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ABSTRACT

Being able to harness the power of large, static datasets for develop-
ing autonomous multi-agent systems could unlock enormous value
for real-world applications. Many important industrial systems are
multi-agent in nature and are difficult to model using bespoke simu-
lators. However, in industry, distributed system processes can often
be recorded during operation, and large quantities of demonstra-
tive data can be stored. Offline multi-agent reinforcement learning
(MARL) provides a promising paradigm for building effective online
controllers from static datasets. However, offline MARL is still in its
infancy, and, therefore, lacks standardised benchmarks, baselines
and evaluation protocols typically found in more mature subfields of
RL. This deficiency makes it difficult for the community to sensibly
measure progress. In this work, we aim to fill this gap by releasing
off-the-grid MARL (OG-MARL): a framework for generating offline
MARL datasets and algorithms.
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1 INTRODUCTION

Reinforcement learning (RL) has proven to be a powerful computa-
tional framework for sequential decision-making, both in single-
agent [2, 13, 19], and multi-agent autonomous systems [11, 17, 20].
However, training RL algorithms typically requires extensive online
interactions with an environment, making RL impractical for real-
world applications. More recently, the field of offline RL has offered
a solution to this challenge by bridging the gap between RL and
supervised learning, developing algorithms that can leverage large
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existing datasets of sequential decision-making tasks, to learn opti-
mal control strategies that can be deployed online [10]. Although
the field of offline RL has experienced a flurry of research interest
in recent years, the focus on offline approaches specific to the multi-
agent setting has remained relatively neglected, despite the fact
that many real-world problems are naturally formulated as multi-
agent systems (e.g. traffic management [23], a fleet of ride-sharing
vehicles [20], a network of trains [14] or electricity grid manage-
ment [8]). The importance of open-access datasets to the progress
we have seen in machine learning cannot be understated. Offline RL
research in the single agent setting has benefited greatly from the
now widely-adopted public datasets and benchmarks available such
as D4RL [3] and RL Unplugged [6]. It is essential that multi-agent
datasets follow suit since it is currently very challenging to gauge
the state of the field and reproduce results from previous work
without a common benchmark. Ultimately, to develop new ideas
that drive the field forward, a standardised repository of tasks and
baselines is required. To fill this gap we present OG-MARL, a frame-
work for dataset generation with baselines for cooperative offline
MARL. It is our hope that OG-MARL becomes an ever-growing,
evolving repository of offline MARL datasets, that helps foster the
development of new offline MARL algorithms, whilst also making
it easier for new researchers to enter the field.

2 A FRAMEWORK FOR OFFLINE MARL

In this section, we present our first contribution, OG-MARL as
a framework for generating offline MARL datasets. In order to
make the generation of datasets easier, we have developed a simple
Python package! that can be used to wrap any MARL environment
with minimal effort to record experiences for new datasets. In ad-
dition, we provide a website to host and distribute the OG-MARL
datasets?.

3 DATASETS

In this section, we describe our second contribution: a diverse suite
of datasets for cooperative offline MARL. We provide datasets for
several popular MARL benchmark environments including the
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Starcraft Multi-Agent Challenge (SMAC) [18], Multi-Agent Mu-
JoCo [16], Flatland [14] and environments from PettingZoo [21].
Together these environments cover a broad range of task character-
istics including: i) discrete and continuous action spaces, ii) vector
and pixel-based observations, iii) dense and sparse rewards, iv)
a varying number of agents (from 2 to 27 agents), and finally v)
heterogeneous and homogeneous agents.

Episode Returns

Poor Medium Good Poor

(a) SMAC 27m_vs_30m (b) MAMuJoCo 4-Ant

Figure 1: Violin plots of the probability distribution of
episode returns for selected datasets in OG-MARL. In blue
the Poor datasets, in orange the Medium datasets and in green
the Good datasets.

For each environment scenario, we provide three types of datasets:

Poor, Medium and Good. The dataset types are characterised by the
quality of the joint policy that generated the trajectories in the
dataset, which is the same approach taken by previous works such
as [6, 12, 15, 22]. In Figure 1) we provide violin plots to visualise the
distribution of expected episode returns for a sample of the datasets
in OG-MARL.

4 BASELINES

In this section, we describe the third contribution from this work:
a stable suite of offline cooperative MARL algorithm implemen-
tations. To date there have been a limited number of algorithmic
contributions in cooperative offline MARL, but we have included
implementations for most of them [15, 22]. In addition, we also
propose two new baseline algorithms for cooperative offline MARL:
QMIX [17] with Conservative Q-Learning [9] and QMIX with Batch
Constrained Q-Learning [4].

Table 1: An overview of cooperative offline MARL algorithms
from the literature grouped by the work that proposed them
as a novel algorithm or baseline.

‘ Algo Name ‘ Open-Sourced ‘ OG-MARL ‘

MABCQ [7]
MAICQ [22]
DOP+CQL
DOP+BCQ
OMAR [15]
ITD3+CQL
ITD3+BC
MATD3+CQL
MATD3+BC
OMIX+CQL
OMIX+BCQ

X X X N N[X% % \[%x

=
=
®

AN NN YR N

=
=
®

2443

AAMAS 2023, May 29-June 2, 2023, London, United Kingdom

5 BENCHMARKING

In this section, we present a sample of the results from the bench-
marking we performed using our baselines and the datasets in
OG-MARL. For each of the benchmarks, SMAC and MAMuJoCo,
we aggregate the results across all of the respective tasks using the
MARL-eval [5] tools. In Figure 2 we give the performance profiles
for the Good, Medium and Poor datasets.
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Figure 2: Performance profiles [1] for SMAC and MAMuJoCo.
Shaded regions show pointwise 95% confidence bands based
on percentile bootstrap with stratified sampling. BC (in blue)
is simple behaviour cloning,.

6 CONCLUSION

In this extended abstract, we provide a sample of the contributions
we made to the field of cooperative offline MARL in our full-paper,
which is available on ArXiv 3. The goal of this work was to highlight
the importance of cooperative offline MARL as a research direc-
tion in order to make progress towards applying RL to real-world
problems. We specifically focused on the lack of standardisation in
the field to date, where the absence of a common set of benchmark
datasets and baselines is a significant obstacle to progress. To ad-
dress this issue, we presented a set of relevant and diverse datasets
and baselines for offline MARL. It is our hope that the research
community will adopt OG-MARL as a framework for offline MARL
research and that it helps to drive progress in the field.

3https://arxiv.org/abs/2302.00521
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