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ABSTRACT
Goal-conditioned sequence-based supervised learning with trans-
formers has shown promise in offline reinforcement learning (RL)
for single-agent settings. However, extending these methods to of-
fline multi-agent RL (MARL) remains challenging. Existing MARL
approaches leveraging transformers either train agents indepen-
dently, neglecting multi-agent system dynamics, or rely on cen-
tralized transformer models, which face scalability issues. More-
over, transformers inherently struggle with long-term dependen-
cies and computational efficiency. Building on the recent success
of Structured State Space Sequence (S4) models, known for their
parameter efficiency, faster inference, and superior handling of
long context lengths, we propose a novel application of S4-based
models to offline MARL tasks. Our method utilizes S4’s efficient
convolutional view for offline training and its recurrent dynamics
for fast on-policy fine-tuning. To foster scalable cooperation be-
tween agents, we sequentially expand the decision-making process,
allowing agents to act one after another at each time step. This de-
sign promotes bi-directional cooperation, enabling agents to share
information via their S4 latent states or memory with minimal
communication. Gradients also flow backward through this shared
information, linking the current agent’s learning to its predecessor.
Experiments on challenging MARL benchmarks, including Multi-
Robot Warehouse (RWARE) and StarCraft Multi-Agent Challenge
(SMAC), demonstrate that our approach achieves similar or im-
proved performance compared to state-of-the-art offline RL and
transformer-based MARL baselines across most tasks.
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1 INTRODUCTION
Multi-agent reinforcement learning (MARL) has demonstrated sig-
nificant success in learning complex policies that require coor-
dination among multiple agents to maximize a shared objective
[3, 5, 48]. However, this success often relies on a substantial number
of interactions with the environment, which can be computation-
ally expensive in high-fidelity simulations or prohibitively risky in
real-world applications. To enhance sample efficiency, offline rein-
forcement learning (RL) algorithms [9, 15–18, 21, 43, 44] have been
developed, enabling learning from pre-collected offline datasets,
thus reducing the need for extensive online interactions.

Offline RL is plagued by the well-known issue of distribution
shift, which leads to extrapolation errors when encountering out-
of-distribution (OOD) samples during policy training. This occurs
when the learned policy deviates from the unknown behavior policy
used to collect the training data. To mitigate this, various forms of
regularization [16] are introduced to ensure that the learned policy
remains close to the behavior policy [17, 43, 44]. In multi-agent
settings, the joint state-action space expands exponentially as the
number of agents increases. This makes it challenging to apply
these regularization techniques globally on the joint state-action
space, leading to sparse and less effective regularization constraints,
especially when working with a limited and less diverse offline
dataset.

In parallel, sequence-based supervised learning has been concur-
rently applied to address offline MARL, leveraging the significant
success of supervised learning in capturing complex patterns from
large offline datasets. This approach, first introduced by the De-
cision Transformer (DT) [6], has demonstrated its ability to learn
policies in an autoregressive fashion by predicting the next action
based on the current state, previous action and the desired return-to-
go. While efforts have been made to extend DT-based architectures
to offline MARL [26, 35], certain limitations persist. MADT [26]
adapts DT independently for each agent in the multi-agent settings,
failing to explicitly model cooperation between agents. [35] adopts
a similar approach and trains a centralized teacher policy to cap-
ture agent interactions, with individual agents learning through
policy distillation. However, centralized transformers face scala-
bility issues, requiring training on information from all agents.
Additionally, these approaches inherit the inherent limitations of
transformers, such as large model sizes, inefficient runtime infer-
ence, and restricted ability to capture long-range dependencies due
to fixed window size constraints.

Structured State Space Sequence (S4) models [11] have recently
been shown to outperform transformer-based models in single-
agent offline RL tasks [2]. Building on this success, we propose
a sequence-learning-based offline MARL algorithm leveraging S4
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variants. These models provide superior parameter efficiency com-
pared to transformers, effectively capture longer temporal contexts,
and enable constant-time inference over the quadratic time com-
plexity of transformers with respect to the sequence length. Unlike
previous works, such as MADT, which trains agents independently,
our method explicitly models cooperation through a Sequentially
Expanded MDP (SE-MDP) paradigm. In this framework, recently
used in online MARL settings [20], each decision step is divided into
mini-steps, with agents acting sequentially based on their predeces-
sors’ actions. Unlike [20], we enable limited communication, requir-
ing each agent to access only its immediate predecessor’s informa-
tion, shared through the latent state representation of the S4 model.
Utilizing this hidden state of the S4 module of the current agent,
information on all its prior agents is efficiently passed down to the
next agent, and gradients flow backward from the current agent
through this shared memory to the previous agents during train-
ing. This design enables scalable training with constant memory
communication overhead, unlike traditional communication-based
MARL algorithms, where memory overhead increases quadrati-
cally with the number of agents. Additionally, this streamlined
information-sharing mechanism helps mitigate non-stationarity
issues during online fine-tuning. This form of training also shares
similarities with the way information is passed between segments
of long sequences in Recurrent Memory Transformer (RMT) [4].

The S4-based agents are trained directly on sequences or trajec-
tories from the offline dataset in an efficient convolutional manner.
The offline pre-trained models can be further used for sample-
efficient online fine-tuning based on individual tuples instead of
sequences leveraging the recurrent view of S4. We evaluate the
performance of our developed algorithm, called Multi-Agent Deci-
sion S4 (MADS4), on the challenging offline MARL benchmarks of
Multi-Robot Warehouse (RWARE) [29] and StarCraft2 Multi-Agent
Challenge (SMAC) [31], where MADS4 achieves competitive or im-
proved performance across many tasks over state-of-the-art offline
RL-based and transformer-based baselines.

Our main contributions are summarized as follows:

• We introduce Multi-Agent Decision S4 (MADS4), the first
offline MARL algorithm based on Structured State Space
Sequence (S4) models, extending their success in single-agent
offline RL to the multi-agent domain.
• MADS4 leverages an SE-MDP framework, where agents act
sequentially within each timestep. Each agent accesses only
its immediate predecessor’s latent S4 state, enabling scal-
able coordination with constant communication memory
overhead. The latent state serves as a differentiable shared
memory, allowing efficient information and gradient flow
across agents.
• We evaluate MADS4 on challenging offline MARL bench-
marks, including Multi-Robot Warehouse (RWARE) and Star-
Craft II Multi-Agent Challenge (SMAC), where it achieves
competitive or improved performance over transformer-
based and offline RL baselines.

2 RELATEDWORK
Offline Reinforcement Learning. Offline RL allows for policy learn-

ing based on pre-collected datasets without having access to active

interactions with the environment [19], which is then directly used
as the final policy or is used as a starting point for further im-
provement [37]. This learning paradigm however results in severe
distribution shift and extrapolation errors during policy evaluation
on OOD samples not present in the offline dataset [9, 16]. Several ap-
proaches have been developed to mitigate this issue which typically
involves various types of regularizations to be near the offline data
distribution. Policy-based regularizations implicitly or explicitly
constrain the policy to be close to the behavior policy of the dataset
[7, 21, 41, 45]. Value-based regularizations aim to learn conservative
value functions on OOD samples [15, 17, 46]. Other approaches
involve including uncertainty [1, 42] or penalizing OOD rewards
[50].

In contrast to these regularization-basedmethods, Decision Trans-
former (DT) [6] takes a goal-conditioned supervised learning (GCSL)
approach to formulate offline RL as a sequence modeling task and
outperforms many state-of-the-art offline RL algorithms. Following
the success of this training regime, Decision S4 [2] proposes using
S4 model variants for higher parameter efficiency, capturing longer
sequences and faster inference.

Offline MARL. Extending single-agent RL methods to multi-
agent settings presents significant challenges due to the expo-
nential growth of the joint state-action space. Most MARL algo-
rithms adopt the Centralized Training with Decentralized Execu-
tion (CTDE) paradigm. In CTDE, global information is shared dur-
ing training, and local, decoupled policies are used for execution
[8, 23, 27, 30, 33, 34, 38, 49]. Recently, offline RL-based MARL algo-
rithms have emerged, typically applying regularizations on local
policies or value functions [14, 28, 47]. On the other hand, [26]
extends the Decision Transformer (DT) [6] to a multi-agent setting,
where agents are trained independently by sharing weights within
a goal-conditioned supervised learning framework. However, these
algorithms do not provide guarantees of global-level regulariza-
tions and fail to explicitly or implicitly learn cooperative behavior.
Only a few recent works have tried to tackle these limitations. For
example, [39] uses an implicit global to-local regularization, and
[35] uses knowledge distillation to distill cooperation in the local
policies.

S4 Models. S4 [11, 12] and their variants [13, 32], which are de-
veloped on time-invariant linear state space layers, have outper-
formed transformers in capturing long-range contexts. These mod-
els require far fewer parameters and have constant time inference;
hence, they have been suitably utilized in reinforcement learning
domains in single-agent learning [2] and in-context learning [24].
Commonly, the model uses the convolutional mode for efficient
parallelizable training (where the whole input sequence is seen
ahead of time) and switched into a recurrent mode for efficient
autoregressive inference (where the inputs are seen one timestep
at a time).

3 METHODOLOGY
3.1 Problem Formulation
In this section, we present our cooperative multi-agent decision-
making approach based on sequence learning with state-space
layers. We design our approach based on the Multi-agent Markov
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Figure 1: (a) Multi-Agent MDP (MMDP) is restructured into a Sequentially-Expanded MDP (SE-MDP) where the multi-agent
state transition at each timestep is decomposed into 𝑛 intermediate states. In this framework, in the forward pass (black lines),
each agent processes its input alongside information received from its preceding agent, then takes an action and passes updated
information to the next agent in the sequence. During training, the gradient flows backward (green lines), enabling earlier
agents to receive updates based on the information passed by later agents. (b) MADS4 Actor Network. In addition to encoding
the state, action, and reward, the memory state from the previous agent (𝐻𝑛−1) is processed through a memory encoder. The
updated S4 states and outputs are then projected via separate heads.

Decision Process (MMDP) framework [22]. AnMMDP over𝑛 agents
is defined by the tuple G = ⟨S,A, 𝑃, 𝑟, 𝛾⟩, where S is the set of
global states, and A = A1 × · · · × A𝑛 is the joint action space.
At each timestep, the environment transitions from state 𝑠 ∈ S
to 𝑠′ ∈ S under the joint action a = [𝑎1, . . . , 𝑎𝑛], following the
transition function 𝑃 (𝑠′ | 𝑠, a), and returns a global reward 𝑟 (𝑠, a).
The goal is to learn a joint policy 𝜋 (a | 𝑠) that maximizes the
expected return E𝜋

[∑∞
𝑡=0 𝛾

𝑡𝑟 (𝑠𝑡 , a𝑡 )
]
.

3.2 Sequentially Expanded MDP
In this work, the Multi-agent Markov Decision Process (MMDP) is
transformed into a Sequentially ExpandedMarkov Decision Process
(SE-MDP), where each timestep is divided into 𝑛 mini timesteps
and a multi-agent decision by 𝑛 agents is expanded into a sequence
of 𝑛 individual decisions, with only one agent acting during each
mini-timestep. Thus, a single-step transition in the original MMDP
(𝑠𝑡 , 𝒂𝑡 , 𝑠𝑡+1) resulting in a shared reward 𝑟 (𝑠𝑡 , 𝒂𝑡 ) is composed of a
sequence of 𝑛 intermediate transitions, which in turn result in the
same shared reward 𝑟 (𝑠𝑡 , 𝒂𝑡 ), as shown in Figure 1(a).

(𝑠𝑡 , 𝒂𝑡 , 𝑠𝑡+1) = {(𝑠𝑡 , 𝑎𝑡1, 𝑠𝑡𝑎1 ), (𝑠
𝑡
𝑎1 , 𝑎

𝑡
2, 𝑠

𝑡
𝑎1:2 ), ..., (𝑠

𝑡
𝑎1:𝑛−1 , 𝑎

𝑡
𝑛, 𝑠

𝑡
𝑎1:𝑛 = 𝑠𝑡+1)}

(1)
Within this framework, at each timestep, an agent’s action is

based on information passed by the immediately preceding agent in
the sequence. This creates a bidirectional dependency between the
agents as shown in Figure 1(a): in the forward direction, an agent’s
action is influenced by the actions of its predecessors, while in the
backward direction, gradients can propagate from the current agent
back to the previous agents.

3.3 Sequence-based Reinforcement Learning
Our approach follows the offline RL paradigm using sequence mod-
eling, where the RL problem is reframed as a supervised learning
task by predicting actions in an autoregressive manner—typically
conditioned on the current state, past actions, and a target return-
to-go. The return-to-go at timestep 𝑡 , denoted 𝑅𝑡 , is defined as
the cumulative future reward from that point until the end of the
decision horizon 𝑇 : 𝑅𝑡 =

∑𝑇
𝑖=𝑡 𝑟𝑖 . Conditioning on return-to-go

rather than immediate rewards enables the model to associate state-
action sequences with desirable long-term outcomes [6]. We ex-
tend this framework to the multi-agent setting, where the state,
action, and reward of the 𝑖𝑡ℎ agent at each timestep are denoted as
𝑠𝑖 , 𝑎𝑖 , 𝑟𝑖 , and its trajectories 𝜏 : (𝑠0, 𝑎0, 𝑟0, 𝑠1, 𝑎1, 𝑟1, ..., 𝑠𝑇 , 𝑎𝑇 , 𝑟𝑇 ) con-
sist of sequences of state, action, and reward tuples. To align with
return-conditioned learning, these trajectories are restructured as
𝜏 = (𝑅0, 𝑠0, 𝑎0, 𝑅1, 𝑠1, 𝑎1, . . . , 𝑅𝑇 , 𝑠𝑇 , 𝑎𝑇 ), where 𝑅𝑖 is the return-to-go
from timestep 𝑖 onward.

3.4 S4-based Agent
This section provides a brief background on State Space Models
(SSMs) and Structured State Space Models (S4), which form the
basis for designing individual agents in our framework.

SSMs are a classical framework for modeling sequential data
through latent dynamical systems. At each timestep 𝑡 , the model
receives an input 𝑢 (𝑡), updates an internal memory or hidden state
𝑥 (𝑡), and generates an output 𝑦 (𝑡) using a first-order linear time-
invariant differential equation:

¤𝑥 (𝑡) = 𝑨𝑥 (𝑡) + 𝑩𝑢 (𝑡)
𝑦 (𝑡) = 𝑪𝑥 (𝑡) + 𝑫𝑢 (𝑡) (2)
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SSMs typically operate on continuous time sequences where
𝑨,𝑩, 𝑪,𝑫 are parameter matrices of appropriate dimensions. To
apply SSMs in discrete-time domains, such as typical reinforce-
ment learning settings, the continuous-time formulation is dis-
cretized with a fixed step size Δ using schemes like the bilinear
transform [36], yielding the discretized linear recurrence:

𝑥𝑘 = 𝑨̄𝑥𝑘−1 + 𝑩̄𝑢𝑘
𝑦𝑘 = 𝑪̄𝑥𝑘 + 𝑫̄𝑢𝑘

(3)

where the discretized matrices 𝑨̄, 𝑩̄, 𝑪̄, 𝑫̄ are functions of the
continuous-time parameters and the step size Δ.

S4 models [11] extend this formulation with efficient parameter-
izations to enable stable and scalable modeling of long sequences.
S4 leverages special initialization strategies such as HiPPO [10] to
preserve long-range dependencies, and its structured formulation
allows it to be integrated effectively with deep learning models for
sequence modeling tasks. Various techniques have since been de-
veloped to improve the model’s performance, stability, and training
efficiency [12, 13]. Similar to these works, 𝑫 is represented here by
a skip connection.

Importantly, since Eq. 3 is linear and time-invariant, the output
sequence 𝑦 can be computed directly in parallel based on the input
sequence 𝑢 via non-circular convolution with a kernel 𝑲̄ :

𝑦𝑘 = 𝑪̄𝑨̄𝑘 𝑩̄𝑢0 + 𝑪̄𝑨̄𝑘−1𝑩̄𝑢1 + · · · + 𝑪̄𝑨̄𝑩̄𝑢𝑘−1 + 𝑪̄𝑩̄𝑢𝑘
𝑦 = 𝑲̄ ∗ 𝑢

(4)

where 𝑲̄ is a function of 𝑨̄, 𝑩̄, 𝑪̄, 𝑫̄ and context length 𝐿 which
is pre-fixed during training. This convolution can be computed
efficiently across all time steps, allowing for parallelizable training.
The recurrent view of the SSM also allows for faster inference with
low memory. This is a key advantage over transformers, which
makes the use of SSMs very effective in reinforcement learning
settings, which require faster inference for the collection of online
interactions with the environment. Additional details can be found
in the Appendix.

In this work, each agent is modeled using an S4-based archi-
tecture that processes sequences of past information and target
returns-to-go to predict the next action. We then extend this de-
sign to the multi-agent setting by enabling cooperation through
information sharing, as detailed below.

3.5 Information Sharing with Limited
Communication

To facilitate scalable cooperation among S4-based agents, we intro-
duce a communication mechanism restricted to consecutive agents
within the SE-MDP sequence. Specifically, each agent’s memory in-
formation—captured by the hidden state of its S4 module—is passed
to the next agent in the sequence. As a result, the hidden state
of an agent in the sequence implicitly encodes information from
all preceding agents. This design induces a bidirectional flow of
information and dependency across agents. At each timestep 𝑡 , a
projection of the previous agent’s latent state, ℎ𝑡𝑖−1, is provided as
an additional input to the next agent, alongside its own input 𝑢𝑡𝑖 ,

thereby influencing both its action 𝑎𝑡𝑖 and updated memory state
ℎ𝑡𝑖 :

𝑎𝑡𝑖 , ℎ
𝑡
𝑖 = 𝜋𝑖 (𝑢𝑡𝑖 , ℎ𝑡𝑖−1;𝜃𝑖 ) (5)

During training, gradients flow backward through the shared
latent states, enabling the entire system to learn cooperative strate-
gies:

𝜕𝐽

𝜕𝜃𝑖
=
𝜕𝐽

𝜕𝑎𝑡
𝑖

·
𝜕𝑎𝑡𝑖

𝜕𝜃𝑖
+ 𝜕𝐽

𝜕𝑎𝑡
𝑖+1
·
𝜕𝑎𝑡𝑖+1
𝜕ℎ𝑡

𝑖

·
𝜕ℎ𝑡𝑖

𝜕𝜃𝑖
. (6)

where 𝐽 represents the supervised loss function computed across all
agents in the system. This sequential flow of information eliminates
the need for an agent to communicate with more than one peer or
identify useful collaborators, a challenge that grows with the num-
ber of agents. In contrast to typical communication-based MARL
algorithms, which scale poorly due to the quadratic growth in mem-
ory requirements during training and execution, our mechanism is
highly efficient, requiring only constant memory per agent.

We first adapt Decision S4 (DS4) for each agent with parameter
sharing, similar to the Multi-Agent Decision Transformer (MADT)
[26]. Unlike MADT, however, the Multi-Agent Decision S4 (MADS4)
is trained in a sequentially dependent manner, where agents can
share accumulated memory information with the next agent in the
sequence. The offline version of MADS4, trained on pre-collected
trajectories, is detailed in the next section. These pre-trainedmodels
can be further fine-tuned in an on-policy setting using MAPPO
[49].

4 MULTI-AGENT DECISION S4 (MADS4)
4.1 MADS4: Offline Training

Input formulation. In offline MADS4 training, each agent learns
from trajectories of past observations, its past actions, the preceding
agent’s latent state, and returns-to-go. As in MADT, the state of
each agent at each time step 𝑠𝑡𝑖 may include global state 𝑠𝑡𝑔𝑖 and local
observation 𝑜𝑡𝑖 , though we observe similar performance without
global state inputs, as shown in the Appendix. Thus, the S4 input
trajectory for agent 𝑖 consists of:

𝜏𝑖 = (𝑢1, 𝑢2, ..., 𝑢𝑇 ) where 𝑢𝑡 = {𝑅𝑡 , 𝑠𝑡𝑔𝑖 , 𝑜𝑡𝑖 , 𝑎𝑡−1𝑖 , ℎ𝑡𝑖−1} (7)

where 𝑅𝑡 is the returns-to-go from current time step 𝑡 , 𝑠𝑡𝑔𝑖 is
the current shared global state, 𝑜𝑡𝑖 is the current local observation,
𝑎𝑡−1𝑖 is the previously executed action of the 𝑖𝑡ℎ agent, ℎ𝑡𝑖−1 is the
current hidden state representation of the preceding agent. The
model is trained to predict actions (action logits) at time step 𝑡 in
an autoregressive manner based on the data seen so far. The output
of the S4-based model is used as the action probabilities which are
sampled after applying the action availability masks.

𝑎𝑡𝑖 = argmax
𝑎
𝑃 (𝑎𝑡𝑖 |𝜏≤𝑡𝑖 ;𝜃 ) (8)

where 𝜃 are the parameters of the MADS4. In this work, param-
eter sharing is allowed across the agents for training stability, and
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thus, essentially, a single model is trained, which takes into ac-
count different inputs for different agents along with their specific
one-hot agent IDs.

Algorithm 1MADS4-Offline Training
Input: Offline dataset D : {𝜏𝑖 : ⟨𝑠𝑡𝑔𝑖 , 𝑜𝑡𝑖 , 𝑎𝑡𝑖 , 𝑣𝑡𝑖 , 𝑑𝑡𝑖 , 𝑅𝑡𝑖 ⟩𝑇𝑡=1}𝑛𝑖=1, where
𝑛 is the number of agents, and 𝑣𝑡𝑖 denotes the available actions for
the 𝑖𝑡ℎ agent at time 𝑡 ; 𝑑𝑡𝑖 denotes the done signal for an episode

Initialize 𝛼 as the learning rate, 𝐿 as the context length
Initialize 𝜃 for the S4 models based on HIPPO initialization

1: for 𝑖 = 1 : 𝑛 do ⊲ Iterate over each agent
2: From 𝜏𝑖 and ℎ𝑡𝑖−1, create 𝑋𝑖 : {𝑅𝑡𝑖 , 𝑠𝑡𝑔𝑖 , 𝑜𝑡𝑖 , 𝑎𝑡−1𝑖 , ℎ𝑡𝑖−1}𝑇𝑡=1,
where ℎ𝑡𝑖−1 is the latent state representation of the previous
agent, assuming ℎ𝑡−1 = 0

3: Zero-pad the trajectory to a constant length 𝐿 when 𝑑𝑡𝑖 is
true ⊲ Pad when the agent is done

4: Compute action output sequence 𝑎𝑖 = {𝑎1𝑖 , . . . , 𝑎𝑇𝑖 } and
latent state projections ℎ𝑖 = {ℎ1𝑖 , . . . , ℎ𝑇𝑖 }

5: for 𝑡 = 1 : 𝑇 do ⊲ Loss calculation over time steps
6: Mask illegal actions via 𝑃 (𝑎𝑡𝑖 𝑗 |𝜏

≤𝑡
𝑖

;𝜃 ) = 0 if 𝑣𝑡𝑖 𝑗 is False,
where 𝑗 is the unavailable action index

7: Predict the action 𝑎𝑡𝑖 = argmax𝑗 𝑃 (𝑎𝑖 𝑗 |𝜏≤𝑡𝑖
;𝜃 )

8: end for
9: Update 𝜃 :

𝜃 ← argmax
𝜃

1
𝑇

𝑇∑︁
𝑡=1

𝑃 (𝑎𝑡𝑖 ) log 𝑃 (𝑎𝑡𝑖 |𝜏≤𝑡𝑖 ;𝜃 )

10: end for
Return: 𝜃

Network architecture and training. The MADS4 architecture con-
sists of three key components, as illustrated in Figure 1(b): (i) In-
put, state, and output projection layers, each consisting of a fully
connected layer followed by ReLU activations; (ii) Input encoder
layers, which handle states, actions, and rewards/returns, each im-
plemented as fully connected linear layers; (iii) Sequence modeling
component which consists of stacked S4 blocks, where each block
consists of Batch Normalization layer followed by S4 layer, linear
mixing layer with GELU activation, and a dropout layer. We em-
ployed the HIPPO-initialized "Normal Plus Low Rank" S4 kernel
with input channel size 𝐻 = 96 and the S4 state size 𝑁 = 96. The
effect of varying state and input sizes is shown in Section 5.4.

In the offline setting, the S4 model is trained efficiently using the
convolutional view on randomly sampled full trajectories from the
offline dataset, zero-padded to a fixed context length. Unlike Trans-
formers, whose self-attention incurs quadratic time and memory
costs that constrain context length, S4 scales more favorably and
can therefore be trained on full trajectories that are often much
longer than those used in Transformer-based offline RL. The im-
pact of truncating trajectory lengths on the model performance is
shown in Section 5.4. Actions are predicted from the model’s action
logits, and training minimizes cross-entropy between predicted and
ground-truth actions.

Algorithm 2MADS4: On-policy Fine-tuning
1: Copy the model weights 𝜃 to the actor or policy network
𝜋 : 𝜋 (𝑢𝑖 ), where 𝑢𝑖 = {𝑅𝑡𝑖 , 𝑠𝑡𝑔𝑖 , 𝑜𝑡𝑖 , 𝑎𝑡−1𝑖 , ℎ𝑡𝑖−1}; Initialize 𝜙 , the
parameters for critic 𝑉

2: Set learning rates 𝛼𝜋 , 𝛼𝑉 for actor and critic
3: for iterations = 1, 𝑀 do
4: Set data buffer 𝐷 = {}
5: for 𝑖 = 1 to 𝑏𝑎𝑡𝑐ℎ_𝑠𝑖𝑧𝑒 do
6: 𝜏 = [] ⊲ Empty list
7: Initialize ℎ (1)0 , . . . , ℎ

(𝑛)
0 actor S4 states

8: for each timestep 𝑡 in the environment do
9: for agent = 1 : 𝑛 do
10: 𝑝𝑡𝑖 , ℎ

𝑡
𝑖 = 𝜋 (𝑢𝑡𝑖 , ℎ𝑡𝑖−1;𝜃 )

11: Sample 𝑎𝑡𝑖 ∼ 𝑝𝑡𝑖
12: end for
13: Execute actions 𝒂𝑡 , observe 𝑟 𝑡 , 𝒔𝑡+1𝑔 , 𝒐𝑡+1
14: 𝜏+ = [𝒔𝑡 , 𝒐𝑡 ,𝒉𝑡 , 𝒂𝒕 , 𝑟𝑡 , 𝑅𝑡 , 𝒔𝑡+1, 𝒐𝑡+1]
15: end for
16: Calculate advantage 𝐴𝑡 via GAE on 𝜏 and store 𝜏 with

𝐴𝑡 in the buffer 𝐷
17: end for
18: for 𝑘 = 1, . . . , 𝐾 training steps do
19: Sample batch from replay-buffer 𝐵 =

{(𝑠𝑡𝑔, 𝑜𝑡 , 𝑎𝑡−1, 𝑅𝑡−1, ℎ𝑡−1, 𝑠𝑡+1𝑔 , 𝑜𝑡+1, 𝑎𝑡 , ℎ𝑡 , 𝑟 𝑡 , 𝑅𝑡 , 𝐴𝑡 )} ⊂ 𝐷

for each agent
20: Calculate Bellman target estimate: 𝑦 = 𝑟 𝑡 +𝛾𝑉 (𝑠𝑡+1, ℎ𝑡 )
21: Update critic: 𝜙𝑉 = 𝜙𝑉 − 𝛼𝑉∇𝜙𝑉 (𝑉 (𝑠𝑡 , ℎ𝑡−1) − 𝑦)2
22: If actor freezing is over, update actor:

𝜃𝜋 ← argmax
𝜃𝜋

E𝑠∼𝜌𝜃old ,𝑎∼𝜋𝜃old
[
clip(𝑤, 1 − 𝜖, 1 + 𝜖)𝐴𝑡

]
where the importance weight𝑤 =

𝜋𝜃 (𝑎𝑖 |𝑜𝑖 )
𝜋𝜃old (𝑎𝑖 |𝑜𝑖 )

23: end for
24: end for

4.2 MADS4: On-policy Fine-tuning
For online fine-tuning, we initialize with the offline-pretrained
agent and continue training on-policy. Agents collect rollouts into
a buffer containing local observations/actions, shared global states,
rewards, returns-to-go, and also the S4 latent states. Under the
MAPPO actor–critic framework [49], the offline-pretrained S4model
serves as the actor which predict actions via the recurrent view
based on latent states and other inputs as used in the pretraining
stage. The critic is conditioned on the global states of the envi-
ronment and the encoded latent S4 states to evaluate the value
function.

Network architecture and training. The pre-trainedmodel is loaded
as the actor network, which predicts action probabilities and next
states as:

𝑝𝑡𝑖 , ℎ
𝑡
𝑖 = 𝜋 (𝑢𝑡𝑖 , ℎ𝑡−1𝑖 ;𝜃 ) where 𝑢𝑡𝑖 = {𝑅𝑡𝑖 , 𝑠𝑡𝑔𝑖 , 𝑜𝑡𝑖 , 𝑎𝑡−1𝑖 , ℎ𝑡𝑖−1} (9)

The critic network is parameterized by fully connected layers
with ReLU activations, which take the shared global state and en-
coded latent states and evaluate the value function, which is used

Research Paper Track AAMAS 2026, May 25–29, 2026, Paphos, Cyprus

2622



to update the S4-based actor parameters (𝜃 ) using the policy gra-
dient theorem. For more stable training. the actor network is kept
frozen initially, and the critic is solely trained on the recorded data
collected using the pre-trained actor. After sufficient training of
the critic, the actor and critics are simultaneously trained. During
exploration, the desired returns-to-go is set at 10% higher than the
current model’s highest return. This heuristic improves exploration
efficiency in practice, and may be further optimized for different
environments. Additional details on the experimental setup and
training are provided in the Appendix.

5 EXPERIMENTS
5.1 Datasets and Baselines
We evaluate the performance of MADS4 on challenging cooperative
MARL benchmarks of Multi-Robot Warehouse (RWARE) [29] and
StarCraft2 Multi-Agent Challenge (SMAC) [31]. The offline datasets
in the RWARE domain are obtained from [25], which consists of
diverse trajectories collected by training Multi-Agent Transformer
(MAT) [40]. The RWARE datasets consist of expert policies trained
on 2 maps (tiny and small) with different numbers of agents. For
the SMAC domain, the datasets provided by [26] have been used,
which consists of trajectories collected with online trained MAPPO
agents. The datasets consist of three trained quality levels of the
agents, good, medium, and poor, tested on the different SMAC
maps. For this work, we chose four representative maps consisting
of two hard (5m vs. 6m, 2c vs. 64zg) and two super hard (6h vs. 8z,
corridor) maps for evaluating MADS4. Additional statistics on the
offline datasets can be found in the Appendix.

For comparisons on both domains, we compare with several
recent offline MARL algorithms from the paradigms of both of-
fline reinforcement learning and sequence-based supervised learn-
ing. The offline RL baselines considered for comparison are Be-
haviour Cloning (BC) [9], OptiDICE [18], AlberDICE [25], ICQ [47],
OMAR[28] and OMIGA[39]. The sequence-based learning algo-
rithms considered in this work include MADT [26] and MADTKD
[35], which are based on transformers. MADT policies do not in-
volve any cooperation during learning, whereas MADTKD incor-
porates a degree of cooperation distilled into the agents from the
centralized teacher model.

5.2 Offline Training
Here, we compare the performance of offline trainedMADS4, where
the agents share information in the form of their latent state pro-
jections. The trained agents are deployed on the online RWARE
and StarCraft2 environments for evaluation. Tables 1 and 2 show
the mean and standard deviation of average returns in RWARE and
SMAC domains, respectively, evaluated over 30 episodes and 5 dif-
ferent training seeds. During evaluation, the desired returns-to-go
is set at 10% higher than the highest returns encountered in the
offline datasets.

RWARE environment is a warehouse simulation consisting of
agents moving and delivering goods to workstations in partially
observable settings while avoiding collisions. This domain poses
challenges due to high-dimensional observations and the need for
strong cooperation, especially in high-density settings where agents

must navigate narrow passages. In this domain, MADS4 outper-
forms all baselines across the evaluated maps, achieving statistically
significant improvements, with a larger performance gap observed
on the small and tiny 6-agent maps, where tight coordination is
essential to prevent collisions in confined spaces. MADS4 also out-
performs transformer-based baselines like MADTKD, likely due to
the long trajectories in the RWARE datasets (up to 500 timesteps),
which are often truncated to reduce transformer training costs.
In contrast, MADS4 processes full trajectories, capturing longer
contexts with fewer parameters.

In the SMAC domain, MADS4 demonstrates consistent perfor-
mance that is similar to or better than the considered baselines
across all studied maps. Notably, the model outperforms all base-
lines in the hard and superhard maps, specifically in the 2c vs. 64zg
and 6h vs. 8z scenarios.

5.3 On-policy Fine-tuning
We evaluate whether the performance of offline pre-trained models
can be enhanced through on-policy fine-tuning. During this phase,
MADS4 interacts with the environment, collecting trajectories that
are stored in a buffer and used to update the S4-based models
via recurrence. As shown in Figure 2, on-policy training builds
upon and improves the offline pretraining results. Furthermore,
on-policy training without pretraining consistently results in sub-
optimal performance across all tasks, underscoring the importance
of pretraining for achieving superior results.

However, prolonged on-policy training can sometimes degrade
the performance of pre-trained models, as shown in the Appendix.
This degradation likely arises from the inherent instability of train-
ing S4 modules in a recurrent setup, compared to the more stable
convolution-based operations employed during offline pretraining,
leading to error accumulation. We mitigate this issue by freezing
the S4 kernel parameter 𝐴, which governs state-to-state transitions
independent of inputs, and fine-tuning only the input-dependent
parameters 𝐵 and 𝐶 .

5.4 Ablation Study and Hyperparameter
Analysis

Effect of sharing information. The sharing of information be-
tween agents leads to significantly improved cooperative behavior,
as reflected in the higher average rewards shown in Figure 3. This
performance boost is particularly pronounced in more complex
tasks that involve a greater number of agents and demand precise
coordination. Importantly, this method of sharing information is
scalable, where an agent only needs to communicate with the next
agent, minimizing overhead while ensuring efficient coordination.
Information can be shared in multiple forms, namely by passing
the action logit outputs from the S4 model, the latent state repre-
sentations, or a combination of both from the preceding agent. A
more detailed analysis of how different types of shared information
impact performance is provided in the Appendix.

Effect of order of agents. To assess the impact of agent ordering
on MADS4’s performance, we compared two training settings: (1)
Random Order, where the agent order is randomly shuffled dur-
ing training, and (2) Fixed Order, where agents are trained in the
same sorted order as in the offline dataset. Figure 4(a) shows similar
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Table 1: Average returns and standard deviations over 5 random seeds on the Warehouse domain.

Method Tiny (11x11) Small (11x20)
(N = 2) (N = 4) (N = 6) (N = 2) (N = 4) (N = 6)

BC 8.80 ± 0.25 11.12 ± 0.19 14.06 ± 0.32 5.54 ± 0.06 7.88 ± 0.14 8.90 ± 0.13
ICQ 9.38 ± 0.75 12.13 ± 0.44 14.59 ± 0.16 5.43 ± 0.19 7.93 ± 0.19 8.87 ± 0.22

OMAR 6.77 ± 0.64 14.39 ± 0.91 16.13 ± 1.21 4.40 ± 0.34 7.12 ± 0.38 8.41 ± 0.49
MADTKD 6.24 ± 0.60 9.90 ± 0.21 13.06 ± 0.19 3.65 ± 0.34 6.85 ± 0.36 7.85 ± 0.52
OptiDICE 8.70 ± 0.06 11.13 ± 0.44 14.02 ± 0.36 4.84 ± 0.32 7.68 ± 0.09 8.47 ± 0.26
AlberDICE 11.15 ± 0.35 13.11 ± 0.32 15.72 ± 0.36 5.97 ± 0.11 8.18 ± 0.19 9.65 ± 0.13

MADS4 (ours) 11.79 ± 0.61 15.52 ± 0.20 17.29 ± 0.76 6.58 ± 0.28 9.47 ± 0.15 10.87 ± 0.55

Table 2: Average returns and standard deviations over 5 random seeds on the SMAC domain.

SMAC Map Data
RL-based Sequence-based

ICQ OMAR OMIGA MADT MADS4 (ours)

5m vs 6m (H)
G 7.87 ± 0.30 7.40 ± 0.63 8.25 ± 0.37 8.15 ± 0.63 8.00 ± 0.45
M 7.77 ± 0.30 7.08 ± 0.51 7.92 ± 0.57 7.80 ± 0.56 7.85 ± 0.57
P 7.26 ± 0.19 7.27 ± 0.42 7.52 ± 0.21 7.23 ± 0.48 7.67 ± 0.15

2c vs 64zg (H)
G 18.82 ± 0.17 17.27 ± 0.78 19.15 ± 0.32 18.90 ± 0.78 19.40 ± 0.55
M 15.57 ± 0.61 10.20 ± 0.20 16.03 ± 0.19 16.92 ± 0.20 17.27 ± 0.15
P 12.56 ± 0.18 11.33 ± 0.50 13.02 ± 0.66 13.33 ± 0.50 14.67 ± 0.32

6h vs 8z (SH)
G 11.81 ± 0.12 9.85 ± 0.28 12.54 ± 0.21 12.55 ± 0.67 12.75 ± 0.15
M 11.13 ± 0.33 10.36 ± 0.16 12.31 ± 0.22 12.36 ± 0.16 12.57 ± 0.25
P 10.55 ± 0.10 10.63 ± 0.25 11.67 ± 0.19 11.63 ± 0.25 11.89 ± 0.43

corridor (SH)
G 15.54 ± 1.12 6.74 ± 0.69 15.88 ± 0.89 17.81 ± 1.14 16.02 ± 0.97
M 11.30 ± 1.57 7.26 ± 0.71 11.66 ± 1.30 12.75 ± 1.18 12.80 ± 1.12
P 4.47 ± 0.33 4.28 ± 0.49 5.61 ± 0.35 8.76 ± 0.49 8.57 ± 0.54

RWARE small 6 agents RWARE tiny 6 agents SMAC 2c vs 64zg SMAC 6h vs 8z

Figure 2: Training curves of on-policy training of MADS4 with and without offline pretraining. Mean and standard deviations
of average returns are plotted over 5 independent runs.

RWARE small 6 agents RWARE tiny 4 agents SMAC 2c vs 64zg SMAC 6h vs 8z

Figure 3: Training curves of MADS4 with information sharing between consecutive agents and IDS4 where agents are trained
independently. Mean and standard deviations of average returns are plotted over 5 independent runs.

performance, demonstrating that MADS4 is robust to agent order-
ing within the SE-MDP framework. Notably, our approach only

requires each agent to communicate with one unique peer which
can be selected randomly to ensure that every agent’s information
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RWARE small 6 agents SMAC 2c vs 64zg RWARE small 6 agents SMAC 2c vs 64zg

(a) (b)

Figure 4: (a) The effect of having a shuffled random order vs. a fixed sorted order of the agents in the SE-MDP framework
on the RWARE domain in the small 6 agents scenario and SMAC domain in the 2c vs. 64zg map. (b) The comparison of the
performance of MADS4 vs. MADS4-dec (decentralized MADS4) on RWARE small map with 6 agents and SMAC map 2c vs 64 zg.

Table 3: Average returns for different MADS4 model configurations on the RWARE Small map. Each of the models is denoted
by (i) 𝑁 , the 𝑆4 state size, and (ii) 𝐻 , the number of input/output channels. For parameter efficiency, we report the percentage of
parameters used relative to MADTKD.

Environments (N=96,H=96) (N=64,H=64) (N=32,H=32) (N=64,H=96) (N=96,H=64) (N=32,H=64) MADTKD
2 agents 6.58 6.21 5.53 6.53 6.25 5.87 3.65
4 agents 9.47 8.86 8.57 9.15 8.88 8.64 6.85
6 agents 10.87 10.31 9.55 10.76 9.97 9.85 7.85

% Parameters (Ours) 100 60 40 81 82 55 100
% Parameters (MADTKD) 12 7 5 8 8 6 100

is passed across the network without the need for any centralized
optimization or sophisticated coordination.

MADS4 in decentralized setting. To adapt MADS4 for a decen-
tralized setting, where agents act in parallel, we use each agent’s
hidden state from the previous timestep as a proxy for the current
timestep. Since all actions at 𝑡−1 are finalized before acting at 𝑡 ,
the memory information of all agents is readily available for use.
By utilizing the memory information from the previous timestep,
agents can make decisions without relying on sequential dependen-
cies during the current timestep. Since memory accumulates over
multiple timesteps, relying on the previous timestep’s information
does not compromise performance, as demonstrated in Figure 4(b).
This modification enables our algorithm to function effectively in
decentralized policy settings without performance degradation.

S4 model size parameters. We analyze the impact of the S4 model
size parameters, specifically the number of input channels (𝐻 ) and
the latent state size (𝑁 ), on the model performance, as shown in
Table 3. We compare the total number of parameters against the
1.8 million parameters reported for MADTKD in [35]. Our biggest
model with 𝑁=96 and𝐻=96 was used in all our experiments, which
consists of about 200k parameters.

Effect of context length. The context length used for pretrain-
ing significantly impacts performance, which is also evident for
transformer-based models. In our experiments, we used the max-
imum trajectory lengths encountered in the offline datasets for
pretraining. Representative results are shown in Figure 5, which
illustrates the effects of truncating the trajectory lengths to various
percentages of the maximum length in the offline dataset for the
SMAC map 2c vs 64zg.
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Figure 5: The effect of truncating the trajectory length dur-
ing training. The average returns are normalized with the
maximum returns encountered in the offline dataset.

6 CONCLUSIONS
In this work, we demonstrate the effectiveness of S4-based models
in outperforming transformer-based architectures for sequence-to-
sequence offline multi-agent reinforcement learning (MARL) tasks.
By structuring agent interactions within the SE-MDP framework
and limiting communication to the exchange of information be-
tween unique, arbitrarily chosen agent pairs, MADS4 enables more
scalable and efficient cooperation. This contrasts with state-of-the-
art offline RL and centralized transformer-based models, which
require complete access to all agents’ information during train-
ing, leading to scalability challenges. Additionally, MADS4 offers
a low-latency and lightweight model that can be trained more ef-
ficiently than transformers and fine-tuned online using recurrent
computations.
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