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ABSTRACT
Ad hoc teaming (AHT) is an open challenge for multi-agent sys-
tems, in which an autonomous agent must successfully coordinate
with other unknown agents. Consider a search-and-rescue mission
where robots are deployed from different organizations and ex-
pected to cooperate with each other on the fly—these robots may
have different biases in how they achieve a given objective (e.g.,
risky vs. risk-averse search) or have different capabilities (e.g., sens-
ing vs. manipulation). Adapting to such differences would enable
agents to effectively and autonomously complete tasks where the
team is unknown prior to deployment. In this work, we leverage
reinforcement learning and develop a novel algorithm (GPAT) that
enables zero-shot coordination in AHTs. We then propose extend-
ing the GPAT algorithm to online adaptation settings. Finally, we
propose learning from existing complex coordinating systems, such
as air traffic, using inverse reinforcement learning. We hypothesize
that these learned reward functions can help gain insights into how
these systems coordinate and lead to better-informed AHT policies.
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1 INTRODUCTION
Ad hoc teaming (AHT) has been proposed as a challenge for multi-
agent autonomous systems, in which an agent must successfully co-
ordinate with other unknown agents [15]. The ability of intelligent
agents to collaborate effectively is crucial for many real-world appli-
cations, from autonomous robots performing coordinated tasks to
distributed sensor networks optimizing data collection. Multi-agent
reinforcement learning (MARL) is a powerful framework for train-
ing such agents. However, traditional MARL approaches often focus
on pre-defined teams with established communication protocols
and interaction histories. Classic MARL algorithms jointly train all
agents in the team together, whereas, in AHT, only a single agent
(the learner) is controlled [16], [13]. Generalizing to teammates the
learner hasn’t seen before is a crucial open problem for AHT [8].
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This work explores autonomous decision-making algorithms for
AHT agents through the following research questions:

(1) Zero-shot Coordination: How can AHT algorithms enable
effective coordination when teamed with unseen and un-
known teammates?

(2) Effective Adaptation: How can AHT algorithms quickly and
effectively adapt to varying teammate behaviors?

(3) Learning from Existing Coordinating Systems: How can we
leverage insights from existing coordinating systems to bet-
ter design AHT algorithms for the real world?

Addressing these research questions is expected to result in the
following contributions:

(1) AHT algorithms that account for diverse teammate behav-
iors, enable zero-shot coordination, and can effectively infer
and switch between complementary policies online.

(2) Demonstrations supporting the real-world applicability of
AHT algorithms developed through real multi-robot demos
and utilization of real-world aircraft data.

(3) Open-source, Gym-compatible infrastructure and software
for evaluation of AHT agents in popular domains.

2 AD HOC TEAMS
We modify the general formulation of MMDPs for AHT as follows.
Let a ∈ N be the learner (i.e., the agent whose policy we aim to opti-
mize) andN𝑢 =N \ {a} be the complementary set of all teammates
(i.e., uncontrolled agents). We assume that each teammate follows
a fixed policy, which is unknown to the learner. Teammate policies
may be suboptimal with respect to the team reward 𝑟 and the ad
hoc team considered due to, e.g., the teammates being trained for a
different task or with different teammates, or being humans and
having inherent biases towards different goals. We formally define
this model as an ad hoc MMDP.

Definition 1 (Ad Hoc MMDP). An ad hoc MMDP is defined by a
tuple𝑀 := ⟨S,N , a, {A𝑖 }𝑖∈N, 𝑝, 𝑟, {𝜋𝑖 }𝑖∈N𝑢 , 𝛾⟩, where a ∈ N is the
learner, N𝑢 =N \ {a} is the complementary set of teammates, and
𝜋𝑖 : S × A𝑖 → [0, 1] is the fixed policy of teammate 𝑖 .

We assume that the reward function, 𝑟 , is non-negative. Note that
any bounded reward can be transformed into a non-negative reward
because scalar addition renders the reward to be policy invariant.
We refer to an ad hoc MMDP𝑀 as an ad hoc team. The performance
of a learner policy 𝜋a in ad hoc team 𝑀 can be described by its
action-value function, 𝑄𝜋a,𝜋−a (𝑠, 𝑎a), where 𝜋−a is the joint policy
of all teammates induced by {𝜋𝑖 }𝑖∈N𝑢 . Our objective is to compute
an optimal learner policy, 𝜋a∗ . Optimizing a learner policy for an ad
hoc team𝑀 is equivalent to solving a single-agent Markov decision
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process with a transition function 𝑝 that captures the impact of
teammate policies 𝜋−a.

Assume we are given a partially specified ad hoc team 𝑀\N𝑢
=

⟨S, ·, a,Aa, 𝑝, 𝑟, ·, 𝛾⟩ and𝑚 possible ad hoc teammates {⟨A𝑖 , 𝜋𝑖⟩}𝑚𝑖=1.
Then let M be the set of possible ad hoc teams induced by those
teammates. Given such a set, we formalize our ZSC in AHT problem:

Problem1 (Zero-shot Coordination for AHT). LetM0 = {𝑀𝑖 }𝑛𝑖=1 ⊆
M be a given set of source AHTs with which the learner can pretrain.
Our objective is to synthesize an optimal learner policy 𝜋a∗

𝑛+1 for a new
AHT 𝑀𝑛+1 ∈ M \M0 by leveraging information from pretraining
on M0 but with no online learning with the new team𝑀𝑛+1.

3 AN ALGORITHM FOR ZSC IN AHT
We address the AHT problem defined in Problem 1 through two key
ideas. First, we use a GPI policy to dynamically leverage a library
of pretrained learner policies to coordinate with a new ad hoc
team with no online learning. This ability to dynamically leverage
policies without inference is important in scenarios where a learner
must use multiple pretrained skills to complete a task. We are also
motivated by the fact that a GPI policy guarantees improvement
over each library policy in single-agent zero-shot transfer settings
where dynamics are fixed and rewards are changed [3]. However,
in our setting, new ad hoc teammates induce new dynamics due
to their (potentially) different policies, while our team rewards are
fixed. To ensure policy improvement, one would need to perform
policy evaluation for each pretrained policy with respect to the new
ad hoc team, which requires many online samples.

We address this issue through our second idea—instead of having
GPI operate over value functions of pretrained policies evaluated
with respect to the team reward, we have it operate over value
functions with respect to the learner’s difference rewards. We hy-
pothesize that evaluating with respect to the learner’s difference
rewards emphasizes contributions of the learner towards the team
reward, which will then reduce the impact of the distribution shift
induced by the new AHT on the actions selected by the GPI policy:

𝜋a (𝑠) ∈ argmax
𝑎a∈Aa

max
𝑖∈{1,...,𝑛}

𝑄
𝜋a∗
𝑖

𝑖,Δ𝑟 a (𝑠, 𝑎
a) . (1)

Based on the ideas presented above, we propose an algorithm,
GPI for Ad Hoc Teaming (GPAT), to address ZSC in AHT.We empir-
ically demonstrate GPAT’s performance in a multi-agent foraging
environment inspired by [4, 7], a multi-agent predator-prey envi-
ronment as in [7, 18], and Overcooked [6, 17]. We assume linear
rewards for all environments, though we also consider a general
reward setting for foraging within our ablation study.

We perform experiments in varying difficulties of a coopera-
tive foraging environment, a predator-prey environment, and in
Overcooked. The results, presented in [12], suggest that GPAT can
effectively achieve ZSC when its library has at least some relevant
skills, but can struggle when there are no relevant skills in the
library. Additionally, GPAT is able to coordinate well with multi-
ple teammates and handle dynamic environments. In Overcooked,
GPAT significantly outperforms our baselines. Compared to other
environments, there is also a greater optimality gap between all
methods and the oracle policy, demonstrating the difficulty of the
task. Our ablation study emphasizes the necessity of difference

rewards for aligned value functions and effective policy switching.
Finally, we demonstrate our method in a real-world multi-robot set-
ting using Robotis Turtlebot3 Burgers in the foraging environment.

4 ONLINE ADAPTATION IN AHT
To guarantee policy improvement with GPI, we need to perform
policy evaluation with the new AHT due to the new dynamics in-
duced by the new teammates. Recall that we cannot perform policy
evaluation with GPAT because the learner’s pretrained SFs are not
valid for the new AHT. Instead, we propose extending Universal
Successor Feature Approximators (USFAs) [5], which leverage uni-
versal value functions and SFs in single-agent multitask RL transfer
settings. We train universal learner SFs that are additionally param-
eterized through the teammate policy:𝜓𝜋a,𝜋−a (𝑠, 𝑎a, 𝑒 (𝜋−a)). Here,
𝑒 is a policy-encoder that maps policies to vectors, 𝑧 ∈ R⋉. The GPI
policy for the learner is now defined as

𝜋a (𝑠) ∈ argmax
𝑎a∈Aa

max
z

𝜓𝜋a∗
𝑖 (𝑠, 𝑎a, z)⊤w (2)

Note that to use Equation (2) in practice, the learner must know
the AHT task, which is induced through teammate behaviours. We
propose using online samples from the new AHT to infer 𝑧 with
inverse reinforcement learning. We also derive theoretical results
for this method by extending the bound from [2] to AHT settings.

5 LEARNING FROM EXISTING SYSTEMS
We propose leveraging insights from existing, complex coordinat-
ing systems, such as air traffic, using inverse reinforcement learning
(IRL). The definition of a reward function for a task is crucial and
the most succinct description of the task [1]. However, defining
effective reward functions for complex scenarios remains a chal-
lenge. Instead of explicitly defining rewards, IRL algorithms aim to
infer the underlying reward function from expert demonstrations
or collected trajectory data [9]. This allows the agent to learn the
decision-making strategies employed by, for example, human pilots,
potentially leading to the development of more robust and adapt-
able AI systems for aviation applications. By learning the reward
instead through IRL, we can better capture the agent’s environment
and can improve transfer capabilities between different tasks as the
reward function is inherently more transferable than a decision-
making policy [14]. Using these recovered reward functions, AHT
agents can optimize better-informed policies. We review how IRL
has been leveraged for aviation applications in [10] and present our
work for learning reward functions from real aircraft trajectories
with multi-task IRL in [11].

6 DISCUSSION
This work explores autonomous decision-making algorithms for
AHT agents by investigating how to effectively coordinate with
unseen and unknown teammates in zero-shot settings. Ongoing
efforts and future directions include theoretically analyzing our
approach. We also discuss how GPAT can be extended to the online
adaptation setting by developing sample-efficient ways to update
pretrained policies and using inference for better adaptation to
teammates. Finally, we propose leveraging inverse reinforcement
learning to gain insights from air traffic, an existing complex coor-
dinating system, to then optimize better-informed AHT policies.
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