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ABSTRACT

Ad Hoc Teamwork (AHT) addresses the challenge of designing agents capable of
coordinating with novel partners without prior coordination. However, progress
in the field is currently hindered by the lack of a systematic evaluation framework
and the prohibitive computational cost of generating diverse populations of train-
ing and evaluation partners. In this work, we introduce JaxAHT, the first open-
source, JAX-based library designed to accelerate and standardize the AHT re-
search lifecycle. Leveraging the hardware acceleration and massive parallelization
capabilities of JAX, the library provides a unified pipeline for teammate genera-
tion, AHT agent training, and evaluation against unseen teammates. JaxAHT pro-
vides native integration with standard AHT research environments. Preliminary
experiments demonstrate that our implementations achieve significant wall-clock
time speedups compared to PyTorch counterparts while successfully reproducing
established performance hierarchies on held-out evaluation teammates. The code-
base is available at https://github.com/LARG/jax-aht.

1 INTRODUCTION

Truly autonomous agents operating in the real world must possess social intelligence to work with
other agents in shared environments. Ad Hoc Teamwork (AHT) formalizes this challenge by re-
quiring agents to coordinate effectively with teammates whose behaviors are unknown (Stone et al.,
2010). Unlike traditional multi-agent reinforcement learning (MARL), where agents may learn
about each other through co-training, AHT agents must adapt on the fly to novel partners—–a capa-
bility essential for real-world deployment in search-and-rescue operations and human-robot manu-
facturing (Mirsky et al., 2022).

Despite its importance, AHT research faces three critical bottlenecks. First, computational cost
severely limits research iteration and rigor. The AHT research lifecycle requires generating diverse
teammate populations, training ego agents against generated teammates, and evaluating against an
unseen set of teammates (Rahman et al., 2023; Papoudakis et al., 2021). These stages are computa-
tionally prohibitive under standard PyTorch frameworks, forcing researchers to use small teammate
populations for both training and evaluation, that has limited algorithm development (Wang et al.,
2025) and compromised evaluation quality (Agarwal et al., 2021). Second, lack of standard eval-
uation teammates leads researchers to design their own evaluation teammates, raising questions
of evaluation thoroughness and making results non-comparable across publications (Mirsky et al.,
2022). Finally, the lack of standardized benchmark implementations combined with the complexity
of the AHT research lifecycle forces researchers to perform time-intensive orchestration of algo-
rithm implementations from various sources, creating a high barrier to entry.

In this work, we introduce the first release of JaxAHT, a JAX-based library that addresses all
three bottlenecks. By leveraging JAX’s hardware acceleration and massive parallelization capabili-
ties (Bradbury et al., 2018), JaxAHT provides a unified and accelerated AHT training and evaluation
pipeline, and an initial suite of diverse evaluation teammates. Preliminary experiments demonstrate
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significant wall-clock speedups compared to PyTorch implementations while reproducing estab-
lished performance hierarchies on heldout evaluation teammates. By reducing computational bar-
riers and providing standardized evaluation protocols, JaxAHT enables rigorous, large-scale AHT
studies that were previously intractable. All code, pre-generated teammates, and benchmark results
are open-sourced.

2 RELATED WORK
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Figure 1: JaxAHT Library. JaxAHT supports all
three stages of AHT research: 1) generate diverse
policies to be used as partners for AHT agent
training; 2) training an AHT agent; 3) evaluation
of AHT agents with unseen teammates.

We provide a brief overview of benchmarks and
evaluation in AHT and metrics, as well as JAX-
based reinforcement learning (RL) libraries.

Benchmarks and Evaluation for AHT.
While environments like Overcooked (Carroll
et al., 2019a) and Hanabi (Bard et al., 2020)
are widely used, AHT has few benchmarks and
recommended evaluation standards (Mirsky
et al., 2022). Wang et al. (2024b) introduced
ZSC-Eval, proposing Best-Response Diversity
for partner selection and Best-Response Prox-
imity for measuring generalization. However,
this benchmark remain computationally ex-
pensive, limiting the scale of evaluation. Our
work complements ZSC-Eval by providing
JAX-accelerated infrastructure that makes
large-scale systematic evaluation tractable.

JAX-based RL Libraries. JAX (Bradbury et al., 2018) enables GPU-accelerated high-
performance numerical computing and large-scale machine learning through JIT compilation and
auto-vectorization. The PureJaxRL paradigm (Lu et al., 2022) demonstrated that end-to-end JAX
implementations in which environments, policies, and training loops all execute on GPUs, can
achieve over 1000× speedups compared to conventional, PyTorch-based approaches, when run-
ning many environments and seeds in parallel. PureJaxRL provides minimal, single-file imple-
mentations of core RL algorithms (i.e., PPO, DQN) that are fully JIT-compiled and vectorizable.
NiceWebRL (Carvalho, 2025) extends JAX environments to web-based human subject experiments,
enabling human-AI interaction studies. JaxMARL (Rutherford et al., 2024) brought the benefits
of JAX to MARL, providing JAX implementations of environments and algorithms (i.e,. QMIX,
MAPPO, VDN) with up to 12,500× speedups when vectorized. Jumanji (Bonnet et al., 2023) offers
a suite of JAX-based environments to enable faster iteration and large-scale experimentation while
simultaneously reducing complexity. However, no existing JAX library addresses AHT. JaxAHT
fills this gap with the first end-to-end JAX framework for the complete AHT research lifecycle.
3 JAXAHT LIBRARY

As described in Section 1, the AHT community faces critical research bottlenecks caused by the
lack of an high-performance benchmark with standardized algorithm implementations and evalu-
ation teammates. JaxAHT addresses these problems by providing a library with JAX-accelerated
algorithms and environments to support all stages of the AHT research lifecycle, and a standardized
evaluation set of teammates. We describe the library structure and design philosophy, followed by
the algorithms and environments, and finish with the evaluation teammates and metrics.

Library Structure and Design Philosophy We identify three main algorithm types used in AHT
research: teammate generation algorithms, AHT agent training algorithms, and multi-agent rein-
forcement learning algorithms (MARL). The first two are types of AHT algorithms, while MARL
algorithms are useful for training best-response partners against AHT agents, generating teammates,
or designing new AHT algorithms. Research on one algorithm type often requires others for train-
ing or evaluation; for instance, evaluating a teammate generation method requires an AHT agent
training method. JaxAHT provides a unified interface for these procedures, enabling research on
individual components or their combinations.

To facilitate fast iteration and clean code, we take inspiration from the single-file model used by
JaxMARL and CleanRL, but minimally modularize the code. Algorithms are implemented in single
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Environment Source Eval Teammates Variants
Level-Based Foraging Jumanji ✓ 7x7 grid, fully observed
Overcooked-v1 JaxMARL ✓ Asymmetric Advantages

Coordination Ring
Counter Circuit
Cramped Room
Forced Coordination

Table 2: JaxAHT Environments. Overview of cooperative domains supported by JaxAHT.

files to enable researchers to easily understand and extend existing methods. However, the agent
and population interface is shared across all methods, allowing agents trained by one algorithm
to be easily used by another—a common AHT research workflow. Modularization is restricted to
environments, agents, and populations, cleanly interfacing algorithm types while placing most logic
within single files. The library also supports hydra configuration management (Yadan, 2019) and
WandB logging (Biewald, 2020), facilitating reproducibility and research collaboration.

With these components, JaxAHT supports AHT algorithms outside the conventional two-stage
framework. We implement open-ended AHT algorithms, an emergent paradigm that generates team-
mates and ego agents in a single, unified procedure (Wang et al., 2025). These algorithms rely on
building blocks from the basic library structure, such as agent and population architectures, and on
MARL procedures to train best-response agents.

Category Algorithm
Ego Agent Training PPO (Schulman et al., 2017)

LIAM (Papoudakis et al., 2021)
MeLIBA (Zintgraf et al., 2021)

Teammate Generation FCP (Strouse et al., 2021)
BRDiv (Rahman et al., 2023)
LBRDiv (Rahman et al., 2024)
CoMeDi (Sarkar et al., 2023)

MARL IPPO (Yu et al., 2022)
Open-Ended Training ROTATE (Wang et al., 2025)

Table 1: JaxAHT Algorithms.

Algorithms and Environments
Table 1 summarizes the algo-
rithms currently implemented in
the library, while Table 2 pro-
vides an overview of supported
environments. As this work is
preliminary, we plan to expand
the library with additional meth-
ods and domains.

For teammate generation, we in-
clude Fictitious Co-Play (FCP;
Strouse et al., 2021), which gen-
erates diverse teammates by varying the seed, and population-based algorithms using adversarial
diversity objectives, such as BRDiv (Rahman et al., 2023) and CoMeDi (Sarkar et al., 2023). For
AHT agent learning, we support PPO (Schulman et al., 2017), and the agent modeling methods
LIAM (Papoudakis et al., 2021) and MeLiBA (Zintgraf et al., 2021), which extend PPO to explicitly
learn teammate models to identify characteristics important for successful coordination.

For environments, we leverage the growing ecosystem of hardware-accelerated RL environments
by building upon JAX-based re-implementations of commonly used AHT environments (Bonnet
et al., 2023; Rutherford et al., 2024). We selected environments for their prevalence in AHT re-
search and their ability to support diverse cooperative conventions. Currently, the codebase supports
Level-Based Foraging (LBF) from Jumanji (Albrecht & Ramamoorthy, 2013; Bonnet et al., 2023)
and Overcooked from JaxMARL (Carroll et al., 2019b; Rutherford et al., 2024), with wrappers to
integrate seamlessly with the learning algorithms.

Evaluation JaxAHT facilitates evaluating AHT agents by providing evaluation teammates for the
included environments and an evaluation script using rliable to generate performance metrics
following best practices (Agarwal et al., 2021). Following existing AHT evaluation practices, the
evaluation teammates are divided into two types: human-designed heuristics (Rahman et al., 2024;
Albrecht & Stone, 2017) and algorithmically generated teammates (Papoudakis et al., 2021; Wang
et al., 2024a). JaxAHT computes normalized returns based on estimated lower and upper bounds for
best possible per-teammate coordination performance, and 95% bootstrapped confidence intervals.

The heuristic teammates are designed to require specific cooperative behaviors from the ego agent to
maximize team return. In LBF, teammates are planning-based agents that deterministically collect
apples in a specific order. In Overcooked, heuristics execute pre-programmed roles agnostic to
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layout with collision-avoidance logic. For example, the ”onion” heuristic collects onions and places
them in non-full pots, requiring a teammate to plate and deliver dishes.

The generated teammates were created using IPPO and BRDiv (Yu et al., 2022; Rahman et al.,
2023). IPPO teammates are trained in self-play with varied seeds and reward shaping to create
diverse teammates (Strouse et al., 2021), though they are relatively straightforward to cooperate
with and therefore may not allow fine-grained differentiation between AHT agents. BRDiv uses an
adversarial diversity objective that trains teammates to cooperate well only with their approximate
best-response partners within the population, driving discovery of diverse teamwork conventions.
Thus, BRDiv teammates pose a distinct coordination challenge compared to IPPO teammates.

4 EXPERIMENTAL RESULTS

This section reports preliminary experimental results generated by the JaxAHT library. The experi-
ments investigate two questions: (1) What is the improvement in wall-clock time for the JAX-based
AHT algorithms and environments, compared to their PyTorch counterparts? (2) How well does
each ego agent training algorithms generalize to the JaxAHT evaluation teammates?

Algorithm PyTorch JAX
LIAM (1 seed) 40m 27s 08m 22s
BRDiv (1 seed) 44m 18s 01m 46s
LIAM (3 seeds) – 09m 10s
LIAM (10 seeds) – 12m 17s

Table 3: Wall-clock time comparison of Py-
Torch and JAX implementations. BRDiv (a
teammate generation algorithm) and LIAM (an
AHT agent training algorithm) are compared
while using GPU on LBF. JAX runtimes include
the JIT compilation time.

Wall Clock Time Comparison. To evaluate
the improvements generated by our library’s
end-to-end JAX pipeline over default PyTorch
implementations, we performed a wall-clock
comparison of representative algorithms in Jax-
AHT versus their original PyTorch implemen-
tations (Table 3). For fair comparison, all com-
parisons are performed with identical hardware
and 8 environments, which is a relatively small
number. These conditions actually favor the
standard PyTorch implementations, whose abil-
ity to parallelize environments is bounded by
the number of CPU threads. 1

Even under these conditions, Table 3 demonstrates that there is a 5x runtime improvement by JAX
over PyTorch. Our JAX implementations also support substantial parallelization across seeds, with
minimum runtime cost on the same hardware configuration. In comparison, parallelizing PyTorch
implementations across seeds is typically done by parallelizing across servers, or with Python multi-
processing, which is bound by the number of CPU threads. This will support increasing the number
of trials in AHT experimental evaluation, which currently, is limited to 3-5 trials.

Comparing AHT Agent Algorithm Performance. We compare the AHT agent algorithms pro-
vided in JaxAHT. The results indicate that the implemented algorithms achieve performance consis-
tent with that reported in their original publications and exhibit the expected performance hierarchy,
PPO < LIAM < MeLiBA (Fig. 2). LIAM is expected to perform better than PPO, due to its explicit
agent modeling auxiliary objective. In turn, MeLiBA is expected to improve upon LIAM as it im-
proves the agent modeling by combining meta-learning with sequential and hierarchical variational
auto-encoders. All algorithms were trained for 3 million timesteps with identical training partners
and evaluated against the heldout set of evaluation teammates provided by JaxAHT (see Section 3).

5 CONCLUSION

LIAM MeLiBA PPO0.0

0.2

0.4

0.6

0.8

M
ea

n 
Re

tu
rn

s (
No

rm
al

ize
d)

Level-Based Foraging

Figure 2: AHT Agent Algorithm
Comparison.

This paper presents the initial release of JaxAHT, the first JAX-
based, open-source library for AHT. Preliminary experimen-
tals demonstrate that our GPU-accelerated implementations
significantly alleviate the computational bottleneck of AHT re-
search, achieving an approximately 5x speedup in wall-clock
training time compared to equivalent PyTorch baselines. We
also benchmark the AHT agent training algorithms, reproduc-
ing the expected performance hierarchy where agent-modeling
approaches outperform non-modeling baselines on the Jax-
AHT evaluation teammates.

1Note that the drastic speedups reported by similar benchmarks such as JaxMARL (Rutherford et al., 2024)
result from massive environment parallelization (typically several hundred), creating an unfair comparison.
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In future releases, we plan to include additional domains such as Hanabi (Bard et al., 2020) and
Overcooked-v2 (Gessler et al., 2025), and integrate additional AHT algorithms, such as MEP (Zhao
et al., 2023). As a unified, high-performance framework, JaxAHT aims to facilitate progress in AHT
by providing a simple starting point for researchers, benchmarking existing algorithms, and enabling
standardized evaluation.
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