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ABSTRACT

Research in multi-agent reinforcement learning (MARL) has fo-
cused on developing algorithms to address challenges posed by
agents’ diverse goals, collaboration, and competition in complex en-
vironments. Extending these algorithms to Offline MARL (OMARL),
together with the utilization of large-scale offline datasets, has in-
creasingly been recognized as a promising approach toward safe,
efficient, and rapid deployment in real-world scenarios. However,
most existing studies train and evaluate OMARL in environments
primarily designed for game-based scenarios. As a result, the po-
tential of OMARL in domains such as robotics remains an open
question. To bridge this gap, we introduce GCMRBench, a goal-
conditioned multi-agent simulation environment tailored for dual-
arm robotic tasks and the evaluation of offline multi-agent algo-
rithms, thereby facilitating their deployment in practical robotic
applications.
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1 INTRODUCTION

In recent years, a growing number of researchers have focused on
multi-agent reinforcement learning (MARL) algorithms for solv-
ing complex cooperation tasks [1, 8, 9, 12, 17, 18, 21, 24]. One of
the key areas of focus within this domain is OMARL, which lever-
ages large-scale datasets to enable rapid and scalable deployment
[5, 6, 10, 13, 16, 19, 21, 22, 29-31]. This paradigm minimizes the
risks associated with online interactions, thereby improving the fea-
sibility and safety of applying MARL methods in practical scenarios.
However, the testing environments [14] for multi-agent algorithms
are often limited to game-based or discrete settings [4, 20, 24, 25, 28],
which pose challenges for evaluating their applicability in complex
real-world tasks. Moreover, these environments are typically de-
signed with fixed-step horizons that emphasize score maximization,
which weakly reflects the deployment capability of OMARL algo-
rithms in achieving success-oriented objectives under real-world
conditions. To address these issues, we propose GCMRBench, a
multi-agent environment designed for multi-robot collaboration
that departs from traditional game-based settings and provides suf-
ficiently realistic simulations of real-world robotic problems. The
environment includes a variety of dual-arm robot tasks, establish-
ing a task-oriented single and multi-agent framework, built upon
PyBullet simulation [3] and Gymnasium API [27]. Our environ-
ment (Figure 1) is developed based on panda-gym [7] platform and
comprises 22 dual-arm robot tasks, covering five categories: 1) Co-
operation, 2) Multi-Goal, 3) , 4) Competition, and 5)
Hybrid tasks. Further, a total of 56 datasets, including both offline
multi-agent and single-agent data, are provided to support compre-
hensive benchmarking with standard offline single and multi-agent
reinforcement learning algorithms (MABC [26], IICQ [30], MABCQ
[10], MACQL [11], InSPO [13], OMIGA [29]).

2 MULTI-ROBOT ENVIRONMENTS

In the design of our new environment, we incorporate relative
observability for each agent to accommodate MARL. The evalu-
ation protocol is task-oriented, with task success rate serving as
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Figure 1: GCMRBench is dedicated to simulating industrial robotic tasks. The platform illustrates the 22 designed environments
alongside their real-world robotic configurations. These environments are arranged from left to right and top to bottom,
corresponding to the order of task descriptions presented later. The last images show the suction-enabled end-effector and the
complete physical robot platform used for real-world experimental validation.

the primary performance metric. The framework supports both
multi-agent and single-agent learning modes; in the multi-agent
setting, each robotic arm is treated as an independent agent. In
addition, human expert demonstrations are incorporated to guide
data collection. This environment includes 11 Cooperation tasks
(Reach, Push, Lift, Insert, Connect, Insert(Goal-Changing),
Connect(Goal-Changing), Stack, Window, Clamp, ReachAvoid),
3 Multi-Goal tasks (ReachSeq, PushSeq, PushButton), 3 Transi-
tion tasks (Handover, HandoverPush, AsynStack), 4 Competi-
tion tasks (Button, TicTacToe, CompetitionPush, Soccer) and
1 Hybrid task (Curling), totaling 22 environments.

3 BENCHMARKS AND ANALYSIS

In this work, we collect a total of 56 datasets for offline learning (sin-
gle and multi-settings). First, we use pretrained agents as experts to
generate noisy rollouts at each step, which is a common approach
for collecting expert data (Pre-trained Data). For medium-quality
data, we select suboptimal pretrained agents (with success rates
between 30% and 60%) and apply the same noisy rollout procedure.
For poor-quality data (Random Data), actions are generated uni-
formly at random. We also mix the data with expert and poor data
as Mixed Data to be used as medium data for training. The final
type is Guided Data from human experts. We primarily use this
platform to evaluate offline multi-agent algorithms, selecting the
aforementioned algorithms. A subset of the results is presented
here, as shown in the Table 1. Based on the overall performance,
OMIGA and InSPO demonstrate significant advantages. They not
only achieve strong performance on high-quality datasets but also
exhibit superior data-exploitation capability on medium-quality
datasets. We also observe training instability, characterized by oscil-
lations in success rates and performance degradation after the peak
success rate is achieved. In addition, we conduct benchmark evalu-
ations for online learning and single-agent learning, and perform
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Table 1: Performance comparison on selected environments.
Results (%) are reported as mean + sample standard deviation
over five random runs after 20k training episodes. (G: Good,
M: Medium, PT: Pretrained, Gui: Guided, Mix: Mixed.)

Environment Type MABC OMIGA InSPO
Lift G-PT  1.00£0.00 1.00£0.00 0.99+0.01
M-PT  0.42+0.07 0.45£0.06 0.48+0.08

. G-PT  0.9740.02 0.96+0.02 0.95£0.02
Insert(Goal-Changing)  \\ b1 (340004 0374007 0.6040.06
Reachs G-PT  0.90+0.04 0.88+0.06 0.65£0.13
cachseq M-PT  0.34%0.16 0.4520.16 0.49+0.23
CompetitionPush G-PT  1.00£0.00 1.00£0.00 1.00%0.00
3 M-PT  0.59+0.05 0.60£0.08 0.71+0.04
AsvaStack G-Gui 0.83£0.27 0.76£0.42 0.40+0.34
4 M-Mix 0.18£0.13 0.12£0.10 0.12+0.16

inference tests on real robotic systems [2, 15, 23]. The complete
code, full paper contents, and all datasets will be open-sourced in
the future.

4 CONCLUSION

This work introduces GCMRBench, the first task-oriented multi-
agent simulation platform and dataset focusing on close to real-
world robotic tasks. The known OMARL algorithms achieved Satis-
factory results in offline settings compared to other benchmarks
baselines, demonstrating the reliability of the simulation environ-
ment, datasets, and algorithms. However, the behavioral diversity
of the datasets remains limited, the level of randomness in the en-
vironment may still be insufficient, and further research is needed
to enhance algorithmic performance within this environment.
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