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Summary
In partially observable multi-agent systems following the centralized training with decen-

tralized execution (CTDE) paradigm, agents have access only to local observations during
execution, while global state information is available during training but inaccessible at de-
ployment. To mitigate this information gap, we introduce a novel framework, State Inference
with Diffusion Models (SIDIFF). Drawing inspiration from image outpainting in computer
vision, SIDIFF leverages diffusion models as state generators to reconstruct the complete global
state from local observations, under the assumption that the global structure is recoverable from
partial views. In addition, the global state may contain redundant components, necessitating the
introduction of an additional state extractor to derive decision-relevant information from the
reconstructed global state. By jointly conditioning on the reconstructed global state and local
observations, SIDIFF enables agents to select more appropriate actions during decentralized
execution, thereby narrowing the training-execution information discrepancy. Furthermore,
SIDIFF can be effortlessly incorporated into current multi-agent reinforcement learning algo-
rithms to improve their performance. Extensive evaluations on widely used partially observable
benchmarks, as well as on the newly proposed Multi-Agent Battle City (MABC) environment,
demonstrate consistent performance improvements over baselines.

Contribution(s)
1. We propose SIDIFF, a diffusion-based global state inference framework for CTDE-based

cooperative MARL that reconstructs global states from local observations to reduce the
structural information gap between centralized training and decentralized execution.
Context: Most existing MARL methods rely on either implicit belief modeling from local
observations (Rashid et al., 2018) or auxiliary representation learning (Zhang et al., 2021),
which does not explicitly address the structural discrepancy between training and execution
under the CTDE paradigm.

2. We introduce a two-stage architecture that combines diffusion-based state reconstruction with
Transformer-based state extraction to obtain complete yet decision-relevant representations
of the inferred global state.
Context: Prior approaches typically learn abstract representations of global information (Xu
et al., 2023) or rely on simple feature encoders (Xu et al., 2022), which may discard critical
structural information or fail to align reconstructed features with downstream policy learning.

3. We conduct extensive empirical evaluations on widely used partially observable MARL
benchmarks as well as the newly proposed Multi-Agent Battle City (MABC) environment to
assess the effectiveness of SIDIFF.
Context: Existing works on generative state reconstruction in MARL are typically evaluated
on simplified settings or low-dimensional environments (Wang et al., 2025). Our experi-
ments demonstrate that diffusion-based global state inference scales to complex cooperative
scenarios and consistently improves performance.



Global State Inference with Diffusion Models for Cooperative MARL

Beyond Local Views: Global State Inference with Dif-
fusion Models for Cooperative MARL

Zhiwei Xu1, Hangyu Mao2, Nianmin Zhang3, Shengtao Zhang4, Xin Xin1,
Pengjie Ren1, Dapeng Li4, Bin Zhang5, Guoliang Fan5, Zhumin Chen1,
Changwei Wang6, Jiangjin Yin7

zhiwei_xu@sdu.edu.cn

1Shandong University 2Institute of Microelectronics, Chinese Academy of Sciences
3University of Hong Kong 4Li Auto Inc
5The Key Laboratory of Cognition and Decision Intelligence for Complex Systems, Institute of
Automation, Chinese Academy of Sciences
6Qilu University of Technology 7Huazhong Agricultural University

Abstract
In partially observable multi-agent systems following the centralized training with
decentralized execution (CTDE) paradigm, agents have access only to local observations
during execution, while global state information is available during training but inacces-
sible at deployment. To mitigate this information gap, we introduce a novel framework,
State Inference with Diffusion Models (SIDIFF). Drawing inspiration from image
outpainting in computer vision, SIDIFF leverages diffusion models as state generators
to reconstruct the complete global state from local observations, under the assumption
that the global structure is recoverable from partial views. In addition, the global state
may contain redundant components, necessitating the introduction of an additional state
extractor to derive decision-relevant information from the reconstructed global state.
By jointly conditioning on the reconstructed global state and local observations, SIDIFF
enables agents to select more appropriate actions during decentralized execution, thereby
narrowing the training-execution information discrepancy. Furthermore, SIDIFF can
be effortlessly incorporated into current multi-agent reinforcement learning algorithms
to improve their performance. Extensive evaluations on widely used partially observable
benchmarks, as well as on the newly proposed Multi-Agent Battle City (MABC)
environment, demonstrate consistent performance improvements over baselines.

1 Introduction

As cooperative multi-agent reinforcement learning (MARL) advances, many proposed methods are
being successfully applied to a variety of practical problems, such as online ride-hailing platforms (Li
et al., 2019), drone swarm management (Wang et al., 2023b), and energy system scheduling (Zhang
et al., 2023). While some methods rely on explicit communication mechanisms (Das et al., 2019;
Li et al., 2024; Jiang & Lu, 2018), most algorithms follow the centralized training with decentralized
execution (CTDE) framework (Lowe et al., 2017). Agents can share information or access the global
state in the training phase of MARL algorithms that adhere to the CTDE paradigm. During the
decentralized decision-making phase, agents must select appropriate actions based solely on their
individual local observations, as shown in Figure 1. This limitation is especially pronounced in
partially observable Markov decision processes (POMDPs) (Spaan, 2012), where the absence of
global state awareness during execution creates a significant information gap between training and
execution, thereby impeding the agents’ ability to make optimal decisions.



Reinforcement Learning Journal 2026

Training Phase Execution Phase

Information Gap

Figure 1: Illustration of the structural informa-
tion gap in CTDE-based cooperative MARL un-
der partial observability. This discrepancy in
accessible information motivates the need for
global state inference.

To mitigate partial observability in cooperative
MARL, existing approaches typically fall into two
categories. The first line of work (Rashid et al.,
2018; Wang et al., 2020) incorporates recurrent
neural networks (RNNs) (Yu et al., 2019) to
encode historical observations, enabling agents to
implicitly approximate belief states. While such
methods alleviate information incompleteness to
some extent, they operate solely within the local
observation space and do not explicitly utilize
the global state information that is available
during centralized training under the CTDE
paradigm. Another line of research (Xu et al.,
2022; Jiang et al., 2020) attempts to predict low-dimensional abstractions of the global state through
representation learning techniques, such as contrastive learning (Chen et al., 2020). Although
this strategy avoids directly reconstructing the original state space, the learned representations are
typically optimized independently from the downstream reinforcement learning objective. As a result,
there is no explicit mechanism ensuring that the inferred global information effectively reduces the
structural discrepancy between centralized training and decentralized execution. In essence, existing
methods do not directly address the training–execution information gap introduced by CTDE.

Under the CTDE framework, global state information is accessible during training but unavailable
during decentralized execution, leading to a structural mismatch between the information used
for value estimation and that available for policy execution. If agents can recover a structurally
consistent approximation of the global state from local observations during execution, this mismatch
can be significantly reduced. However, reconstructing the global state within the original state
space from distributed local observations is highly challenging, particularly in high-dimensional
environments. Prior attempts have explored generative models such as Generative Adversarial
Networks (GANs) (Goodfellow et al., 2014) and Variational Autoencoders (VAEs) (Kingma &
Welling, 2014) for state reconstruction (Huang et al., 2020; Han et al., 2020), as well as particle-filter-
based world modeling approaches (Ma et al., 2020b;a). These approaches struggle to capture the
complex, multi-modal distribution of global states in cooperative scenarios. Traditional generative
models typically suffer from training instability or information loss. Therefore, a principled and
scalable framework for global state reconstruction in CTDE-based MARL remains underexplored.

To overcome this challenge, we propose the State Inference with Diffusion Models (SIDIFF) frame-
work. SIDIFF leverages diffusion models as conditional generative models to reconstruct the global
state in the original state space from distributed local observations. Conceptually related to image
outpainting (Bertalmio et al., 2000), diffusion models are capable of inferring missing content condi-
tioned on partial inputs, making them well-suited for global state completion in partially observable
settings. Specifically, we employ a diffusion model as a state generator that produces a structurally
consistent approximation of the global state during decentralized execution. To further distill decision-
relevant information, we introduce a Transformer (Dosovitskiy et al., 2021) as a state extractor, which
refines the reconstructed state into compact representations aligned with the downstream reinforce-
ment learning objective. By jointly conditioning on the inferred global state and local observations,
SIDIFF effectively reduces the training-execution information gap in CTDE-based MARL. Extensive
experiments on widely used partially observable benchmarks, as well as on our newly proposed
environment, Multi-Agent Battle City (MABC), demonstrate that SIDIFF consistently improves
performance over strong baselines. Overall, this work provides a systematic empirical study of
diffusion-based global state reconstruction for cooperative MARL under the CTDE framework.

In this work, we make the following contributions:

1. We propose SIDIFF, a diffusion-based global state inference framework tailored for CTDE-based
cooperative MARL, which reduces the structural information gap between centralized training
and decentralized execution by reconstructing global states from local observations.
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2. A two-stage mechanism is designed, combining diffusion-based state reconstruction with
Transformer-based state extraction. While introducing additional computational overhead during
execution, it fundamentally guarantees the completeness and highly decision-relevant representa-
tions of the inferred global information.

3. Extensive experiments on partially observable benchmarks and the newly proposed MABC
environment show that SIDIFF provides an effective alternative paradigm to existing approaches.

2 Related Work

Partially Observable Problems. In both single-agent and multi-agent scenarios, the partially
observable Markov decision process (POMDP) (Cassandra, 1998) requires agents to make decisions
based on incomplete information. Due to the possibility of a lack of critical information, agents
are frequently limited to selecting locally optimal actions. Therefore, bridging this information gap is
an important research topic in reinforcement learning, and the issue becomes even more pronounced
in multi-agent settings under CTDE. The most popular idea is to employ recurrent neural networks
(RNNs) (Yu et al., 2019) to integrate local observation data over time, thereby endowing agents with
a form of long-term memory. As a seminal work in this field, DRQN (Hausknecht & Stone, 2015)
has influenced various MARL methods, including R-MADDPG (Wang et al., 2020), QMIX (Rashid
et al., 2018), and MAPPO (Yu et al., 2022). Another popular technique is belief tracking with particle
filters (Ma et al., 2020b;a), which typically requires a predefined model. Some research (Huang
et al., 2020; Han et al., 2020; Hausknecht & Stone, 2015; Igl et al., 2018) has focused on generating
latent state representations through variational inference. Variational autoencoders (VAE) (Kingma
& Welling, 2014), as generative models, can compress complex observations to a compact latent
space by maximizing the evidence lower bound. However, these methods focus primarily on the
issue of inaccessible global state during training, often overlooking the potential utility of states.
Communication (Foerster et al., 2016; Peng et al., 2017) emerges as a distinct method to mitigate
the need for global information. Agents in communication methods exchange information, which
is either manually specified or learned. However, this approach also incurs high communication
costs. Additionally, some studies (Zhang et al., 2021; Pásztor et al., 2023) model opponents or the
environment as auxiliary tasks to predict the behavior of other entities. However, these methods are
unsuitable for complex environments and may be constrained by issues such as compounding errors.

Diffusion Models for RL. Diffusion models (Ho et al., 2020), renowned for their capacity to generate
diverse data and capture multimodal distributions, are increasingly being integrated into reinforcement
learning to improve performance and sample efficiency. The most mainstream method is to fit the
dynamics of the environment with diffusion models, which serve as a planner (Brehmer et al., 2023;
Janner et al., 2022; Liang et al., 2023). Guided by objectives such as expected return-to-go, diffusion
models can generate trajectories that align with both the given directives and the environmental
dynamics. Moreover, just as diffusion models are used for data augmentation in computer vision, they
also hold promise as data synthesizers in offline reinforcement learning (Chen et al., 2023; Lu et al.,
2023). Some studies (Ada et al., 2024; Chi et al., 2023; Hansen-Estruch et al., 2023) have employed
diffusion models directly as policies, addressing challenges such as over-conservatism and limited
adaptability to diverse datasets in offline settings. Furthermore, a few works also applied diffusion
models in fields such as quality diversity reinforcement learning and multi-agent cooperation tasks.
However, almost all of the above-mentioned studies combined diffusion models and reinforcement
learning algorithms in offline settings or within single-agent tasks, primarily to mitigate common
offline issues. In contrast, the SIDIFF framework we propose is intended for online multi-agent tasks,
explicitly targeting the challenges of partial observability. Regardless of the background or concerns,
SIDIFF is entirely orthogonal to previous work.

Concurrently, Wang et al. (2025) present a theoretical framework for applying diffusion models to
Dec-POMDPs, analyzing fixed-point attractors, approximation errors, and proposing a composite
diffusion process with convergence guarantees. Their study primarily focuses on rigorous theoretical
understanding, whereas our work complements this line by emphasizing empirical validation on
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widely used complex MARL benchmarks and is motivated by reducing the structural training-
execution information gap under the CTDE paradigm.

3 Preliminaries

3.1 Dec-POMDPs

The fully cooperative multi-agent decision-making problem can be modeled as a decentralized
partially observable Markov decision process (Dec-POMDP). Within this problem, there are n agents
denoted by the set A = {1, . . . , n}. s ∈ S is the global state of the environment. The observation
function, denoted by O : A × S → Z, assigns distinct local observations to each agent based on
the current global state s. At each time step, each agent a selects an action u ∈ U based on its local
observation z = O(a, s). u ∈ U ≡ Un represents the joint action of all agents. In the Dec-POMDP
problem, all agents share a reward function r(s,u) : S × U → R, which ensures full cooperation
between agents when making decisions. p(s′ | s,u) : S ×U × S → [0, 1] denotes the transition
function of the system. The goal of all agents is to maximize the discounted return

∑∞
i=0 γ

irt+i,
where γ is the discount factor.

3.2 Denoising Diffusion Probabilistic Models

The diffusion model draws inspiration from nonequilibrium thermodynamics (Sohl-Dickstein
et al., 2015). It encompasses two key processes: the forward and the reverse processes. Noise
is gradually introduced to the original data x during the forward process. Conversely, the reverse
process systematically removes this noise, thereby restoring the data to its initial state. First, sample
x0 ∼ q(x0) from the actual data distribution. The forward process sequentially introduces Gaussian
noise to the data according to the predefined variance parameter β1:K . Specifically, the xk obtained
in the k-th iteration of the forward process is derived as follows:

q(xk | xk−1) = N (xk;
√

1− βkxk−1, βkI).

When deriving xk during the forward process, it can be directly computed from the initial data x0

without the necessity of sequentially calculating the intermediate steps x1:k−1 = {x1, x2, . . . , xk−1}.
The specific calculation formula can be written as follows:

xk =
√
ᾱkx0 +

√
1− ᾱkϵ (xk, k) ,

where ᾱk =
∏k

i=1 αi and ϵ (xk, k) ∼ N (0, I), with αk = 1 − βk. In the reverse process, the
diffusion model is trained to learn a conditional distribution that iteratively denoises and restores
the original data. The formula to recover xk−1 from xk is as follows:

p(xk−1 | xk) = N (xk−1;µ(xk, k), σ(xk, k)). (1)

And µ and σ2 can be given as follows:

µ(xk, k) =
1
√
αk

(
xk −

βk√
1− ᾱk

ϵ(xk, k)

)
, σ2(xk, k) = βk

1− ᾱk−1

1− ᾱk
.

where σ2 is a constant value, and µ is a function dependent on ϵ(xk, k). A neural network is
employed to estimate ϵ(xk, k), denoted as ϵθ(xk, k), where θ represents the parameters of the
network. The diffusion model is trained by minimizing the following loss function:

L := Ek,x0

[∥∥ϵk − ϵθ
(√

ᾱkxk +
(√

1− ᾱk

)
ϵk, k

)∥∥2] .
ϵk is the actual noise sampled during the forward process.
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4 Methodology

The core idea behind SIDIFF is to empower multiple agents to infer the global state from local
observations during decentralized execution, thereby mitigating the structural training-execution
information gap and enabling more informed decision-making. In this section, we delve into the
architecture of SIDIFF, which is composed of two key components: the State Generator and the State
Extractor. For ease of exposition, when variables in this paper are subscripted with two indices, the
first index refers to the specific time step within an episode, while the second indicates the iteration
of the diffusion process. For instance, ŝt,k represents the state s generated by the diffusion model at
time step t in the k-th iteration of the diffusion process.

4.1 State Generator
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Figure 2: The overall framework.

First, we introduce the state generator module,
which models data distribution using the diffusion
model. The state generator is intended to infer
the global state automatically, similar to image
outpainting tasks. The state generator is patterned
after the U-Net architecture (Ronneberger et al.,
2015), as depicted in Figure 2. It comprises a
series of one-dimensional convolutional residual
blocks. The structure of the state generator is di-
vided into two symmetrical segments: an encoder
and a decoder. The encoder extracts contextual
state information, while the decoder reconstructs
the original state. Moreover, the decoder employs
skip-connection techniques to merge feature maps
from the encoder with those in the decoder, fa-
cilitating the integration of multi-scale features.
Similar to the traditional diffusion model, the state
generator takes the reconstructing state as input and outputs the predicted noise ϵ. Further details will
be given below.

The state generator needs to reconstruct the global state based on local observations of individual
agents. However, in partially observable problems, agents may encounter the challenge of having
identical local observations, even in fundamentally distinct global states. Therefore, to ensure the
uniqueness of these conditions used to generate the state as much as possible, we integrate time-
sensitive data into decoders. SIDIFF involves the current diffusion iteration k, along with unique
identifiers a for each agent, and the trajectory history τ = {(z, u)}. These elements are employed as
conditions to predict the noise. The embeddings eK , eA, and eT are the features derived from the
affine transformation of the aforementioned conditions. Assuming fL represents the output from the
preceding layer within a particular decoder block, and fE denotes the skip-connected feature from
the corresponding encoder block, the final input for the decoder block would be written in the form:

CONCAT
((

eT + eA
)
· fL + eK , fE

)
.

The trajectory history of an agent is essential for the state generator to reconstruct the global state. In
addition, eK plays a pivotal role in the training and sampling phases of the diffusion model. Like other
classic works, we incorporate it as a bias term. Finally, these conditional variables are concatenated
with the output of the symmetric encoder block to form the input of the decoder block. Referring
to classifier-free diffusion models (Ho & Salimans, 2022), we jointly train the unconditional and
conditional models simply by randomly setting the information of these agents to the unconditional
class identifier ∅ with some probability β ∼ Bern(p). In practical implementation, the unconditional
class identifier ∅ is typically substituted with a vector of zeros.
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The training and sampling regimen of the state generator closely resembles that of traditional diffusion
models. We set the diffusion process duration to K ∈ N+. The goal of training is for the state
generator to combine the iteration k, the local observation of the agent, and the ground-truth global
state to predict the noise ϵk introduced in the forward process, rather than directly reconstructing the
original global state as the VAE does. The loss function for training the state generator is as follows:

LSG(θ) = Ek,st,0∈D,β∼Bern(p)

[∥∥ϵk − ϵθ (ŝt,k, (1− β)c+ β∅, k)
∥∥2] , (2)

where θ denotes the network parameters of the state generator, and c = {a, τ} is the conditional
dependencies required for generating the global state. Even in a fully distributed framework, agents
can acquire these conditions. In the inference phase, each agent initializes ŝt,K ∼ N (0, I) and
then removes the noise ϵ predicted by the state generator to obtain the denoised state. Precisely, the
inferred global state at the k-th iteration of the reverse process can be calculated:

ŝt,k−1 =
1
√
αk

(
ŝt,k −

1− αk√
1− ᾱk

ϵθ (ŝt,k, c, k)

)
+ σkz, (3)

where z ∼ N (0, I). This iterative procedure continues until the original global state ŝt,0 is restored.
The incorporation of the state generator module endows the agent with the ability to conduct
distributed inference of the original global state.

4.2 State Extractor

On the one hand, the global state encompasses critical information that agents may depend on for
decision-making, which is frequently unavailable through local observations alone. On the other hand,
the global state contains a large amount of redundant information irrelevant to the decision-making of
individual agents. Directly incorporating the global state into the agent network may place an undue
burden on individual agents, potentially reducing learning efficiency. This phenomenon has been
well-documented in some prior research (Li et al., 2024; Guan et al., 2022). Consequently, extracting
decision-relevant information from the inferred global state ŝ is also an important contribution of
SIDIFF. In the following, we explain how to extract crucial decision-relevant information from the
original global state.

The global state is defined as containing all information in a multi-agent system. However, for an
individual agent, only a small portion of the global state is actually useful for decision-making.
Therefore, it is imperative to distill the global state into a meaningful abstraction, a task that typically
demands expert knowledge. Drawing inspiration from the Transformer, similar to numerous studies
employing transformers for one-dimensional tensor processing (Wang et al., 2023a; Wen et al., 2023),
we first divide the global state into a series of fixed-size 1D patches P = {pi}, i ∈ {1, . . . , N}.
These vectors are then arranged in sequence to form an ordered sequence. Simultaneously, position
embeddings are integrated to infuse positional information into the patch vectors, preserving the
intrinsic semantics of the original global state. These vectors serve as the input to the Transformer
model. By utilizing the multi-head attention mechanism (Vaswani et al., 2017), we derive the
abstracted feature embedding sg for the global state. It can be computed by the following equation:

sg = CONCAT
(
Softmax

(PWQ
j (PWK

j )⊤
√
d

)
PW V

j

)
, (4)

where j ∈ {1, . . . ,H}. d is the scaling factor equal to the dimension of each patch, and H is the
number of attention heads. Finally, sg will be concatenated with the agent’s local observation and
fed into the agent network.

As illustrated in Figure 2, the state extractor converts the original global state into information
that is more conducive to the agent’s decision-making and feeds it into the agent’s model. Unlike
other studies that replace the global state with low-dimensional embeddings, the state extractor
is directly optimized end-to-end by the reinforcement learning process rather than multiple loss



Global State Inference with Diffusion Models for Cooperative MARL

functions or multi-stage optimization. Therefore, when making decisions, the agent actively selects
information from the global state conducive to its own decision-making, rather than passively
absorbing information that other relatively independent modules have processed. In other words, the
state extractor maps the original global state space to a lower-dimensional latent space, effectively
removing redundancy from the original state and mitigating inaccuracies in the state generated by the
state generator. This improves the robustness of SIDIFF during the decentralized execution phase and
helps balance the structural information gap between training and execution in CTDE-based MARL.

4.3 Integration within the CTDE Framework

Although diffusion models can generate more complex data compared to other generative models, it
is achieved by breaking down the entire generation process into multiple steps, which incurs a higher
cost in terms of wall-clock time. SIDIFF is an online MARL framework, in contrast to previous
research, which was primarily conducted offline and relied solely on predetermined datasets with no
real-time environmental interaction. Therefore, to reduce the additional time cost introduced by the
denoising process of the diffusion model, SIDIFF utilizes the ground-truth state s during the training
phase. Only during the decentralized decision-making (evaluation) phase does the agent use the state
generator to produce ŝ to replace the true global state s. Thus, the multi-step reverse process only
impacts the evaluation phase, accounting for a small portion of the algorithm training process. This
approach ensures that the time cost is not significantly increased while also maintaining the stability
of the algorithm training. Moreover, in our implementation, we only update the state generator prior
to evaluation, in accordance with Eq. (2), which also reduces training time. Last but not least, more
advanced diffusion model methods (Bao et al., 2022; Song et al., 2023) can be applied in the future
to further enhance the efficiency of SIDIFF during the decentralized execution phase.

SIDIFF can be applied to various MARL algorithms that adhere to the CTDE paradigm, including
value decomposition and policy-based methods. The most significant modification in the SIDIFF-
augmented variants of these algorithms is the introduction of sg , which contains important information
about the global state. Note that sg is generated by the state generator and subsequently abstracted by
the state extractor. For value decomposition methods with SIDIFF, the value function for agent a is
defined by Qa(τ

a, sg). And we can obtain the joint value Qtot:

Qtot = fM
(
Qa, a ∈ A

)
,

where the function fM represents the mixing network, which can take different forms depending on
the specific value decomposition method. For policy-based methods like MAPPO, the Actor network
is denoted as πn(τn, sg) in their SIDIFF-augmented versions. It can be seamlessly integrated into the
policy gradient loss function of the original algorithm. The algorithmic formulation of SIDIFF for
both value decomposition and policy-gradient methods, along with the comprehensive notation table,
is presented in Supplementary A.1.
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Figure 3: Performance comparison with baselines in SMAC.
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5 Experiment

To validate whether SIDIFF can be applied to various algorithms and enhance performance, we have
obtained extensive experimental results on three different experimental platforms: SMAC (Samvelyan
et al., 2019), VMAS (Bettini et al., 2022), and MABC. Both SMAC and VMAS are well-known
environments in the field of multi-agent systems, with partial observability and a diverse set of
scenarios for evaluating cooperation between agents. Multi-Agent Battle City (MABC) is a novel
experimental platform we have proposed, in which agents only have access to local observations
and scenarios can be flexibly customized. We conducted a case study in a specific MABC scenario
to demonstrate the importance of the global state in decision-making. Finally, through a series of
ablation experiments and visualization, we show that both the state generator and state extractor in
SIDIFF are indispensable. Detailed information about the testbeds can be found in Supplementary B.

5.1 StarCraft Multi-Agent Challenge

SMAC is a cooperative multi-agent reinforcement learning environment based on the real-time strat-
egy game StarCraft II. It includes a variety of unique scenarios in which agents select actions based
on local observations within their visual field. The goal of all scenarios is to command allied units
to eliminate enemy units, which are controlled by built-in heuristic algorithms. We applied SIDIFF to
the value decomposition method QMIX and compared it with other baselines such as CDS (Li et al.,
2021), QPLEX (Wang et al., 2021), Weighted-QMIX (Rashid et al., 2020), QTRAN (Rashid et al.,
2020), COLA (Xu et al., 2023) and the original QMIX. To ensure fairness, all experiments were
conducted with the same environment settings and StarCraft versions (SC2.4.10). Each experiment
was carried out using five random seeds. The experimental results are depicted in Figure 3.

The results indicate that SIDIFF enhances the performance of the original basic algorithm, as it
outperforms QMIX in nearly all tasks. COLA, which infers the low-dimensional representation of the
global state through contrastive learning (Caron et al., 2021), also demonstrates strong performance
across various scenarios. However, in more challenging tasks such as 8m_vs_9m, 10m_vs_11m, and
MMM2, while COLA remains competitive, SIDIFF still exhibits stable performance advantages
in several cases. This comparison indicates that reconstructing the global state within the original
state space provides a viable alternative pathway for enhancing multi-agent decision making,
complementary to existing approaches like COLA.
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Figure 4: Win ratios across sight ranges.

To evaluate the effect of the agent’s sight range on
the performance of SIDIFF, we conducted additional
experiments in the 2s3z scenario and analyzed the
average performance over the first 200,000 training
steps. Figure 4 compares the average win rates of
QMIX and SIDIFF under different sight ranges. The
results show that both QMIX and SIDIFF achieve
higher win rates as the sight range increases, implying
that richer observability promotes more effective coordination and policy optimization. Nevertheless,
SIDIFF consistently outperforms QMIX across all sight settings, with a particularly notable advantage
under narrower sight ranges. This demonstrates that SIDIFF can better infer the global state from
limited local observations, leading to more effective decision-making. As the sight range expands to
7 or 9, the performance gap narrows slightly, yet SIDIFF continues to deliver stable improvements,
indicating that reducing the structural training-execution information gap remains beneficial even
when observability becomes less restrictive. In addition, the training loss curves of the diffusion
model and the computational overhead analysis are provided in Appendix A.1 and Appendix A.4.

5.2 Vectorized Multi-Agent Simulator

The Vectorized Multi-Agent Simulator (VMAS) is an open-source framework designed for efficient
MARL benchmarking. It features a vectorized 2D physics engine implemented in PyTorch (Paszke
et al., 2019), along with a collection of challenging multi-agent scenarios. In these scenarios, all
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Figure 5: Comparison of our approach against baseline algorithms on VMAS.

agents can only observe their own positions and information related to their specific goals, which
significantly hinders collaborative decision-making among agents. VDN (Sunehag et al., 2018)
and MAPPO (Yu et al., 2022) are representative methods of value decomposition and multi-agent
policy gradient approaches, respectively. To demonstrate that SIDIFF can be easily applied to
various algorithms to improve their performance, we compared the performance of the original
VDN and MAPPO algorithms to their SIDIFF variants. Figure 5 illustrates the performance of the
original algorithms and their SIDIFF variants across three representative scenarios within VMAS.
Supplementary B.2 provides detailed descriptions of these three scenarios.

Since VDN is an off-policy algorithm, it converges more quickly than MAPPO, which is on-policy.
For each algorithm, the SIDIFF variant outperforms the original algorithm. Specifically, in the Wheel
scenario, MAPPO fails to converge. In contrast, when equipped with SIDIFF, agents are able to infer
the underlying global state structure, thereby reducing the information discrepancy and improving
coordination consistency, which leads to faster convergence and more stable cooperative behavior.

5.3 Case Study: Multi-Agent Battle City

Battle City is an internationally popular video game from the past century. In this game, a single
player controls a tank to protect the base from attacks while destroying enemy tanks, which are
controlled by built-in heuristic algorithms. The map contains a variety of terrain. We reproduced this
game with a simple program and expanded it to enable multiple players to cooperate simultaneously.
In MABC, allied tanks can only see information about themselves. The behavior of enemy tanks is
predetermined, with their specific targeting algorithm being to prioritize the closest allied unit or the
base, giving higher priority to the base. We designed a 2_vs_8 level. Detailed information about the
environment can be found in Supplementary B.3.
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Figure 6: Results on MABC benchmark.

As shown in Figure 6a, due to the training-
execution information gap during decentral-
ized testing, many algorithms tend to fall
into local optima, focusing on destroying
enemy tanks while neglecting the protection
of the base. The agents controlled by these
algorithms initially retreat to a corner to avoid
being attacked and then seek opportunities
to counterattack. However, once the base is
attacked, the game ends and is considered a
failure. In contrast, agents controlled by SIDIFF can perceive changes in the global state, enabling
them to identify this critical mechanism earlier and avoid falling into the local optimum. Figure 6b
depicts the specific strategy employed by agents controlled by SIDIFF. They prioritize attacking
or drawing away enemy tanks that pose a significant threat to the base.
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Real State Agent 1 Agent 2 Agent 3 Agent 4 Agent 5

Figure 8: T-SNE embeddings of ground-truth and reconstructed global states in the 2s3z scenario.
The first panel shows the ground-truth state embeddings for one episode. In the remaining panels, the
colored trajectory is the same ground-truth trajectory with a consistent colormap encoding temporal
order, and the dots denote the global states reconstructed by each agent from its local observations.

5.4 Ablation Study
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Figure 7: Win rates for ablations.

We demonstrate the importance of each module in SIDIFF
through two scenarios in SMAC. SIDIFF-E and SIDIFF-G
denote versions of SIDIFF without the state generator and
state extractor, respectively, while keeping other components
unchanged. SIDIFF-E retains the state extractor but lacks the
state generator. In this setting, local observations are directly
used as input to the state extractor instead of reconstructed
global states. This configuration isolates the effect of the ad-
ditional extraction module on overall performance. In contrast,
SIDIFF-G contains only the state generator. In this variant,
the reconstructed global state is concatenated with local obser-
vations and directly fed into the agent network. Comparisons
among these variants and the full SIDIFF framework highlight the contribution of each component.

In the hard scenario 8m_vs_9m and the super hard scenario MMM2, SIDIFF significantly outperforms
the other two variants. Furthermore, as shown in Figure 7, both SIDIFF-E and SIDIFF-G exhibit
superior performance in comparison to the original QMIX algorithm. This implies that incorporating
global information helps reduce the information gap and must correctly process this information
in order to extract the most useful data. These experimental results indicate that both the state
generator and state extractor components in SIDIFF are essential. We further analyze the impact
of key hyperparameters, including the diffusion process duration K and the patch dimension d, in
additional ablation studies. The corresponding results and discussions can be found in Appendix A.2.

5.5 Visualization

To more intuitively demonstrate the agents’ ability to infer the global state, we visualized the actual
state sequence alongside the states reconstructed by the agents. For the trajectories of an episode
in the 2s3z scenario, we visualized the t-SNE (Van der Maaten & Hinton, 2008) embeddings of the
reconstructed states and compared them with the real state embeddings. Figure 8 reports the resulting
embeddings. The first panel shows the ground truth trajectory and its corresponding state embeddings.
The colored trajectory encodes temporal progression, where earlier steps appear in darker hues and
later steps appear in brighter hues. In the remaining panels, the colored trajectory is kept fixed as the
same ground truth trajectory, while the dots indicate the states reconstructed by each agent using only
its local observation history. Under this design, the deviation of reconstructed states from the ground
truth manifold can be directly inspected by their distance to the ground truth trajectory.

Across agents, the reconstructed points concentrate around the ground truth trajectory, indicating
that the proposed state generator captures the dominant global information that is recoverable from
local observations and trajectory context. Small offsets are visible at a few time steps, which is
expected under partial observability and may reflect fine grained factors that are difficult to infer from
a single agent’s view. Overall, the tight clustering of reconstructed points around the ground truth
trajectory suggests that SIDIFF recovers decision relevant components of the global state. Additional
visualizations and quantitative results are provided in Appendix A.3.
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6 Conclusion and Discussion

In this paper, we propose SIDIFF to address the issue of agents being unable to access the global
state during the decentralized execution phase in Dec-POMDP tasks. The state generator in SIDIFF, a
diffusion model, reconstructs the global state in a decentralized manner based on the agents’ trajectory
history, thereby reducing the structural training-execution information gap. The state extractor then
processes the reconstructed global state, removing redundant information and extracting decision-
relevant information for the agents. These two components work together to provide SIDIFF with
superior performance in a variety of cooperative multi-agent environments. In addition, we introduce
Multi-Agent Battle City (MABC), a novel multi-agent experimental environment that allows flexible
customization of scenarios. We believe that MABC is sufficiently simple yet distinctive to incentivize
more contributions from the MARL community. It offers diverse configurations of agents, enemies,
and obstacles, supporting both competitive and cooperative settings.

Future work will involve exploring the application of SIDIFF in multi-task multi-agent scenarios. A
potential extension is to couple SIDIFF with hierarchical or curriculum-based learning schemes to
enhance cross-task generalization. Moreover, replacing the current traditional diffusion model with
faster generative diffusion models to improve inference efficiency is a promising research direction.

A Appendix: Additional Experiments

A.1 Training Dynamics of State Reconstruction

To quantitatively evaluate the accuracy of global state reconstruction, we define the state error as the
mean squared error (MSE) between the reconstructed global state and the corresponding ground-truth
state. Specifically, given the real global state st and the reconstructed state ŝt, the state error is
computed as ∥st − ŝt∥22.
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Figure 9: State error during training.

Figure 9 shows the state error curve obtained dur-
ing training in the MMM2 scenario. As observed,
the reconstruction error decreases rapidly at the
early stage of training and quickly stabilizes at a
low level. This indicates that the diffusion-based
state generator is able to approximate the true
global state within a relatively small number of
training steps. The result provides empirical sup-
port for the design choice of using the ground-
truth global state during training to improve learning efficiency, as the reconstructed states become
sufficiently close to the real states in a short period of time.

A.2 Additional Ablation Study
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Figure 10: Influence of K and d in SIDIFF.

We demonstrate the impact of various hyperparameter settings on the performance of SIDIFF in
Figure 10. Specifically, we examine how different values of the diffusion process duration K and



Reinforcement Learning Journal 2026

the patch dimension d affect the performance. As K increases, the performance of SIDIFF initially
improves and then declines. We attribute this to the fact that when K is low, the state generator cannot
accurately reconstruct the global state with fewer iterations. However, when K is large, the conver-
gence speed of the state generator is slower than the reinforcement learning process, given the fixed
number of training iterations for the state generator. Considering both time and training costs, the value
of K should be chosen to be relatively optimal. Additionally, regarding the dimension of each patch
d, we find that smaller values of d lead to better performance of SIDIFF, indicating that finer-grained
division of the state can capture more critical information. However, smaller d values result in higher
computational costs, thus necessitating a trade-off between computational cost and performance.

A.3 Additional Visualization

To further confirm the state generator’s ability to reconstruct states, we also present the 2D t-SNE
embeddings of the real states and reconstructed states in the super hard scenario. As shown in
Figure 11, even in tasks with a complex state space, the reconstructed states produced by the state
generator are generally consistent with the real states. Notably, the key transition points along the
trajectories are accurately captured, indicating precise reconstruction of critical state dynamics.

Real State Agent 1 Agent 2 Agent 3 Agent 4

Agent 5 Agent 6 Agent 7 Agent 8 Agent 9

Figure 11: The 2D t-SNE embeddings of the real state and reconstructed states in MMM2 scenario.

A.4 Computational Overhead

As shown in Table 1, the computational overhead of SIDIFF mainly arises from the diffusion-based
state generator and the additional state extraction module. During training, the global state is directly
available under the CTDE framework, and the diffusion model is optimized through its reconstruction
objective, resulting in only minor additional computational cost. During decentralized execution, the
diffusion model reconstructs the global state from local observations, which introduces additional
inference time. The overall throughput of SIDIFF remains comparable to the baseline while providing
consistent performance improvements by reducing the training-execution information gap. Future
work will explore more efficient diffusion sampling techniques to further accelerate the generation
process. The relative gain reported in Table 1 is computed as the average win-rate improvement
across different SMAC scenarios after 1M training steps.

Table 1: Overall computational overhead of SIDIFF.

Method Throughput (↑) Relative Gain (↑)
QMIX 1× 1×
SIDIFF 0.67× 1.22×
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A Implementation Details

A.1 Algorithmic Description

The algorithms for different methods with SIDIFF are summarized in Algorithm 1 and Algorithm 2.
The code for SIDIFF can be found in the supplementary material.

Algorithm 1 Value decomposition methods with SIDIFF
Hyperparameters: Patch dimensions d, discount factor γ, exploration coefficient ϵ
Initialize the parameters of the agent network, the mixing network and the state extractor
Initialize the parameters of the state generator

1: for each episode do
2: if Train then
3: Obtain the global state s1 and the local observations z1 = {z11 , z21 , . . . , zn1 }
4: for t← 1 to T − 1 do
5: Divide the global state s into patches of dimension d
6: Calculate the abstracted feature embedding sg according Eq. (4)
7: for a← 1 to n do
8: Select action ua

t according to ϵ-greedy policy w.r.t Qa(τ
a
t , sg)

9: end for
10: Take the joint action ut = {u0

t , u
1
t , . . . , u

n
t }

11: Obtain the global reward rt+1, the next local observations zt+1, and the next state st+1

12: end for
13: Store the episode in D
14: Sample a batch of episodes ∼ Uniform(D)
15: Update the parameters of the state generator according Eq. (2)
16: Update the parameters of the agent network, the mixing network and the state extractor

according TD loss
17: Replace target parameters every M episodes
18: end if
19: if Evaluate then
20: for t← 1 to T − 1 do
21: for a← 1 to n do
22: Obtain the local observation zat
23: Reconstruct the global state ŝat according Eq. (3)
24: Divide the reconstructed global state ŝat into patches of dimension d
25: Calculate the abstracted feature embedding sg according Eq. (4)
26: Select action ua

t according to greedy policy w.r.t Qa(τ
a
t , sg)

27: end for
28: end for
29: end if
30: end for

A.2 Notation

For clarity and consistency, a unified notation system is adopted throughout the paper. The primary
symbols and their definitions are provided in Table 2.
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Algorithm 2 Policy gradient methods with SIDIFF
Hyperparameters: Patch dimensions d, discount factor γ
Initialize the parameters of the actor, the critic and the state extractor
Initialize the parameters of the state generator

1: for each episode do
2: if Train then
3: Obtain the global state s and local observations z1 = {z11 , z21 , . . . , zn1 }
4: for t← 1 to T − 1 do
5: for a← 1 to n do
6: Calculate the abstracted feature embedding sg according Eq. (4)
7: Sample the action from the distribution w.r.t ua

t = πa(z
a
t , sg)

8: end for
9: Take the joint action ut = {u1

t , u
2
t , . . . , u

n
t }

10: Obtain the global reward rt+1, the next local observations zt+1, and the next state st+1

11: Store the episode in replay buffer D
12: for a← 1 to n do
13: Sample a batch of episodes ∼ Uniform(D)
14: Fit value function by regression on mean-squared error and update critic
15: Update actor according to policy gradient methods (such as maximizing the PPO-Clip

objective for MAPPO)
16: end for
17: Update target parameters by polyak averaging
18: end for
19: end if
20: if Evaluate then
21: for t← 1 to T − 1 do
22: for a← 1 to n do
23: Obtain the local observation zat
24: Reconstruct the global state ŝat according Eq. (3)
25: Divide the reconstructed global state ŝat into patches of dimension d
26: Calculate the abstracted feature embedding sg according Eq. (4)
27: Sample the action from the distribution w.r.t ua

t = πa(z
a
t , sg)

28: end for
29: end for
30: end if
31: end for

A.3 Implementation Details and Hyperparameters

In practical implementation, to ensure algorithm training stability, we typically update the state
generator only before evaluation. This approach ensures the effectiveness of the state generator in
inferring states during evaluation and also reduces training time. When optimizing the state generator,
we typically use the trajectories from the most recent L episodes as the training dataset to avoid
significant differences between the agent’s current policy and the historical transition data. By default,
L = 5. Furthermore, the historical trajectories, which serve as the basis for reconstructing the global
state, usually include observations from the past four steps and the current step.

The abstracted feature embedding sg output by the state extractor is eventually combined with the
agent’s local observations and fed into either the agent network (in value decomposition methods)
or the actor network (in policy gradient methods). Furthermore, to mitigate the compounding error
caused by minor deviations in the reconstructed state ŝ, we feed sg into a fully connected layer
following the RNN layer.
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Table 2: Notations used in this paper.

Category Notation Description

Dec-POMDP

A = {1, . . . , n} Set of agents, n is the number of agents.
S, st State space and global state at time step t.
Z, zat Observation space and local observation of agent a at time t.
U, ua

t Action space and action of agent a at time t.
U = Un,ut Joint action space and joint action at time t.
O : A× S→Z Observation function.
rt, r(s,u) Shared team reward at time t and reward function.
p(s′ | s,u) Transition function of the environment.
γ Discount factor.

Diffusion Model

x0, xk Original data and noisy data at diffusion step k.
q(x0) Data distribution of the original samples.
q(xk | xk−1) Forward noising distribution.
β1:K , βk Variance schedule and variance at step k.
K Total number of diffusion steps.
αk = 1− βk Forward-process coefficient.
ᾱk Cumulative product

∏k
i=1 αi.

ϵk, ϵ(xk, k) True Gaussian noise and its notation as a function.
p(xk−1 | xk) Reverse denoising distribution.
µ(xk, k) Mean of the reverse Gaussian at step k.
σ(xk, k), σ

2(xk, k) Standard deviation and variance of the reverse Gaussian.
θ Parameters of the neural network ϵθ .
L Training loss of the diffusion model.

State Generator

ŝt,k Generated state at time t, diffusion step k.
ŝt,K Initial Gaussian noise sample for reverse process.
a Agent identifier used as conditional input.
τ = {(z, u)} Agent’s trajectory history as condition.
c = {a, τ} Conditional inputs for state generation.
eK , eT , eA Embeddings of diffusion step, trajectory, agent ID.
fL, fE Decoder input feature; encoder skip-connected feature.
∅ Unconditional class identifier (zero vector).
β ∼ Bern(p) Random mask for classifier-free guidance.
p Drop probability in classifier-free diffusion.
σkz Stochastic term in reverse denoising (z∼N (0, I)).
LSG Training loss of state generator.

State Extractor

P = {pi}Ni=1 Patches of global state.
N Number of patches.
H Number of attention heads.
d Scaling factor = patch dimension.
WQ

j ,W
K
j ,W V

j Projection matrices for attention head j.
sg Abstracted global-state embedding.

CTDE Adaptation

Qa(τ
a, sg) Value function of agent a with global feature sg .

Qtot Joint action-value function.
fM Mixing network used to compute Qtot.
πa(τ

a, sg) Policy of agent a in SIDIFF-augmented MAPPO.

Table 3 shows the hyperparameters used for various algorithms. The hyperparameters in variants
with SIDIFF are consistent with those in the original algorithms. Furthermore, we ensure that the
hyperparameters for other baselines match those specified in their official code. All experiments
in this paper are run on Nvidia GeForce RTX 3090 graphics cards and Intel(R) Xeon(R) Platinum
8280 CPU. As a result, the solid lines represent the median win rates and the 25-75% percentiles are
shaded.
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Table 3: Hyperparameter settings.

Algorithm Description Value

State Generator

Type of optimizer Adam
Learning rate 0.0005
Number of last episodes used for the update L 10
Batch size 1 (episode)
Number of epochs 1000
Diffusion process duration K 20
probability for unconditional class identifier p 0.001

State Extractor Dimension of each patch d 5
Number of attention heads H 4

B Environment Details

B.1 StarCraft Multi-Agent Challenge (SMAC)

The StarCraft Multi-Agent Challenge (SMAC) is a benchmark environment designed to test and
develop MARL algorithms within the complex setting of the real-time strategy game StarCraft II.
SMAC focuses on micromanagement tasks, where individual units are controlled by independent
learning agents that must coordinate their actions based solely on local observations. Key features of
SMAC include a diverse set of combat scenarios that challenge agents to handle high-dimensional
inputs, partial observability, and the need for sophisticated cooperation to achieve victory. The
environment supports centralized training with decentralized execution, providing additional state
information during training to facilitate algorithm development. SMAC also offers standardized
evaluation metrics and best practices, promoting rigorous experimental methodologies in the MARL
field. Table 4 presents the details of several representative scenarios in SMAC.

Table 4: Maps in different scenarios.

Name Ally Units Enemy Units Type

2s3z
2 Stalkers
3 Zealots

2 Stalkers
3 Zealots

Heterogeneous
Symmetric

1c3s5z
1 Colossus
3 Stalkers
5 Zealots

1 Colossus
3 Stalkers
5 Zealots

Heterogeneous
Symmetric

2c_vs_64zg 2 Colossi 64 Zerglings
Homogeneous
Asymmetric

8m_vs_9m 8 Marines 9 Marines
Homogeneous
Asymmetric

10m_vs_11m 10 Marines 11 Marines
Homogeneous
Asymmetric

MMM2
1 Medivac

2 Marauders
7 Marines

1 Medivac
3 Marauder
8 Marines

Heterogeneous
Asymmetric
Macro tactics

B.2 Vectorized Multi-Agent Simulator (VMAS)

The Vectorized Multi-Agent Simulator (VMAS) is an open-source framework designed for efficient
MARL benchmarking. It features a vectorized 2D physics engine developed in PyTorch and includes
a suite of challenging multi-robot scenarios that can be easily expanded through a user-friendly,
modular interface. VMAS is distinguished by its capability for parallel simulation on accelerated
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hardware, offering significant speed advantages over traditional simulators. This framework is aimed
at fostering advancements in collective robot learning. At the beginning of each episode, we fix the
position of each agent to reduce the learning complexity. Each scenario we tested is described in
detail below.

Dispersion. The agents must collaboratively consume all available food particles scattered through-
out the environment. Starting from a common initial position, agents must navigate to and consume
different food particles.

Passage. A group of five agents starts in a cross formation and must replicate this formation on
the opposite side of a barrier. The barrier has one passage, and agents are penalized for colliding
with either each other or the barrier. The agents must navigate through the barrier’s passages without
collisions, which involves complex strategies to coordinate their movements effectively.

Wheel. A group of agents is tasked with collectively rotating a line anchored at its origin. This
line has customizable mass and length, and the team’s objective is to achieve a specific angular
velocity. The challenge arises from the fact that a single agent cannot move a high-mass line alone,
necessitating coordinated efforts among all agents. They must organize themselves so that some
agents increase the line’s velocity while others reduce it, ultimately achieving the desired state of
motion.

B.3 Multi-Agent Battle City (MABC)

The Multi-Agent Battle City (MABC) environment is a Python-based platform intended for MARL
research. It is inspired by the classic game Battle City and includes a number of features such as
support for various terrains, multiple players (up to four by default), and customizable maps. The
platform is designed to be easily extended. This testbed is distinguished by its partially observable
setting and sparse reward system, both of which necessitate complex strategic planning to achieve
victory.

At each time step, agents receive local observations drawn within their field of view. Agents
can only observe other agents if they are alive and located within the sight range. The feature
vector observed by each agent contains the following attributes for allied and enemy units within
the sight range: relative x, relative y, orientation, and remaining cooldown
time for missile firing. Additionally, agents can obtain their own absolute position,
orientation, and cooldown time. The global state, which is only available to agents during centralized
training, contains information about all units on the map. All features, both in the state and in the
observations of individual agents, are normalized by their maximum values. The sight range of all
agents can be adjusted according to the needs. Moreover, MABC provides both raw pixel data and
low-dimensional feature information for states and observations.

agents

food 1
food 2

food 3

food 4

(a) Dispersion.

targets

agents

barrier

(b) Passage.

agent 1

agent 2

agent 3

agent 4line
origin

(c) Wheel.

Figure 12: Illustrations of the Vectorized Multi-Agent Simulator.
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In MABC, all agents (tanks) share the same action space. The discrete set of actions that agents
are allowed to take consists of move [left, right, up, down], fire, and no-op. The
overall goal is to maximize the win rate for each battle scenario. The default setting uses a shaped
reward, which produces a reward based on the hit-point damage dealt and enemy units killed, together
with a special bonus for winning the battle. We also provide a sparse reward option, in which the
reward is +1 for winning and 0 for losing an episode.

In contrast to the SMAC environment, the allied agents in MABC face the dual challenge of not only
eliminating enemy units but also defending a base located at the bottom of the map from enemy
attacks. If the base is attacked, the episode ends and is considered a failure. This requires the agents
to develop strategies with a global perspective.

  def __build_map(self):

    self.map[0] = [[-1, -1, -1, -1, -1, -1, -1, -1, -1, -1, -1, -1, -1],

           [-1, 9, -1, -1, -1, -1, 9, -1, -1, -1, -1, 9, -1],

           [-1, -1, -1, -1, -1, -1, -1, -1, -1, -1, -1, -1, -1],

           [-1, 9, -1, -1, -1, 9, -1, -1, 9, -1, -1, -1, -1],

           [-1, -1, 9, -1, -1, -1, -1, -1, -1, -1, -1, 9, -1],

           [-1, -1, -1, 9, -1, -1, -1, -1, -1, -1, 9, -1, -1],

           [-1, -1, 0, 0, 0, 2, 2, 2, 0, 0, 0, -1, -1],

           [-1, -1, -1, -1, -1, -1, -1, -1, -1, -1, -1, -1, -1],

           [-1, -1, -1, -1, -1, -1, -1, -1, -1, -1, -1, -1, -1],

           [-1, -1, 1, -1, -1, -1, -1, -1, -1, -1, 1, -1, -1],

           [-1, -1, -1, -1, -1, 0, 0, 0, -1, -1, -1, -1, -1],

           [-1, -1, -1, -1, -1, 0, -1, 0, -1, -1, -1, -1, -1],

           [-1, -1, -1, -1, -1, -1, -1, -1, -1, -1, -1, -1, -1]]

Base AgentRock

EnemyWaterWall

Figure 13: In MABC, the scenario terrain can be easily configured through code.

MABC is a highly customizable environment. As illustrated in Figure 13, the terrain and the spawn
points of enemy units in each scenario can be quickly configured by editing the code. In addition,
the strategies of enemy units can be flexibly adjusted. We believe that this simple yet unique
environment has the potential to attract the attention of both the MARL and large language model
(LLM) communities.


