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Abstract— We introduce the Safe Offline-to-Online Multi-
Agent Decision Transformer (SO2-MADT), an innovative
framework that revolutionizes safety considerations in Multi-
agent Reinforcement Learning (MARL) through a novel se-
quence modeling approach. Leveraging the dynamic capabilities
inherent in Decision Transformers, our methodology seamlessly
incorporates safety protocols as a cornerstone element, ensuring
secure operations throughout both the offline pre-training phase
and the adaptive online fine-tuning phase. At the core of our
framework lie two pivotal innovations: the Safety-To-Go (STG)
token, embedding safety at a macro level, and the Agent Priori-
tization Module (APM), facilitating explicit credit assignment at
a micro level. Through extensive testing against the challenging
environments of the StarCraft Multi-Agent Challenge (SMAC)
and Multi-agent MuJoCo, our SO2-MADT not only excels
in offline pre-training but also demonstrates superior perfor-
mance during online fine-tuning, without any degradation in
performance. The implications of our work provide a pathway
for deployment in critical real-world applications where safety
is paramount and non-negotiable. The code is available at
https://github.com/shahaamirbader/SO2-MADT.

I. INTRODUCTION

Multi-agent reinforcement learning (MARL) [1] has sig-
nificantly advanced in recent years, empowering agents to
tackle intricate tasks ranging from coordinating autonomous
vehicles [2], to mastering multi-player strategy games [3],
and orchestrating collaborative multi-robot systems [4].
However, safety concerns have significantly constrained the
practical application of MARL in real-world scenarios, as
agents may inadvertently execute actions that pose risks to
themselves, other agents, or the environment, limiting their
usability. Take bionic amphibious robots [5] as an example,
while these robots may be capable of utilizing online learning
effectively on land without extra risk controls, the chal-
lenging conditions of underwater exploration like restricted
communication and visibility necessitate a greater reliance
on safe offline learning for pre-trained actions with extra
consideration. This underscores the critical importance of
ensuring that all agents consistently adhere to safe policies,
regardless of the learning method employed.

A key challenge in MARL is the seamless integration of
safety constraints throughout both offline and online learning
processes. This is crucial because the traditional MARL
setups [6] prioritize agents’ primary objective of maximizing
rewards, which often leads to an unrestricted exploration in
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Fig. 1: Comparison of (a) Traditional RL with Risky Actions
and (b) Safe RL with Safety Constraints.

un-safe zones for reward maximization, as illustrated in Fig-
ure 1(a). In contrast, safe RL enforces a safety threshold as
a hard boundary, ensuring agents operate strictly within safe
zones, as shown in Figure 1(b). This comparison highlights
the lack of inherent safety mechanisms in the traditional RL
approach, potentially leading to irresponsible agent behavior.

A naive solution to this issue involves adopting a central-
ized approach, treating the multi-agent system as a single
entity. While this enables the utilization of safe RL algo-
rithms [7], [8], it exposes inherent scalability limitations.
The exponential expansion of the joint action space with
additional agents results in severe computational bottlenecks,
making the approach impractical for real-world applications.

To address the limitations of the naive approach, one
prevalent strategy in the field is the Centralized Training
with Decentralized Execution (CTDE) paradigm [9], [10].
Under the CTDE paradigm, agents are centrally trained with
global state access to optimize the team’s joint action value
by maximizing each agent’s action-value function. Although
CTDE demonstrates practical utility, it still presents several
challenges. Firstly, the inherent non-stationarity of the en-
vironment from the perspective of each agent, shaped by
the collective actions of all agents, may lead to conver-
gence and stability issues. Secondly, the implicit methods
of aggregating local agent values into a global Q-value often
fail to provide clear feedback on individual agent perfor-
mance. This results in the credit assignment problem [11],
significantly hindering policy optimization for decentralized
agents. Moreover, when applying the CTDE paradigm to
bionic amphibious robots, the successful task outcomes will
depend on specific sequences of actions coordinated among
multiple robots. However, implicit credit assignments within
CTDE may obscure the individual contribution of each
agent, impeding combined learning and future coordination
optimization for each robot. To address this issue, explicit
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credit assignment provides direct feedback, enabling the
system to prioritize actions from critical robots within the
sequence to maximize performance.

The recent integration of Transformer in RL represents a
promising advancement [12], given their exceptional profi-
ciency in capturing long-range dependencies within sequen-
tial data [13]. This capability makes transformers ideally
suited for addressing sequential challenges such as RL,
where past experiences play a pivotal role in determining
optimal actions. Researchers have utilized the generative
trajectory modeling capabilities of transformers to tackle RL
as a sequence modeling problem, where Decision Trans-
former (DT) [14] stands out as one of the pioneering models
to effectively address traditional RL tasks using sequence
modeling, marking a significant breakthrough in the field.
To effectively balance the overall system objectives, We
adopt a dual-level sequence modeling approach to effectively
balance the overall system objectives. At the macro level, we
implement decision-making that governs collective actions
and strategic goals, utilizing DT architecture for both offline
pre-training and online fine-tuning while integrating safety
constraints. At the micro level, we focus on detailed actions
and contributions of individual agents within the MARL
framework, incorporating explicit credit assignment and
agent prioritization using DT’s attention mechanism. This
hierarchical approach optimizes both safety and efficiency
in the multi-agent environment.

In this paper, we introduce SO2-MADT (Safe Offline
to Online Multi-Agent Decision Transformer), a novel DT-
based architecture designed for safety-constrained MARL,
aiming to enhance MARL with powerful yet safe sequential
modeling techniques. To our knowledge, SO2-MADT is the
first sequence modeling approach for MARL that seamlessly
integrates safety constraints during both offline and online
learning. Our goal is to develop a practical RL framework
that enables agents to learn safe actions through offline pre-
training and then consistently adhere to those safety con-
straints during online exploration. We evaluate SO2-MADT
on two multi-agent benchmark datasets: StarCraft Multi-
agent Challenge (SMAC) [16] and Multi-agent MuJoCo [15]
to evaluate its performance against state-of-the-art (SOTA)
works. Our contributions can be summarized as follows:
• We address the safe offline RL problem using super-

vised learning and propose a novel safety-constrained
DT-based sequential model that seamlessly incorporates
safety into both offline and online learning.

• We introduce the Safety-To-Go (STG) token for macro-
level safety monitoring, enabling agents to adjust actions
proactively and prevent safety violations by quantifying
their remaining risk tolerance.

• At the micro level, we propose the Agent Prioritization
Module (APM) to enhance individual agent accountabil-
ity, utilizing attention weights to assess contributions
and steer decision-making towards optimal outcomes.

• Our comprehensive experiments on two MARL bench-
mark datasets demonstrate that our method i) ensures
safety without compromising task performance, and ii)

outperforms several competing MARL approaches on
both safety and overall metrics.

II. RELATED WORK

A. Safe Reinforcement Learning

Constrained optimization plays a crucial role in addressing
safe RL problems [34]. There are two commonly employed
strategies: Lagrangian-based methods, which utilize a mul-
tiplier to penalize violations of constraints [35], [36]; and
correction-based approaches, which project unsafe actions
onto a safe set and often integrate domain-specific knowledge
to facilitate safer exploration [37]. SaFormer [22] and CDT
[33] are recent works based on DT, that address safety in
offline RL by introducing constraint tokens. However, they
are limited to single-agent scenarios.

B. Pre-trained Offline Reinforcement Learning

Recent developments in both offline and online RL have
garnered significant attention. Although offline RL may
derive effective strategies from static datasets, it faces a
significant challenge known as exploration error compared
to online RL. This occurs when learned policies generate
actions beyond the distribution of the dataset [17], [18]. To
bridge the gap between static offline datasets and dynamic
online interactions, researchers have been actively working
and proposed several methods like [17], [19]. Moreover,
with the introduction of transformer architectures into offline
RL, different methods have been developed based on novel
architectures like Decision Transformer [14] and Trajectory
Transformer [20]. Additionally, ODT [26] utilizes the se-
quence modeling nature of DT to incorporate stochastic
policies for single-agent scenarios, while MADT [21] pre-
trains a generalized policy on offline datasets and then
integrates online multi-agent RL for universal policy training.
Conversely, while these methods leverage advanced architec-
tures, they fall short in addressing critical aspects such as
safety constraints and explicit credit assignment.

C. Credit Assignment in Reinforcement Learning

In cooperative MARL, effective coordination relies on ap-
propriately assigning a shared team reward based on the con-
tribution of each agent, i.e., the credit assignment problem.
Traditional implicit credit assignment methods, commonly
used for reward decomposition, often lack clear guidance
for policy optimization due to their inherent ambiguity. For
example, VDN [23], with its linear decomposition approach,
disregards crucial state information, while QMIX [24], de-
spite its effectiveness, is constrained by its monotonous
mixing network. Similarly, extensions like VMIX [25] face
limitations in correlating individual rewards with contribu-
tions. In contrast, explicit methods, which directly attribute
rewards, encounter challenges in dealing with complex agent
interactions. For instance, COMA [27] relies on a biased
baseline, and methods like SQDDPG [28] and SCC [29]
are constrained by theoretical assumptions. Overcoming the
shortcomings of both implicit and explicit methods, our
approach leverages the powerful attention mechanism of
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TABLE I: Comparison of different methods that utilize DT
in RL. SA - Single-agent, MA - Multi-agent, SC - Safety
Constraint ECA - Explicit Credit Assignment.

Method Year Domain SC ECA

DT (original) [14] 2021 — N N
ODT [26] 2022 SA N N
CDT [33] 2023 SA Y N
SaFormer [22] 2023 SA Y N

MADT [21] 2021 MA N N
SO2-MADT (ours) 2024 MA Y Y

transformers for explicit credit assignment, providing clear
and direct feedback to optimize agent policies.

III. PRELIMINARIES
In this section, we delineate foundational concepts and

knowledge by initially formulating MARL as a Markov
Game. Next, we delve into the transformer architecture,
emphasizing DT and its attention mechanisms. Finally, we
discuss potential strategies for infusing safety mechanisms
into the DT model, emphasizing the necessity of balancing
performance goals with robust safety guarantees.

A. MARL and Markov Games

A common framework for addressing cooperative MARL
challenges is through Markov games, which extend the
single-agent Markov Decision Process (MDP) to a multi-
agent setting. It can be defined using the tuple:

G := ⟨N ,S,{Ai}i∈N ,{Ri}i∈N ,P,γ⟩

Here, N = [N] denotes the set of N agents; S is the state
space shared by all agents; andAi denotes the action space of
agent i∈N . The reward function Ri : S×A1× . . .×AN→R
captures the reward received by agent i, which is contingent
upon the current state and the joint action of all agents.
Furthermore, P : S× A1 × . . .× AN → ∆(S) represents the
state transition probability, mapping the current state and
joint action to a distribution over the state space. Each agent
strives to maximize its long-term reward ∑t γ tri

t , where ri
t ∈Ri

denotes the reward of agent i at time t, and γ ∈ [0,1] serves
as the discount factor.

B. Transformers Attention Mechanism

Transformers [12] have shown diverse applications in
language processing [30] and vision tasks [31]. Given a
sequence of input tokens X = {x1,x2, . . . ,xn}, where xi ∈Rd ,
a Transformer model, consisting of multiple layers, maps it to
an output sequence of tokens Z = {z1,z2, . . . ,zn}, where zi ∈
Rd . One of the most essential components in Transformer is
the scaled dot-product attention, which captures the interre-
lationship of input sequences. In an attention mechanism,
an input token representation X is linearly mapped into
query, key, and value representations, i.e., {Q,K,V} ∈Rn×d

respectively, which are learnable during training to compute
self-attention as follows:

Attention(Q,K,V ) = softmax
(

QKT
√

d

)
V. (1)

C. Decision Transformer

The Decision Transformer (DT) [14] treats offline RL as
a sequence modeling task. It trains autoregressive models
on pre-collected offline data in a purely supervised manner,
eliminating the requirement for computing cumulative re-
wards via dynamic programming. This enables DT to predict
future actions based on desired returns, past states, and
current actions. Leveraging a causally masked Transformer,
DT can straightforwardly generate optimal actions.

Given a trajectory τ of length T , the reward return at
timestep t is computed by Rt = ∑

T
t ′=t γ t ′−trt ′ . DT utilizes

three types of tokens: reward returns R= {R1, . . . ,RT}, states
s = {s1, . . . ,sT}, and actions a = {a1, . . . ,aT}. The policy
for DT can be trained by minimizing the loss between the
predicted actions and the ground-truth actions in a sampled
batch of data. Typically, DT uses the cross-entropy loss for
discrete action spaces and the ℓ2 loss for continuous action
spaces. In [14], the authors discuss how the Return-to-Go
(RTG) token affects the eventual return. However, in offline
safe RL, directly manipulating RTG can compromise safety
constraints. To address this, DT must incorporate both RTGs
for performance and additional safety constraint tokens to
ensure safe actions. Finding the optimal balance between
these tokens is crucial for safe and effective policy learning.

IV. METHODOLOGY

In this section, we introduce SO2-MADT, a simple yet
effective sequence model that tackles MARL challenges by
combining safety constraints within the offline pre-training
and online fine-tuning at the macro level using the STG
token. While at the micro level, we implement explicit
credit assignment using the Agent Prioritization Module. An
overview of SO2-MADT is shown in Figure 2.

A. The STG Token

To address the challenges of offline safe RL, we introduce
the concept of a Safety-To-Go (STG) token. The STG token
represents the remaining allowable risk before violating
safety thresholds. We formally define the STG token at time
step t as ST Gt = V − vt , where vt is the accumulated safety
violation up to that timestep, and V is the maximal safety
limit for a trajectory.

Predicting STGs during training helps the model learn
risk-aware representations, leading to proactive decision-
making that prioritizes safety within defined limits. In con-
trast to the dynamic STG token, we define a constant
safety limit V as the maximum allowable risk throughout
a trajectory. It acts as a crucial safety constraint, directing
agent actions to ensure that the cumulative risk during an
episode remains within predefined safety limits V . The STG
token is embedded and concatenated with the state and action
embeddings at each timestep to form the augmented input
Xaug,t for DT. This augmented input plays a crucial role
in updating the DT parameters, enabling the agent to make
decisions within safe operational bounds. The procedure for
inserting the STG token is shown in Algorithm 1.
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Fig. 2: Overview of SO2-MADT with STG Token for Safety Constraints at the macro level and Agent Prioritization Module
at the micro level

Algorithm 1 STG Token Integration for DT
1: Input: Batch of offline trajectories {τi}, Maximum safety limit

V
2: for each trajectory τ in {τi} do
3: for each timestep t in τ do
4: Calculate Safety Violation: vt = ∑

t
k=1 vk

5: Compute STG: ST Gt = V− vt
6: Embed STG Token: eST Gt = Embed(ST Gt)
7: Retrieve RTG and Embeddings for State and Action:
8: eRT Gt = Embed(RT Gt)
9: est = Embed(st)

10: eat = Embed(at)
11: Augment Input: Xaug,t = [est ,eat ,eRT Gt ,eST Gt ]
12: Update Parameters: Use Xaug,t to update DT parameters
13: end for
14: end for

B. Agent Prioritization Module

As discussed in Section II-C, discerning the individual
contribution of each agent is pivotal for effective learning
and coordination. To address this challenge, our model
implements an explicit credit assignment method by utilizing
the attention mechanism. Following the CTDE approach, we
incorporate a centralized critic within each agent’s network
to enhance learning. By combining these two designs, we
introduce the Agent Prioritization Module (APM), which dy-
namically identifies the most influential agents and actions to
maximize overall performance. Operating at the micro level,
this module facilitates granular performance improvements
within the multi-agent system and seamlessly integrates into
both the offline and online phases of our model.

1) Offline Pre-training: During offline pre-training, we
prioritize learning from actions that have the most significant
impact on outcomes within the historical trajectories. To
accomplish this, we integrate the attention mechanism into
the calculation of our advantage function A, as shown in
Algorithm 2. This mechanism dynamically identifies past
actions that contribute significantly to achieving long-term
rewards. We compute the attention weights αt by applying a
softmax function (σ ) to the dot product scores obtained from

the query and key representations of the agents’ actions and
states, thereby normalizing these scores across all actions
in the trajectory. We then formulate our attention-weighted
advantage function for influential actions as follows:

A(τ,at) = αt ∗ (Q(st ,at)−V (τ)) (2)

where τ represents the trajectory of past states, actions,
and rewards; αt is the attention weight for action at ; Q(st ,at)
is the Q-value representing the expected future rewards; and
V (τ) is the attention weighted value function.

At timestep t, the attention mechanism assigns weights αt
to each agent an’s action at , reflecting its relative importance
within the trajectory. These attention weights are then used
for calculating the contribution value c for the nth agent a:

can =
N

∑
t=1

A(τ,aan
t ) (3)

Here A(τ,aan
t ) represents the attention-weighted advantage

function, which quantifies the impact of agent an’s action
at in state st relative to the overall trajectory value V (τ),
accumulated over all time steps from t = 1 to N. We employ
contribution values can within the APM to augment the
decision-making process. The APM utilizes contribution val-
ues, represented by can scores, to rank agents and influence
the decision-making process. Agents with higher contribution
scores, indicate a stronger impact on team outcomes and are
prioritized in the action hierarchy. Agents with lower scores
take action later in the sequence, ensuring that all agents
remain actively engaged in the decision-making process.
This prioritization shapes the collective strategy, favoring
actions from agents that contribute most to team success,
thus enhancing collaborative performance.

To effectively balance the exploration-exploitation trade-
off and prioritize actions based on each agent’s contribution,
we utilize cross-entropy (CE) loss as follows:
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Fig. 3: Performance of SO2-MAD on the SMAC dataset compared to baselines on easy, hard, and super-hard maps. The
x-axis is the number of timesteps during training. The y-axis represents the average test win rate in percentage.

Algorithm 2 Offline Pre-training
1: Input: Offline dataset D
2: Initialize: Parameters θ for the Decision Transformer and n

number of agents, V as the safety threshold.
3: for each trajectory τ in D do
4: Integrate STG tokens into input sequence for explicit safety.
5: Compute safety function vt
6: for each timestep t in τ do
7: Compute advantage:
8: A(τ,at) = αt · (Q(st ,at)−V (τ))
9: Assign attention weights to each agent an

′s action
10: Compute contribution value:
11: can = ∑

N
t=1 A(τ,aan

t )
12: end for
13: Predict next action at+1
14: Update θ using cross-entropy loss LCE(θ)
15: end for
16: return θ

LCE(θ)=
1

CL

[
CL

∑
t=1

P(at) logP(ât |τt ;θ)+λ

N

∑
i=1

max(0,V− vi)

]
(4)

where CL represents the context length, at and ât denote
the ground truth action and predicted action respectively; λ is
the regularization parameter, while max(0,V−vi) represents
the penalty. This CE Loss guides the model toward accurate
predictions and enforces predefined safety constraints.

2) Online Fine-tuning: Transitioning from offline training
to online fine-tuning often leads to performance degradation.
To combat this, our approach focuses on improvements at the
micro level during the online phase. At the onset of online
fine-tuning, we initialize actors (πθ ) and critics (Vφ ) for
each agent. The actors are responsible for decision-making,
while the critics evaluate the collective consequences of these
decisions, providing a holistic view of the environment. As
the agents interact with the environment, any instances of
safety violations vt are meticulously recorded and utilized to
update the STG token. This iterative adjustment serves as a
crucial feedback loop for each episode, allowing the model
to re-calibrate its actions in real time.

The core of the online fine-tuning process involves updat-
ing the policy network. We employ our stable and efficient
PPO algorithm, outlined in Algorithm 3. The policy network
π is updated through a gradient ascent step to maximize the
expected rewards, attentively weighted by the past impact of

Algorithm 3 Online Fine-tuning
1: Input: Offline dataloader D, Pretrained policy with parameters

θ

2: Initialize: Actor πθ , critic Vφ , and safety threshold V
3: for each episode received from the environment do
4: Initialize STG for the episode as ST G
5: for each timestep t do
6: Execute at from πθ ,
7: observe rt ,st+1,and safety violationvt
8: Update STG based on vt and ST Gt
9: Calculate advantage A(τ,aa

t )
10: Assign attention weight αa

t
11: Update θ using advantage and attention-weight:
12: θ ← θ +η∇θ logπθ (a

an
t | st)A(τ,a

an
t )

13: Minimize MSE loss Lφ to update φ , ensuring safety:
14: Lφ = 1

2 ∑t(Rt −Vφ (st ,ST Gt))
2

15: end for
16: end for
17: return θ ,φ

actions. The mathematical expression for the policy update
is as follows:

θ ← θ +η∇θ

N

∑
t=1

α
logπθ (a

an
t |st )A(τ,a

an
t )

t (5)

Here, η represents the learning rate; ∇θ denotes the
gradient to the policy parameters θ ; αt is the attention
weight for agent an’s action at at time t; and A(τ,aan

t ) is
the advantage function, evaluating the quality of the action
taken in the given state. The MSE loss function enhances the
agent’s policy by selecting actions that not only maximize
expected rewards but also adhere to safety constraints.

V. EXPERIMENTS AND RESULTS

To evaluate the proposed SO2-MADT, we conduct ex-
periments on two widely used MARL benchmark datasets:
the StarCraftII Multi-agent Challenge (SMAC) [16] and
the Multi-agent MuJoCo (MAMuJoCo) [15]. The proposed
model is implemented with the Pytorch 1.5.0 and tested on 4
NVIDIA Tesla P100 GPUs. We use the original hyperparam-
eters from baseline publications to ensure a fair comparison.

A. StarCraftII Multi-agent Challenge (SMAC) Dataset

The SMAC is a benchmark designed specifically to eval-
uate cooperative MARL algorithms. Leveraging the intri-
cate dynamics of the real-time strategy game StarCraft II,
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Walker 2x3 Walker 3x2 Walker 6x1

Fig. 4: Mean performance of SO2-MADT on Mutli-agent MuJoCo dataset. The shaded region shows the interquartile range.
The x-axis is the number of environmental time steps while The y-axis represents average episode rewards.

SMAC comprises a series of maps, tailored to rigorously
test MARL algorithms. Within SMAC, a MARL algorithm
commands one group of units, while a built-in heuristic
AI controls the opposing group. The scenarios included in
SMAC are configured with diverse initial unit placements,
types, numbers, and terrain obstacles, in which each agent is
endowed with a set of actions. Additionally, a shared reward
system is implemented, where the reward of each agent is
calculated based on the cumulative damage dealt weighed
against the damage received. In the SMAC benchmark, safety
constraints require agents to avoid friendly fire, manage
resources effectively such as focus fire, and maintain safe
positions on the battlefield to prevent unnecessary losses. For
comparative performance analysis, we conduct experiments
with MADT [21] an offline MARL approach pre-trained
and integrated with DT for online evaluation, COMA [27]
a counterfactual credit assignment method for multi-agent
cooperation, MAPPO [38] the pioneering approach applying
PPO directly in MARL, and BCQ-MA [39] a multi-agent
extension of the Batch Constrained Q-learning algorithm.

B. Multi-agent MuJoCo Dataset

We selected the MAMuJoCo benchmark suite to assess
our method in complex multi-agent control environments
thoroughly. MAMuJoCo’s tasks involve controlling distinct
components of simulated robots, underscoring the necessity
for tailored policies for each agent’s role. Our method,
which combines sequential modeling with explicit credit
assignment, is well-suited for this challenge. The attention-
based credit assignment mechanism precisely identifies in-
fluential actions, enabling the isolation of individual reward
signals for accurate assessment, and ensuring focused policy
updates. In the MAMuJoCo benchmark, safety constraints
include unsafe states and actions, such as agent-specific
velocity thresholds and coordinated joint movement to avoid
collisions. For experiments on MAMuJoCo, we compare
our approach with MAPPO [38]; the same baseline as
in SMAC, MAPPO-L [40] which incorporates Lagrangian-
based constraints to promote adherence to specified limits,
and MADDPG [41] an approach employing a centralized
critic with decentralized actor-learners to enhance learning
stability. Additionally, we include HAPPO-S2MIA [42], the
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current state-of-the-art method based on the HAPPO algo-
rithm, showcasing superior performance in MARL environ-
ments using the MAMuJoCo dataset.

C. Results

We evaluated our model on the SMAC dataset across four
different battle maps: an easy map (2s3z), a hard map (3s5z,
2c vs 64zg), and a super-hard map (MMM2). The agents un-
derwent training for 30 million environmental steps, and the
results are depicted in Figure 3. Our approach consistently
demonstrated robust performance across various difficulty
levels, ranging from easy to super-hard maps. Our method
showcased superior performance compared to established
algorithms such as COMA, MAPPO, and BCQ-L in the
hard and super-hard categories, while remaining comparable
to MADT. Unlike MAPPO, which relies on parameter-
sharing as a primary mechanism, our approach achieves these
results by leveraging stringent safety constraints while still
maintaining or surpassing comparative performance levels.
It is noteworthy that our safety-constrained model initially
exhibits a slower learning curve, particularly in ’hard’ and
’super hard’ scenarios. This cautious approach arises from its
careful navigation of safety constraints and prioritization of
safe strategies. However, as training progresses, our explicit
credit assignment mechanism continually enhances decision-
making, resulting in a significant performance boost and
higher win rates compared to alternative approaches.

On the MAMuJoCo dataset, we conducted extensive test-
ing across nine tasks within the Walker, HalfCheetah, and
Ant scenarios. Agents undergo training for 10 million envi-
ronmental steps, with the results illustrated in Figure 4. The
plots demonstrate that our model outperforms nearly all state-
of-the-art (SOTA) works except for HAPPO-S2MIA. This
discrepancy primarily arises from HAPPO-S2MIA’s absence
of explicit safety constraints, which enables more aggressive
early learning. Conversely, our safety-constrained model
demonstrates a slower initial learning phase. However, as
learning progresses, our approach achieves superior average
episode rewards compared to most state-of-the-art (SOTA)
methods, closely approaching the performance of HAPPO-
S2MIA. Particularly noteworthy is our model’s surpassing
performance in the Ant 8x1 and Walker 6x1 scenarios, pre-
sumed to be more complex due to the increased dimensions
of the task. Additionally, we observed that the inclusion of
safety constraints does not impede the model from achieving
high average episode rewards. This is evident in scenarios
such as Walker 3x2 and HalfCheetah 2x3, where our model
performs comparably with HAPPO-S2MIA.

Overall, our SO2-MADT demonstrates a strong ability to
balance safety considerations with the capacity to learn high-
reward policies effectively. The results highlight our model’s
robust generalization across various scenarios in the dataset.

VI. ABLATION STUDY

We conduct ablation studies to assess the effectiveness of
safety constraints (SC) and explicit credit assignment (ECA)
in our model. We begin by pre-training our model on a

Fig. 5: Ablation results on 5m vs 6m hard map for demon-
strating the effectiveness of SC and ECA in MARL.

5m vs 6m (hard map) and then fine-tuning it online on the
same map. Figure 5 demonstrates that our model achieves the
best performance when incorporating both safety constraints
and explicit credit assignment. Conversely, the absence of
either safety constraints or explicit credit assignment results
in inferior performance and unstable convergence, validating
the necessity of each component.

VII. LIMITATIONS

While SO2-MADT represents a significant advancement
in safety-constrained MARL, several areas warrant further
exploration to enhance its application and efficacy. Firstly,
more experiments are needed to assess SO2-MADT’s scal-
ability, especially in scenarios with an exceptionally large
number of agents. Secondly, despite its proven practicality,
additional experiments would help validate SO2-MADT’s
adaptability to extreme environments. Furthermore, conduct-
ing tests in the absence of direct inter-agent interaction may
provide additional validation in challenging communication
environments. Addressing these uncommon challenges can
strengthen the robustness and applicability of SO2-MADT,
leading to a more comprehensive and effective methodology.

VIII. CONCLUSIONS

SO2-MADT significantly advances safety-constrained
multi-agent reinforcement learning (MARL), establishing a
new standard by integrating safety constraints at both macro
and micro levels, along with a robust explicit credit assign-
ment mechanism. This innovative approach not only ensures
that agents operate within predefined safety parameters but
also enhances their overall performance. The implications of
this research are profound, particularly in safety-critical do-
mains such as autonomous vehicle navigation and advanced
robotics. Moreover, the proposed SO2-MADT can handle
future complex scenarios by incorporating novel context-
aware safety constraints and diverse agent architectures,
demonstrating great extensibility.
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