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TLDR: Offine MARL is a nascent research

field that has, to date, been hampered by the lack
of standardised datasets to measure progress. To
address this, we provide a diverse collection of
high-quality multi-agent datasets with baselines.
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iInteractions with online MARL algorithms . For each scenario, we provide
three types of datasets. The dataset types are characterised by the quality of
the joint policy that generated the trajectories in the dataset. We use violin
plots to visualised the distribution of episode returns in the datasets.

Utilities for generating and analysing offline MARL datasets.
Standardised re-implementation of popular offline MARL algorithms.
Framework for developing novel offline MARL algorithms.

Website to store and distribute datasets.
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