wireless net-
works [44] due to the availability of a vast amount of data collected
in real-world scenarios and the use of high-quality simulators, e.g.
Sumo [23] in traffic applications.

Within the realm of MAIL, there are various methods to consider,
including those that employ Bayesian approaches [41], generative
adversarial techniques [20, 33], statistical tools for capturing in-
terdependencies between agents [37], low-rank subspaces [30],
latent models for coordinating agents [18], decision transform-
ers [24, 39], and more. Demonstrations are frequently used for pre-
training in games, such as learnable models for chess [28, 31], and
in multi-agent pathfinding tasks, as exemplified by MAPF-GPT [1]
and SCRIMP [38]. Despite the presence of models that are trained
on pre-collected data, they are often specialized for a specific en-
vironment or even a single task within that environment. These
models have limited generalizability even to conditions within the
same environment, and their performance is significantly reduced
when learning in a multitasking setting.

Foundation models for multi-agent systems. Foundation models
are typically trained on large datasets, enabling zero-shot or few-
shot learning [3, 42]. From the perspective of an autonomous agent,
it is a model that can perform new tasks that are different from
those it was trained on, either with additional demonstration of
desired behavior or without any demonstration [9]. Another impor-
tant feature of these foundation models is their fine-tuning ability
for specific tasks, allowing them to improve performance quickly
(see Gato tuning [27]). These models are commonly used in robotics
to solve multimodal tasks where the goal is specified in text instruc-
tions [9, 15, 35]. However, in multi-agent scenarios, such models
are less common, with examples including the Magnetic-One model
for language and multimodal task-solving in WebArena [10], as
well as the MAPF-GPT model for pathfinding [1].

Work on multitasking multi-agent models is also close to this
topic, in which attempts are made to train a single policy for action
in different scenarios and environments [26]. The primary direction
for developing foundationmodels in themulti-agent setting is based
on transformer architectures. First, transformers can process ob-
servations of varying lengths [12], which is particularly important
when the dimensionality of the observation depends on the number
of agents in the task. Second, transformers enable the model to
capture inter-agent relationships, which is valuable not only for
observation processing, but also for partially centralized training
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Figure 2: The general pipeline begins with training expert policies across diverseMARL environments using domain-appropriate
algorithms (e.g., IPPO, RHCR). These policies generate large-scale datasets of observation-action(-reward) trajectories. MARL-
GPT is then trained on the aggregated data using cross-entropy loss to predict expert actions and Q-values, enabling a single
model to generalize across environments, tasks, and coordination regimes.

approaches [39]. Additionally, several offline methods [21, 43] ex-
tract coordination skills that are generalized between grouping
agents. However, these approaches lack the key properties of foun-
dation models, particularly the ability to fine-tune on additional
demonstrations, and they struggle to effectively train in multi-task
settings with distinct environments.

Some papers have explored the possibility of adapting single-
agent foundation models to solve multi-agent problems without
modifying the pre-training process [36, 40]. In our method, we focus
on the task of training a foundation model for multiple multi-agent
environments from scratch. It should be noted that no such single
pre-trained model has been proposed yet. This is due to the complex
nature ofmulti-agent policies in various tasks, such as StarCraft [29]
and football [17], and the lack of large expert trajectory datasets
necessary for effective foundation model training. In our MARL-
GPT model, we overcome these difficulties and show that it is
possible to train a multitasking, multi-agent foundation model on a
reasonable set of expert data and with expert-level quality.

3 BACKGROUND
Multi-Agent Reinforcement Learning extends single-agent re-
inforcement learning (RL) to domains with multiple interacting
decision makers. In partially observable environments, this in-
teraction can be formalized by a decentralized partially observ-
able Markov decision process (Dec-POMDP) [25]. This is a tuple
(𝑁,S,A,𝑇 , {O𝑖 }𝑖∈𝑁 ,𝑂, {R𝑖 }𝑖∈𝑁 , 𝛾),where 𝑁 is the agent set, S is
the global state space, and all agents share a common action space
A. The joint action is a = (𝑎1, . . . , 𝑎𝑛) ∈ A𝑛 . The transition kernel
𝑇 (𝑠′ | 𝑠, a) specifies the probability of moving from state 𝑠 to 𝑠′
given the joint action. Each agent receives a private observation
𝑜𝑖 ∈ O𝑖 drawn from the observation function𝑂 (𝑜1, . . . , 𝑜𝑛 | 𝑠, a, 𝑠′).
Rewards may differ across agents, with R𝑖 (𝑠, a, 𝑠′) denoting the
signal for agent 𝑖 , and 𝛾 ∈ [0, 1) the discount factor.

At each time step 𝑡 , agent 𝑖 selects its action based on its own
interaction history via a policy 𝜋𝑖 : (𝑜𝑖0, 𝑎

𝑖
0, . . . , 𝑜

𝑖
𝑡 ) ↦→ Δ(A),where

Δ(·) denotes the distribution of actions provided by the policy. After
all agents act, the environment transitions and each agent receives
𝑟 𝑖𝑡 = R𝑖 (𝑠𝑡 , a𝑡 , 𝑠𝑡+1) . The learning objective in MARL is for each
agent 𝑖 to find an optimal policy 𝜋∗ 𝑖 that maximizes its expected
cumulative return, which is a discounted sum of step-wise rewards.

Each agent deploys its learned policy, which selects actions based
only on its own local observation history. The policies themselves
are conditioned only on local information, making execution fully
decentralized. Agents do not need to communicate or observe oth-
ers’ states/actions at runtime.

Parameter sharing employs a single policy network 𝜋 across all
agents. This approach reduces the parameter count and enables
efficient knowledge transfer, though it may limit policy diversity
when agents require specialized behaviors.

Offline RL and imitation learning methods train on expert tra-
jectories D. The simplest approach is behavior cloning [14], which
formulates imitation learning as supervised learning by minimiz-
ing the cross-entropy loss E𝑜𝑡 ,𝑎𝑡∼D [L𝐶𝐸 (𝑎 ∼ 𝜋 (𝑎 |𝑜𝑡 ), 𝑎𝑡 )] over
expert demonstrations (𝑜𝑡 , 𝑎𝑡 ).

4 METHOD
The suggested pipeline of obtaining a multi-task MARL model can
be divided into three main components. First, expert policies for
each task are acquired, and expert trajectories are collected using
them. Second, observations are encoded in a way that enables the
model to operate across multiple environments, in contrast to the
expert policies, which are specialized for a single environment.
Finally, a transformer architecture is trained via behavior cloning
to imitate the expert behavior.
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4.1 Acquiring of Expert Policies and Data
Collection

Let 𝜋∗𝑒 denote an expert policy for the environment 𝑒 ∈ E. These
expert policies serve as sources of high-quality demonstrations
and can be obtained through a variety of means. In certain well-
established domains, such as chess, expert policies are readily avail-
able in the form of rule-based or search-based engines (e.g., Stock-
fish with NNUE), which do not require further training. These
systems can generate large volumes of expert trajectories with
negligible additional cost.

In contrast, expert policies for complex multi-agent systems are
significantly less common. One exception is the domain of multi-
agent pathfinding, where centralized solvers (e.g., Conflict-Based
Search) can be used to compute globally optimal or near-optimal
solutions. These solvers are environment-specific but provide valu-
able expert supervision when applicable.

In many modern MARL environments, no public expert policies
are readily available. In such cases, we construct strong policies by
applying large-scale reinforcement learning. For instance, we use
independent PPO agents trained separately in each environment 𝑒
to convergence, resulting in a set of high-performing task-specific
policies. This approach is applicable even in partially observable
settings.

Each expert policy 𝜋∗𝑒 is used to collect trajectories by interacting
with its corresponding environment. If the policy is recurrent, it
may condition on a history of past observations. Specifically, the
expert produces a trajectory:

𝜏𝑒 = {(𝑜𝑡 , 𝑎𝑡 , 𝑟𝑡 )}𝑇𝑡=1,

where 𝑜𝑡 is the observation at time 𝑡 , and 𝑎𝑡 ∼ 𝜋∗𝑒 (· | ℎ𝑡 ) is the
action sampled based on observation history ℎ𝑡 = {𝑜𝑡−𝑘 , . . . , 𝑜𝑡 }.
The agent receives the reward 𝑟𝑡 . In practice, the policy may use a
GRU or similar recurrent architecture to encode ℎ𝑡 into a compact
hidden state.

We collect expert trajectories across a distribution of environ-
ments E. Some of them may contain multiple different scenarios
(tasks), allowing us to gather data that vary not only across envi-
ronments, but also across tasks within a given environment. This
results in a diverse dataset of expert demonstrations covering a
wide range of state spaces, dynamics, and task structures.

4.2 Observation Encoding
We consider the task of multi-agent decision making in a partially
observable environment. In this setting, observations usually in-
clude information about the agent itself, the surrounding agents,
and the environment around them. We assume that observation
from any environment can be represented as a vector 𝑜 = {𝑜𝑖 }𝑛𝑖=0.
For each element 𝑜𝑖 in this observation vector, we obtain a token
embedding 𝑡𝑜𝑘𝑖 by applying a learned linear layer 𝑡𝑜𝑘𝑖 = 𝐿(𝑜𝑖 ) that
projects the raw input into the embedding space. 𝐿 is the same for
all environments and maps a number into a vector.

Each element of the observation corresponds to a specific envi-
ronmental property, e.g. the health of the nearest agent. To provide
context to these elements, we augment them with positional and
structural information. Four positional numbers are defined to en-
code this information. First, 𝑝𝑜𝑠𝑎𝑡𝑡𝑟 (attribute) indicates the type

of observed property. For instance, whether it is the agent’s health
or its coordinates. If both agent 𝑘 and agent 𝑗 have the same prop-
erty 𝑃 observed, they will share the same 𝑝𝑜𝑠𝑎𝑡𝑡𝑟 . Second, 𝑝𝑜𝑠𝑡𝑒𝑎𝑚
denotes the group to which the observed agent belongs. Agents
may be divided into different groups based on their roles or goals,
such as allies and enemies. Third, agents can be numbered within
their group using 𝑝𝑜𝑠𝑖𝑛𝑑𝑥 . Thus, an observation element 𝑜𝑖 can
be associated with an agent of the group 𝑝𝑜𝑠𝑡𝑒𝑎𝑚 and the index
𝑝𝑜𝑠𝑖𝑛𝑑𝑥 . The agent whose observation is being considered is always
assigned group 0 and index 0. All global properties of the situation
are also attributed to this agent (group 0, index 0).

Enemy #1Agent Ally #2 Enemy #2 …

partial 
field of 
view 

Agent

x y hp …

Ally #1 

0 1 2 …

a) attributes

element-wise addition 
of embeddings

b) timestep

0 0 0 … 1 1 1 …

c) agent index

1 1 1 …

d) team index

x y hp …
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Ally #1

each agent may 
have unique 
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view of the 
environment

Encoding of observation components

Agent

Figure 3: Illustration of the proposed encoding scheme for
multi-agent systems, demonstrated using an example from
the SMACv2 environment. Each agent receives a structured,
vectorized observation containing information about itself,
its allies, and nearby enemies. For each observed agent, the
input features (such as position, health, etc.) are enriched
with additional embeddings: (a) a positional encoding over
the feature dimensions, (b) a global timestep encoding, (c)
an agent identity index, and (d) a team index distinguishing
allies from enemies. These components are combined via
element-wise addition, resulting in a contextualized embed-
ding for each observed agent that can be processed by a trans-
former encoder. The provided encoding scheme is general
and transferable across multi-agent systems. By augmenting
raw observation features with agent- and team-specific in-
dices, the encoding enables the model to distinguish between
different functional groups (e.g., allies vs. enemies) and indi-
vidual agents, regardless of environment-specific dynamics
or layouts. This structure preserves permutation invariance
where appropriate, while still allowing the model to learn
role-specific interactions. The encoding supports a dynamic
number of agents, limited only by the model’s maximum
context size.

The environment is partially observable, which means that the
agent does not have access to the full state of the environment. One
simple way to handle this limitation is to include in the final obser-
vation a history of the last ℎ observations from the environment, or
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to complete the current observation with some information from
previous steps. To indicate the time moment of each observation
element, we add a positional encoding 𝑝𝑜𝑠𝑡𝑖𝑚𝑒 . It is important to
note that we do not use methods such as autoregressive modeling
or recurrent neural networks in this approach.

Thus, each observation element 𝑜𝑖 can be represented by a tuple
of four components: agent index 𝑝𝑜𝑠𝑖

𝑖𝑛𝑑𝑥
, group number 𝑝𝑜𝑠𝑖𝑡𝑒𝑎𝑚 ,

agent property number 𝑝𝑜𝑠𝑖𝑎𝑡𝑡𝑟 , and time step 𝑝𝑜𝑠𝑖
𝑡𝑖𝑚𝑒

from which
the observation was taken. The structure of these positional vec-
tors depends on the specific environment. For each positional
component, a corresponding embedding is learned 𝑒𝑚𝑏𝑖𝑡𝑦𝑝𝑒 =

𝐿𝑡𝑦𝑝𝑒 (𝑝𝑜𝑠𝑖𝑡𝑦𝑝𝑒 ) and added to the respective token.
In summary, each observation element 𝑜𝑖 is contextualized by a

four-component positional vector: the agent index 𝑝𝑜𝑠𝑖
𝑖𝑛𝑑𝑥

, group
identifier 𝑝𝑜𝑠𝑖𝑡𝑒𝑎𝑚 , attribute type 𝑝𝑜𝑠𝑖𝑎𝑡𝑡𝑟 , and timestep 𝑝𝑜𝑠𝑖

𝑡𝑖𝑚𝑒
.

While the rules for assigning these positional indices are environment-
dependent, the mechanism for using them is universal. Each posi-
tional component is mapped to a vector using a learned embedding
layer 𝑒𝑚𝑏𝑖𝑡𝑦𝑝𝑒 = 𝐿𝑡𝑦𝑝𝑒 (𝑝𝑜𝑠𝑖𝑡𝑦𝑝𝑒 ). These four positional embeddings
are then summed with the initial observation token 𝑡𝑜𝑘𝑖 to produce
the final input representation, 𝑟𝑒𝑠𝑖 .

𝑟𝑒𝑠𝑖 = 𝑡𝑜𝑘𝑖 + 𝑒𝑚𝑏𝑖𝑖𝑛𝑑𝑥 + 𝑒𝑚𝑏𝑖𝑡𝑒𝑎𝑚 + 𝑒𝑚𝑏𝑖𝑎𝑡𝑡𝑟 + 𝑒𝑚𝑏𝑖𝑡𝑖𝑚𝑒 .

The result tokens 𝑟𝑒𝑠𝑖 are then processed by a GPT-like model.
The example of a positional encoding for the well-known SMACv2
environment is shown in Fig. 3. Appendix A provides recommen-
dations for constructing positional encodings tailored to specific
environment.

4.3 Model Training
We study a universal model that predicts an agent’s action using
only its own observation, without access to the state or observations
of other agents. Our approach is based on offline RL with a data-
driven actor-critic architecture. At each timestep 𝑡 , the transformer-
based observation encoder processes the agent’s observation 𝑜𝑡 into
a hidden stateℎ𝑡 , which is shared by both the critic𝑄 and stochastic
policy 𝜋 output heads. The model is trained byminimizing joint loss
L = L𝑐𝑟𝑖𝑡𝑖𝑐 + L𝑎𝑐𝑡𝑜𝑟 using minibatch stochastic gradient descent
with the Adam optimizer.

Critic. Classification with categorical cross-entropy loss (L𝐶𝐸 )
is more effective than regression with mean squared error when
training large neural networks, especially transformer architectures.
For this reason, we use a discrete critic approach [8, 28]. The Q-
value range is divided into a fixed number of uniform bins, and
each Q-value is represented as a probability distribution over these
bins. If 𝐾 is the scalar, then 𝐾𝐵 represents this scalar as a vector of
bins.

The critic loss consists of two parts: the temporal difference (TD)
error and the conservative regularization (CR). The TD target is
𝑦𝑡 = 𝑟𝑡 + 𝛾 𝑄 (𝑜𝑡+1, 𝑎 ∼ 𝜋 (𝑎 |𝑜𝑡 )), where 𝑄 and 𝜋 refer to frozen
target networks. The regularization term addresses the issue of
overestimating Q-values for observation-action pairs that are rarely
or never seen in the dataset [4, 16]. To prevent this, we penalize the
Q-values for actions with low probability under the current policy,
pushing them toward a minimal attainable value 𝑞min. Specifically,
we define 𝜋 ′ (𝑎 | 𝑜) = 1−𝜋 (𝑎 |𝑜 )

𝑍
as a distribution over actions that

have a low probability according to 𝜋 , where 𝑍 is a normalization
constant. The critic loss is:

L𝑐𝑟𝑖𝑡𝑖𝑐 = 𝛼𝑡𝑑 E𝑜,𝑎∼D
[
L𝐶𝐸 (𝑄𝐵 (𝑜, 𝑎), 𝑦𝐵𝑡 )

]
+

+ 𝛼𝑐𝑟 E𝑜∼D, 𝑎∼𝜋 ′ (𝑎 |𝑜 )
[
L𝐶𝐸 (𝑄𝐵 (𝑜, 𝑎), 𝑞𝐵𝑚𝑖𝑛)

]
. (1)

Policy. The policy loss combines behavior cloning (BC) loss and
actor loss (A). We calculate actor loss using the advantage function
𝐴(𝑜𝑡 , 𝑎𝑡 ) because it offers a stable and scale-invariant learning
signal. This signal helps the actor focus on actions that perform
better than the average, rather than just their absolute value.

𝐴(𝑜𝑡 , 𝑎𝑡 ) = 𝑄 (𝑜𝑡 , 𝑎𝑡 ) − E𝑎∼𝜋 (𝑎 |𝑜𝑡 ) [𝑄 (𝑜𝑡 , 𝑎)]

We include a behavior cloning loss in the policy training because
it guides the model to imitate the best behavior observed in the
dataset. This loss provides a strong and reliable supervisory sig-
nal, especially when the optimal policy is unknown or difficult to
estimate. The policy loss is:

L𝑎𝑐𝑡𝑜𝑟 = −𝛼𝑎 E𝑜𝑡 ,𝑎𝑡∼D [𝐴(𝑜𝑡 , 𝑎𝑡 ) log𝜋 (𝑎𝑡 |𝑜𝑡 )]
+ 𝛼𝑏𝑐 E𝑜𝑡 ,𝑎𝑡∼D, 𝑎∼𝜋 (𝑎 |𝑜𝑡 ) [L𝐶𝐸 (𝑎, 𝑎𝑡 )] . (2)

Action Space. To handle varying action spaces across environ-
ments, a universal output layer (one transformer layer plus a linear
layer) is used, combined with environment-specific action masking.
This masking ensures that the probability of unavailable actions
is always zero, allowing the agent to adapt to different scenarios
while maintaining a consistent architecture.

Unified model for all environments. The model architecture
and all training hyperparameters are identical across environments.
Only the positional encoding and the action mask are environment
dependent.

Online fine-tune. During offline training, the agent learns
mainly from successful trajectories but tends to underestimate Q-
values for unseen observations and actions. This leads to incorrect
Q-value estimates during the online phase. To mitigate this, the
actor is frozen for the initial 𝑛 steps of online training while the
critic is pretrained using online interactions with the environment.
Afterward, online fine-tuning is performed using PPO, which helps
stabilize learning and adapt the policy safely to new data.

5 EMPIRICAL EVALUATION
5.1 Experimental Setup
5.1.1 Environments. To evaluate MARL-GPT, we selected three
well-known multi-agent environments. SMACv2 [7] is a challeng-
ing real-time strategy benchmark that tests coordinated decision-
making and teamwork in complex combat. GRF (Google Research
Football) [17] provides a dynamic, stochastic setting with varied
strategies, assessing policy adaptability and temporal reasoning.
The POGEMA benchmark2 [32] involves multi-agent pathfinding
in grid worlds, providing a tough setting for testing scalable gen-
eralization to new agent populations and scenarios. We use the
lifelong scenario, where a new goal is generated when an agent
completes previous one.

2https://github.com/Cognitive-AI-Systems/pogema-benchmark
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Single-Environment Baselines Multi-Env Single-Task

Environment Task DT BC CQL BC-LSTM RATE MARL-GPT Expert

SMACv2

protoss 5_vs_5 82 ± 3 61 ± 3 57 ± 3 85 ± 3 79 ± 3 89 ± 3 87 ± 3
protoss 5_vs_6 30 ± 4 12 ± 4 14 ± 4 30 ± 4 28 ± 4 54 ± 4 49 ± 4
terran 5_vs_5 84 ± 3 69 ± 3 69 ± 3 88 ± 3 85 ± 3 93 ± 2 91 ± 2
terran 5_vs_6 48 ± 4 24 ± 4 28 ± 4 51 ± 4 41 ± 4 63 ± 4 61 ± 4
zerg 5_vs_5 65 ± 3 56 ± 3 50 ± 3 72 ± 3 64 ± 3 74 ± 3 72 ± 3
zerg 5_vs_6 34 ± 4 24 ± 4 23 ± 4 38 ± 4 33 ± 4 46 ± 4 48 ± 4

GRF

pass and shoot 80 ± 2 44 ± 2 60 ± 2 90 ± 2 78 ± 2 96 ± 2 97 ± 2
corner 60 ± 5 37 ± 4 30 ± 4 22 ± 4 58 ± 5 43 ± 5 40 ± 4
counterattack easy 88 ± 3 86 ± 3 87 ± 3 88 ± 3 85 ± 3 89 ± 3 89 ± 3
11 vs 11 easy 0 ± 0 40 ± 3 38 ± 3 43 ± 4 4 ± 3 98 ± 2 99 ± 1
11 vs 11 medium 0 ± 0 41 ± 3 35 ± 4 30 ± 3 1 ± 1 98 ± 3 100 ± 0
11 vs 11 hard 0 ± 0 40 ± 3 34 ± 4 24 ± 5 1 ± 1 68 ± 7 94 ± 1

POGEMA

Random 0.22 ± 0.01 0.24 ± 0.01 0.26 ± 0.01 0.23 ± 0.01 0.21 ± 0.01 1.16 ± 0.04 2.16 ± 0.13
Mazes 0.12 ± 0.01 0.10 ± 0.01 0.14 ± 0.01 0.11 ± 0.01 0.12 ± 0.01 0.96 ± 0.04 1.55 ± 0.08
Warehouse 0.13 ± 0.01 0.14 ± 0.01 0.17 ± 0.01 0.12 ± 0.01 0.13 ± 0.01 1.02 ± 0.01
Cities-tiles 0.68 ± 0.03 0.46 ± 0.02 0.66 ± 0.03 0.49 ± 0.02 0.65 ± 0.03 2.72 ± 0.12

Table 1: Win rates % (for SMACv2 and GRF) and average throughput (for POGEMA). Higher is better. The table compares
MARL-GPT (Multi-Domain) to expert single-task policies and standard offline RL baselines (Single-Domain) across SMACv2,
GRF, and POGEMA. MARL-GPT shows strong generalization, often matching or outperforming the expert and baselines. The
highlighting indicates the best-performing model (excluding single-task experts).

5.1.2 Expert Policy Generation. To prepare the expert dataset for
SMACv2 and GRF, we used large-scale asynchronous IPPO3. In
each SMACv2 training environment, IPPO was trained using a
total of 1 billion collected observations across scenarios involving
Protoss, Terran, and Zerg, with agent populations in both balanced
(5vs5, 10vs10) and imbalanced (5vs6) settings. The resulting policy
was then used to obtain 400 million agent training samples. We
trained expert policies for each GRF scenario using IPPO. For the full
11vs11 match, we trained three distinct expert policies, one for each
opponent difficulty level: easy, medium, and hard. Each of these
policies was trained for 20 billion environment steps. For the three
standard Academy scenarios, Pass and Shoot with Keeper ran for 300
million timesteps, Easy Counter-attack for 400million timesteps, and
Corner for 200 million timesteps. For the POGEMA environment,
we used a centralized solver called RHCR [19], in contrast to IPPO,
which serves as the expert policy in other settings. RHCR operates
by decomposing lifelong MAPF into windowed planning instances,
resolving collisions within bounded time horizons while having
access to the full state of the environment. The performance of such
a centralized policy serves as an upper bound for any learnable
policy, which does not have access to the full state.

5.1.3 Trajectory Collection. We then used these pre-trained experts
to generate multi-agent trajectories. At every timestep in each
scenario, we recorded the observations 𝑜𝑡 (as floats), the expert
actions 𝑎𝑡 , available actions𝑚𝑡 , scalar rewards 𝑟𝑡 , and done flags
𝑑𝑡 for each agent. The tuple (𝑜𝑡 , 𝑎𝑡 ,𝑚𝑡 , 𝑟𝑡 , 𝑑𝑡 ) represents a single
element in the dataset. For each SMACv2 task, we collected 60
million data elements for tasks with 5 agents and 80 million for
those with 10 agents. For GRF this produced approximately 200,000

3https://github.com/alex-petrenko/sample-factory

trajectories from Pass and Shoot with Keeper, 25,000 from Easy
Counter-attack, 75,000 from Corner, and 30,000 from the full 11vs11
match. For POGEMA, we collected 1 billion elements in mazes and
120 million on random maps, using 32 agents and 256 steps per
episode. We designed a custom dense reward for POGEMA: agents
receive 1 when moving toward the goal, and 0 otherwise.

5.1.4 Training. All versions of MARL-GPT were trained using
7M parameters, a history window of 6 (except POGEMA), and
the full dataset (except SMACv2 tasks with 10 agents). The main
model was trained for 500,000 timesteps, while models used for
testing theories were trained for 10,000. Changes in parameters
are explicitly noted. During training, each batch was balanced to
provide equal data from all environments, ensuring that the model
receives the same proportion of samples per environment. The
loss-weighting hyperparameters were fixed and shared across all
environments without tuning. The components were chosen to
ensure that the actor and critic losses are on a comparable scale,
promoting balanced gradient flow.

5.1.5 Model evaluation. We assess the model’s performance on all
tasks within the training distribution for the SMACv2 and GRF do-
mains by running 500 evaluation episodes per task and computing
the average win rate. For the pathfinding problem, evaluation is
conducted using the POGEMA benchmark on different map sets:
random maps and mazes for training tasks, and Warehouse and
Cities-tiles for unseen tasks. Performance in POGEMA is measured
using the average throughput metric, defined as the ratio of the
total number of goals achieved by all agents to the episode length.
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5.2 Experimental Results
5.2.1 Multi-task MARL. Table 1 shows the complete experimental
results across all three environments. In these experiments, we
compare MARL-GPT (trained jointly on all environments) to five
standard offline RL baselines (each trained on all tasks within a
single environment). The evaluated baselines include twomemory-
freemethods: Behavior Cloning (BC) and Conservative Q-Learning
(CQL; Kumar et al. [16]); three memory-based methods: Decision
Transformer (DT; Chen et al. [5]), Recurrent Action Transformer
with Memory (RATE; Cherepanov et al. [6]) and a recurrent BC
variant with a Long Short-TermMemory [11] backbone (BC-LSTM).
Crucially, all offline RL baselines are trained on the same raw obser-
vation vectors without the positional encodings: attribute, agent-
index, team-index, and timestep that MARL-GPT injects into every
token (see 3).

5.2.2 Expert quality. For SMACv2 and GRF, the expert policy is a
learned model that is not near-optimal. In contrast, for POGEMA,
the expert is a centralized planner (RHCR) that leverages full en-
vironment observability and a heavy search to resolve conflicts,
providing strong demonstrations that serve as a useful upper bound.
We aim to study the components of our model in settings where
the expert offers such high-quality supervision.

Table 2 presents results for RHCR, MAPF-GPT (a transformer
model trained with behavior cloning on MAPF tasks), MARL-GPT,
and MARL-GPT-BC (behavior cloning only). In this setting, behav-
ior cloning variants outperform MARL-GPT. This highlights that
MARL-GPT’s reward-based loss components may introduce insta-
bility when learning from strong expert data, and that designing
effective reward functions in multi-agent pathfinding remains chal-
lenging due to the need to capture coordination, conflict resolution,
and long-term planning. As a result, imitation-based approaches can
more effectively leverage high-quality demonstrations like those
provided by RHCR.

Scenario MARL-GPT MARL-GPT-BC MAPF-GPT RHCR

Random 1.16 1.46 1.50 2.16
Mazes 0.96 1.00 1.09 1.55
Warehouse 1.02 1.47 1.27 2.35
Cities-tiles 2.72 2.71 2.99 3.48

Table 2: Average throughput. Comparing MARL-GPT with
behavior cloning variants (MARL-GPT-BC, MAPF).

5.2.3 Unseen tasks. For the SMACv2 environment, we evaluated
the model on previously unseen tasks with 10vs10 and 7vs7 agents,
which are challenging for models trained only on 5 agents. To ad-
dress this, we collected additional datasets with 10 agents and con-
ducted two experiments: (1) We fine-tuned the pre-trained model
on a small (9M) dataset with 10 agents across all races for 2,000
training steps; (2) we trained a new model from scratch using all
5-agent tasks plus an additional terran_10_vs_10 task (for 3,000 and
10,000 training steps).

The results (Table 3) show that the model can generalize to new
mapswithmore agents if the training data include tasks with similar
agent counts. Moreover, fine-tuning with dataset the pre-trained
model requires less data and fewer steps to adapt to a newmap than
training from scratch. Two experiments show better generalization

to unseen tasks. For example, (3) a model trained without terran
data still performs well on new terran 5vs5 and 5vs6 scenarios.
Additionally, training the model without BC loss across all races
(4) can improve performance on tasks with more agents. However,
including BC loss helps the model achieve better results on the
training tasks but reduces its ability to generalize to new scenarios.
All experiments were conducted with history length 4.

Method /
Environment

From scratch (2) Zero-shot Fine-tune

3k 10k MARL-GPT w/o BC (4) w/o terran (3) 2k (1)

terran 5_vs_5 87 91 88 80 44* 92
terran 5_vs_6 48 57 52 41 16* 62
terran 10_vs_10 71 83 0* 47* 0* 88

protoss 10_vs_10 62* 61* 0* 8* 0* 81
zerg 10_vs_10 29* 22* 1* 28* 0* 43
terran 7_vs_7 80* 86* 16* 60* 2* 88*

Table 3: Win rates %. Comparing variants of methods on
unseen tasks: models trained from scratch and pretrained
(zero-shot and fine-tuned). Each experiment used different
datasets but always included tasks with zerg and protoss
races (5vs5 and 5vs6). Tasks excluded from training and tested
zero-shot are highlighted and marked with * next to their
success rate. The best zero-shot results are highlighted with
a stronger emphasis.
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Figure 4: Online fine-tuning results: (a) Battle won on the
terran 5vs5 task (SMACv2). (b–d) Comparison of fine-tuned
MARL-GPT and an expert model trained from scratch on
GRF.

5.2.4 Online fine-tune. Online fine-tune algorithm was tested on
unseen tasks, in which MARL-GPT in zero-shot format achieved
non-zero results. In SMACv2, we tested online fine-tuning on a new
race: the initial weights were trained without the terran dataset
(w/o terran in Table 3). Pretraining of the critic used 2M samples.
The target task was terran 5_vs_5. At the beginning, the success rate
(SR) was 0.4, and it improved to 0.8 by the end (Fig. 4a). For GRF, we
tested on several unseen tasks (academy_empty_goal_close, acad-
emy_empty_goal and academy_single _goal_versus_lazy) compar-
ing results with an expert trained from scratch. Pretraining of the
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critic used 500k samples. Fine-tuning the pretrained model on the
GRF environment showed faster adaptation to new tasks compared
to training a small model from scratch (Fig. 4).

5.2.5 Ablation study. We investigated how different parameters
influence the final model’s performance (Table 4). All models were
trained under identical conditions, except for one varied parameter.
MARL-GPT, our final model, uses 7M parameters, a long history
window of 6, positional encoding, and the full dataset. Our results
show that model size, history length (notably for GRF), training
data size, and positional encoding have a substantial impact on
performance.

No Model Size Dataset History Length 𝛾

Task Pos. Enc. 2M 7M Half Small 2 4 0.99

terran 5_vs_6 41 37 53 52 56 49 50 39
zerg 5_vs_6 33 36 40 38 40 37 39 29
corner 29 30 30 32 42 0 32 29
counterattack 88 85 88 87 20 20 0 85
maze 0.56 0.38 0.75 0.70 0.68 0.63 0.66 0.22

Table 4: Ablation study across tasks from SMACv2, GRF, and
POGEMA. Reported are win rates (SMACv2 and GRF) and
average throughput (POGEMA).We compareMARL-GPT (7M
parameters) against a smaller 2M variant, and evaluate the
impact of removing positional encoding, reducing dataset
size, and varying history length.

5.2.6 Real-WorldMini Experiment. We conducted a real-robotMAPF
experiment; see Appendix D for details.

5.3 Implementation Details
The open-source repository4 provides all resources required to
reproduce the MARL-GPT experiments, including scripts for offline
training, online fine-tuning, and evaluation.

The offline training MARL-GPT code is based on NanoGPT5
framework. This framework was selected for its straightforward
and modular design, allowing for easy modification and adaptation.
Training the 7M-parameter model in the main experiment for 500K
iterations took 161 hours using 8 NVIDIA H100 80GB GPUs. In
other experiments, training the same model for 10K iterations took
13 hours on 2 NVIDIA H100 80GB GPUs. Table 5 provides the list of
hyperparameters used in our main experiments. When the model
was fine-tuned with 10-agent SMACv2 data (Chapter 5.2.3) mixed
with batches of original tasks to prevent catastrophic forgetting, no
performance drop occurred.

6 CONCLUSION
We presented MARL-GPT, a unified transformer-based model for
multi-agent reinforcement learning that operates across diverse en-
vironments using a single architecture. Trained purely from expert
trajectories via imitation learning and RL, MARL-GPT achieves
competitive or superior performance compared to specialized base-
lines in SMACv2, GRF, and POGEMA. Our results demonstrate the
viability of a generalist MARL model, suggesting a path forward to-
ward scalable, foundation models for multi-agent decision-making.
4MARL-GPT: https://github.com/Cognitive-AI-Systems/marl-gpt
5NanoGPT: https://github.com/karpathy/nanoGPT

Parameter Value

Total training iterations 500,000
(main experiment)
Total training iterations 10,000
(small experiment)
Batch size 900
Max size of observation 700
Action size 20
Number critic bins for each action 20
Max value 5
for critic regularization
𝛼𝑡𝑑 1
𝛼𝑐𝑟 1
𝛼𝑎 0.1
𝛼𝑏𝑐 1
history length (main experiment) 6
history length (small experiments) 4
Value size per one action 20

𝛾 0.95
Target Network Update 0.7
Minimum learning rate 6e-5
Maximum learning rate 6e-4
Learning rate decay cosine
AdamW optimizer beta1 0.9
AdamW optimizer beta2 0.95
Gradient clipping 1.0
Weight decay 1e-1
Warm-up iterations 2000
Use PyTorch 2.0 compilation True
Gradient accumulation steps 16
Number of layers 8
Number of attention heads 8
Embedding size 256

Table 5: Learning Hyperparameter Details.
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