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Abstract

Reinforcement learning algorithms enable Al agents to learn complex behaviors in
both single and multi-agent scenarios. However, significant challenges remain in how agents
can efficiently leverage knowledge produced by others and coordinate with unknown, diverse
teammates——particularly under realistic constraints such as limited demonstration data,
variable team compositions, and open-ended, non-stationary partner distributions. This dis-
sertation answers the following question: “How can reinforcement learning agents that
operate in a cooperative context with other agents learn from and with those
agents to efficiently solve shared tasks?” This dissertation approaches the question
along two complementary dimensions: (1) learning from other agents by leveraging demon-
stration data for improved sample efficiency, and (2) learning to coordinate with potentially
unknown teammates in cooperative settings. Addressing the first dimension, it introduces
an algorithm that enables RL agents to learn from suboptimal and limited demonstration
data. Addressing the second dimension, it introduces two novel problem formulations for ad
hoc teamwork (AHT): N-agent ad hoc teamwork (NAHT), which generalizes AHT to scenar-
ios involving a varying number of AHT agents and teammates, and a formulation of AHT
as an open-ended learning problem. To provide a unified answer to the primary question,
this dissertation presents three contributions that address both angles of the thesis question.
First, it introduces a decentralized multi-agent reinforcement learning algorithm that relies
upon team demonstrations to encourage convergence and improve sample efficiency. Second,
it provides an algorithm for NAHT that leverages data generated by unknown teammates
to improve sample efficiency of learning. Third, it introduces the first hardware-accelerated
benchmark for AHT, with evaluation grounded in human behavioral data. This dissertation
advances the field of multi-agent reinforcement learning by bridging the study of learning
from demonstrations and coordination with unknown teammates, with the broader goal of
developing Al agents capable of flexible and collaborative problem-solving alongside humans
and other agents in the real world.
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Chapter 1: Introduction

Artificial intelligence (AI) agents are becoming ubiquitous in everyday life, promising
to fundamentally alter how we work, interact, and communicate. The field has achieved
remarkable successes in designing both Al agents that demonstrate superhuman problem-
solving capabilities in narrow scenarios such as games and formal mathematics (Silver et al.|
2016; Vinyals et al., 2019; [Wurman et all 2022; Luong and Lockhart, 2025, and Al agents
that are generally capable and can automate components of human workflows within virtual
settings such as software development and web-based chat interfaces (OpenAl,|2022; | Buhler],
2025; [Srinivasan et al., [2025)).

Yet, the most impressive feats of human intelligence are rarely individual achieve-
ments. Humans have developed complex technologies and solved problems far beyond the
capabilities of any single person by learning from other humans, leveraging accumulated
cultural knowledge, and working with other humans toward shared goals (Henrichl 2016}
Brinkmann et al., 2023). This capacity to build on the knowledge and experience of others,
and to coordinate in large groups towards shared goals is a key driver of human progress. It
remains an open question how to design Al agents that participate in this communal problem-
solving process: agents that can leverage existing knowledge produced by other agents, and
that can interact with humans and other Al agents, to augment human problem-solving and
facilitate achieving shared goals (Shao et al., [2026D).

Reinforcement learning (RL) is a vital paradigm within AT for designing autonomous
agents, and has underpinned the reasoning capabilities of many modern Al systems (Silver
et al., 2016} Rafailov et al. 2024; Shao et al., 2024). Thus, this dissertation is grounded
within reinforcement learning, with a focus on multi-agent reinforcement learning (MARL),
and asks the following question:

How can reinforcement learning agents that operate in a cooperative context with other
agents, learn from and with those agents, to efficiently solve shared tasks?

I address this question along two complementary dimensions. First, by designing RL
and MARL algorithms that leverage trajectory data from other agents for improved sample
efficiency, thus enabling agents to learn from other agents (Dimension 1). Second, by de-
signing agents that can coordinate with unknown teammates to perform shared tasks (Stone
et al., |2010)), thus enabling agents to learn with other agents (Dimension 2).

Prior work has examined each of these angles in isolation, but typically in synthetic,
idealized settings that do not reflect the complexities of real-world multi-agent scenarios,
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and do not permit the desired flexible co-learning between Al agents and humans. The
imitation learning literature classically assumes access to a large quantity of demonstration
data from an expert (Zare et al., [2024)). Similarly, existing approaches to coordination with
unknown teammates typically consider a scenario where the agent has access to a fixed,
pre-specified population of training partners, and must coordinate with only a single partner
at a time (Mirsky et al., [2022)). Neither assumption holds in practice: in the real world,
expert demonstrations are sparse in number, while collaboration takes place with a varying
number of partners and in ever-evolving scenarios. Furthermore, the two research directions
have largely developed independently of one another. This dissertation bridges that gap,
motivated by a unified vision: Al agents that can flexibly acquire and share knowledge with
others, towards collaborative problem-solving with diverse, unforeseen teammates.

1.1 Contributions

This dissertation makes the following contributions.

1. Learning from Suboptimal Demonstrations via Reward Shaping. Reinforce-
ment learning allows an agent to learn to optimally perform a task specified by a reward
function, but faces the core challenge of poor sample efficiency. To improve the sample
efficiency of RL under realistic constraints, I consider the problem of accelerating RL
with access to a single, state-only, suboptimal demonstration. This dissertation intro-
duces D-Shape (Wang et al., 2023b), a method that uses ideas from reward shaping
and goal-conditioned RL to enable an agent to learn from such demonstrations in a
theoretically principled manner. We provide theoretical guarantees that D-Shape pre-
serves convergence to the optimal policy, and experimental validation in goal-based,
sparse-reward domains. This contribution addresses the learning from angle of the
thesis question (Dimension 1) by enabling RL agents to extract useful signal from a
small quantity of imperfect data that may have been produced by co-existing agents.

2. Decentralized Multi-Agent Learning via Distribution Matching. Cooperative
MARL methods rely heavily on centralized mechanisms or explicit communication to
ensure convergence. Further, they do not permit users to specify what type of behavior
the team should exhibit at convergence. This dissertation introduces DM? (Wang
et al., [2023a), a decentralized MARL algorithm in which each agent independently
minimizes the distribution mismatch to its component of a target visitation distribution
derived from joint expert demonstrations. I prove that independent minimization
of individual distribution mismatch is sufficient for convergence to the joint policy
that generated the target distribution, and empirically demonstrate improved sample
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efficiency. This contribution bridges both angles of the thesis question (Dimensions 1
and 2), by demonstrating that team-level demonstrations can simultaneously improve
sample efficiency and aid convergence of decentralized agents towards an equilibrium
specified by the team demonstration.

. N-Agent Ad Hoc Teamwork. The ad hoc teamwork (AHT) literature has predom-
inantly studied the two-agent case, where a single AHT agent must learn to coordinate
with a single unknown partner, a setting that does not reflect the flexible and open
nature of collaborations common in the real world (Eck et al., 2023). This dissertation
introduces N-Agent Ad Hoc Teamwork (NAHT) (Wang et al., 2024a), a novel problem
formulation that generalizes AHT to scenarios where a set of controlled agents must
cooperate with a dynamically varying number and type of uncontrolled teammates,
and establishes that AHT agents trained with the N = 1 scenario do not suffice to
solve N > 1 collaboration scenarios (i.e., the NAHT problem). By expanding the class
of scenarios addressed by AHT, this contribution addresses the learning with dimension
of the thesis question (Dimension 2).

. POAM: Policy Optimization with Agent Modeling for NAHT. Having estab-
lished the NAHT problem, a practical algorithm is needed that can adapt to diverse
and unknown teammate behaviors in NAHT scenarios. This dissertation proposes
POAM (Wang et all [20244), the first algorithm for NAHT, that uses learned repre-
sentations of teammate behavior to enable a variable number of controlled agents to
coordinate with a variable number of unknown partners, while additionally leverag-
ing trajectory data generated by uncontrolled training teammates to improve learning
efficiency. As such, this contribution addresses both Dimensions 1 and 2.

. Open-Ended AHT Classical AHT approaches train against a fixed, hand-designed
population of teammates, which limits behavioral coverage and ignores whether the
training partners are suitably challenging for the learning agent—a fundamental mis-
match with the open-ended, non-stationary diversity of partners encountered in the
real world. Towards an Al agent that can continually adapt to an open-ended stream
of new teammates, I reformulate AHT as a regret-driven, two-player game between a
teammate generator and an AHT agent. The teammate generator seeks to continually
generate teammates that target the current learning deficiencies of an AHT agent while
remaining learnable. On the other hand, the AHT agent must learn to coordinate with
the stream of generated teammates while remaining possible to coordinate with (Wang
et al., 2025a).

. ROTATE Naive optimization of the proposed regret-based objective leads to team-
mates that are challenging for an ego agent to learn with. This dissertation introduces
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ROTATE (Wang et al., [2025a), a practical algorithm to optimize the regret-driven
open-ended AHT objective that addresses this challenge. This contribution advances
the acting with angle of the thesis question (Dimension 2), by enabling robust and
continually improving coordination with an open-ended, nonstationary distribution of
teammates.

7. JaxAHT: A Hardware-Accelerated Benchmark for Ad Hoc Teamwork. Progress
in AHT has been impeded by the absence of a unified, computationally efficient
benchmark that enables fair comparison of algorithms and evaluation against real-
istic, human-like partners. This dissertation introduces JaxAHT, the first JAX-based,
hardware-accelerated benchmark for AHT, providing unified implementations of di-
verse AHT algorithm classes and standard evaluation environments. JaxAHT also
provides a diverse set of evaluation teammates, including those derived from human
gameplay data. This contribution advances both Dimensions 1 and 2 by providing the
research community with the infrastructure needed to scale and rigorously evaluate
AHT research and grounding the evaluation of generalized coordination ability in real
human behavioral data.

To summarize, Contributions 1-4 are published at AAMAS (Wang et al., 2023b),
AAAI (Wang et al., 2023a)), and NeurIPS (Wang et al., 2024a)). Contributions 5-6 appear as

an arXiv preprint (Wang et al., 2025a)), and Contribution 7 is available as a public software
release online (Wang et al., 2026b)) and published at the ICLR 2026 MALGAI Workshop.

Together, these contributions facilitate the development of Al agents that can operate
alongside other agents, such as humans, in the real world, augmenting humanity’s ability to
collectively solve problems that are intractable for any single person.

1.2 Reading Guide

This dissertation is organized as follows. Chapter [2] introduces the necessary back-
ground concepts and notation.

The first two contributions address the learning from dimension (Dimension 1) by
developing algorithms that leverage trajectory data produced by other agents to improve
sample efficiency. Chapter |3| presents D-Shape (Contribution 1), which accelerates single-
agent RL using a single, possibly suboptimal, state-only demonstration via potential-based
reward shaping. Chapterpresents DM? (Contribution 2), a decentralized MARL algorithm
that uses team demonstrations to improve convergence and sample efficiency. The remaining
contributions address the learning with dimension (Dimension 2). Chapter [5| presents N-
Agent Ad Hoc Teamwork (Contributions 3 and 4), a novel problem setting that generalizes
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cooperative MARL and AHT to scenarios where a controlled subteam must collaborate
with a dynamically varying number and type of uncontrolled teammates; it also introduces
POAM, the first algorithm for NAHT. Chapter |§| presents ROTATE (Contributions 5 and
6), which reformulates AHT as a regret-driven, two-player game and introduces a practical
algorithm for optimizing it. Chapter m presents JaxAHT (Contribution 7), an open-source,
JAX-accelerated benchmark for AHT research. Chapter [§ discusses related work. Chapter [J]
outlines directions for future work and concludes this dissertation.

For all contributions and papers described in this dissertation, I am a first author
and was involved in all aspects of the research. Aside from Chapter [2 which establishes
the background concepts and notation relied upon throughout, the remaining chapters are
largely self-contained and may be read in any order.
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Chapter 2: Background

This chapter establishes the conceptual frameworks, foundational algorithms, and
notation used throughout the dissertation. The first two sections address single-agent and
multi-agent reinforcement learning, each presenting both the underlying problem formulation
and a foundational solution algorithm that is used throughout the dissertation—Proximal
Policy Optimization (PPO; Schulman et al., [2017)). The final section formalizes the ad hoc
teamwork setting. Additional concepts are introduced in later chapters as needed.

2.1 Single-Agent Reinforcement Learning

Reinforcement learning (RL) studies how an agent can learn to make good sequences
of decisions via trial-and-error interaction with an environment (Sutton and Barto|, 2018).

2.1.1 Problem Formulation

We model single-agent sequential decision-making as a Markov Decision Process (MDP;
Puterman), [1994), defined by the tuple M = (8, A, P,r,7), where 8 is the state space, A is the
action space, P : 8§ x A — A(S8) is the transition dynamics of the environment, r : § x A — R
is the reward function, and v € (0, 1) is the discount factor. At each timestep ¢, an agent in
state s; € 8 selects an action a; ~ 7(- | s;) according to a stochastic policy 7 : 8§ — A(A), re-
ceives reward r, = r(s;, a;), and transitions to a next state ;41 ~ P(- | $¢,a¢). The objective
of reinforcement learning is to discover a policy 7 that maximizes the expected discounted

thn] : (2.1)

return:

J(m) =E,

2.1.2 Proximal Policy Optimization

Proximal Policy Optimization (PPO; Schulman et al., [2017)) is an on-policy, actor-
critic policy gradient algorithm. PPO maintains a policy, or actor, my parameterized by
¢, and a value function, or critic, V, parameterized by ¢. The critic estimates the state
value V7 (s) = E-[> 2 7're | so = s]. Additionally, it serves as a baseline that reduces the
variance of the policy gradient. At each iteration, PPO collects a batch of trajectories using
the current policy and computes, for each timestep, an advantage estimate via generalized
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advantage estimation (GAE;|Schulman et al., 2015):
At = Z<7A>l Ot O =T + VW (5t+1) — Voo (St)v (22)
1=0
in which 6, is the temporal-difference error and A € [0, 1] trades off the bias and variance of the
estimate. GAE also yields the target used to train the critic, the A-return V; = A, +V,,_,(s¢),
computed from the data-collecting critic parameters ¢qq.

Rather than taking a single gradient step per batch, PPO performs multiple epochs
of minibatch updates while encouraging each update to remain close to the data-collecting
policy via a clipped surrogate objective. Letting p,(0) = % denote the probability

1d

ratio between the updated policy and the data-collecting [o)olicy, the actor is trained to
maximize:

LeiP () = E(s.arses1)~m,,, [min (pt(@)At, clip(pi(6),1 —¢, 1+ E)At)i| ; (2.3)

in which € is a hyperparameter controlling the width of the clipping range, which acts as
a first-order proxy for a trust-region constraint on the policy update. The clipping term
removes the incentive to move p, outside the interval [1 — €, 1 + €|, thereby preventing de-
structively large policy updates. The critic is trained concurrently to minimize the squared
error between its value estimates and the A-return targets:

LY (6) = Boyemy, |5 (Valst) = Vi)' (2.4)

Because the clipped objective tolerates multiple update epochs per batch of on-policy data,
PPO attains greater sample efficiency than vanilla policy gradient methods while retaining
stable updates.

2.2 Multi-Agent Reinforcement Learning

Multi-agent reinforcement learning (MARL) extends the single-agent setting to en-
vironments containing multiple agents that learn and act simultaneously, each potentially
affecting the others’ rewards and the evolution of the shared environment. We first define
the most general multi-agent setting, stochastic games, and then describe the special cases
of fully cooperative MARL and partial observability. Finally, we describe a simple extension
of PPO to the multi-agent setting.

2.2.1 Problem Formulations

As multi-agent learning is the focus of this dissertation, various problem formulations
are considered. Each is presented below.
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Stochastic Game A stochastic game (Shapley, [1953) with K agents is defined by the
tuple (K, 8, A, po, T, R,v), where § is a joint state space, A = A! x -+ x A is the joint
action space with A’ denoting the action space of agent i, py € A(8) is the initial state
distribution, 7' : 8§ x A — A(8) is the transition function, and R : 8 x A — R¥ is the joint
reward function. Each agent i acts according to a local policy 7 : § — A(A?). We denote
the joint policy as w = (7!,...,7%) and write 7w~ to denote the joint policy of all agents
except agent 1.

In a stochastic game, we seek a Nash equilibrium: a joint policy 7w* such that no agent
can improve their individual return by unilaterally deviating,

Ji(m* ) > Ji(7h, ™), VA, Vi (2.5)
A key concept in characterizing Nash equilibria is the best response operator: the best
response for agent ¢ given the policies of all other agents is BR(w ™) = arg max,.: J;(7', ).
A joint policy is a Nash equilibrium if and only if every agent plays a best response to its
teammates.

Decentralized MDP When all agents share a common reward function R' = R for all
i, the task is fully cooperative, forming a decentralized MDP (Dec-MDP; Bernstein et al.
2002)). Within this setting, the goal of MARL is to find a joint policy 7 that maximizes the
expected team return:

J(m) =E,

> 4 R(s:, at)] . (2.6)

Decentralized Partially Observable MDP In realistic, fully cooperative multi-agent

settings, agents cannot observe the full environment state and must instead act on local obser-

vations. This setting is formalized as a Decentralized Partially Observable Markov Decision

Process (Dec-POMDP; Bernstein et al., 2002)), defined by the tuple (K, 8, {0} | {A}E | po, T, 2, R, 7).
Here, O is the observation space of agent i, and Q : § x A — A(Ox - .- x OF) is the joint ob-

servation function. At each timestep, agent i receives a local observation o} ~ Q(- | s, a;_1).

Denoting H* as the space of local observation-action histories for agent 4, each agent acts

according to a policy 7' : H* — A(A?). The objective within a Dec-POMDP remains the

same as that of a Dec-MDP—to maxmize the sum of shared team rewards (Eq. [2.6).

2.2.2 Independent Reinforcement Learning

A direct generalization of single-agent reinforcement learning to the multi-agent set-
ting is independent reinforcment learning, in which each agent runs a single-agent algo-
rithm while treating the other agents as part of the environment (Tan, 1993). Independent
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PPO (IPPO; Yu et al., [2022b) instantiates this idea by training each agent ¢ with its own
PPO actor and critic (Section , using only agent i’s local observations and the shared
team reward. Independent learners face nonstationarity, because each agent’s effective en-
vironment changes as its teammates update their policies. Despite this challenge, IPPO
has been shown to be surprisingly competitive with centralized methods across a range of
cooperative MARL benchmarks (Yu et al., 2022b). To improve sample efficiency, IPPO
implementations commonly share a single set of network parameters across homogeneous
agents, a technique known as parameter sharing. IPPO serves as the decentralized base
algorithm for the methods presented in Chapters [4] [5 and [6]

2.3 Ad Hoc Teamwork

Ad Hoc Teamwork (AHT; [Stone et al., 2010) is the problem of learning to cooperate
effectively with previously unseen partners, without any opportunity for prior joint training
or explicit communication of strategies. We study AHT within the Dec-POMDP framework
(Section . In a K-agent Dec-POMDP, we designate agent i as the ego agent and the
remaining K — 1 agents as teammates. The learning algorithm controls only the ego agent’s
policy 7°°; the teammates execute fixed policies 7w~ drawn from an unknown distribution
over possible teammate strategies. The ego agent acts according to a policy 7°&° : H' —

A(A?) conditioned on its local history, enabling it to adapt to its current teammates online.

Let I1®"® denote the unknown set of joint teammate policies encountered at evaluation
time, and let ¢°'#(I1°) denote the unknown distribution over I1°?. The AHT objective is
to find an ego policy that maximizes expected team return under this evaluation distribution:

max E,—iyeval(reval [Z v R(s4, at)] : (2.7)

€80
t=0

Because 1" is unknown at training time, the ego agent must be trained against a surrogate
population of partners that is sufficiently diverse to cover the evaluation distribution. The
evaluation teammates are additionally assumed to be competent with respect to the team
reward (Stone et al} [2010); Chapter [6] formalizes this assumption (Section [6.1]).
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Chapter 3: Demonstration Shaped Reinforcement
Learning

This chapter presents Contribution 1 of this dissertation: D-Shape (Wang et al.|
2023b), a method that addresses the sample efficiency challenge of RL under constraints
on demonstration data. RL algorithms can learn optimal behavior with respect to a task
reward, but face high sample complexity, particularly in environments with sparse rewards.
It is natural to ask whether demonstration data can accelerate RL. However, a fundamental
difficulty arises when demonstrations are suboptimal: naive incorporation of imitation signal
can alter the optimal policy with respect to the task reward (Ng et al., [1999)). Moreover,
standard imitation learning assumes access to state-action pairs, yet in many scenarios, only
state observation data is available (e.g. learning from videos).

D-Shape addresses the problem of accelerating RL given a single, possibly suboptimal,
state-only demonstration. Drawing inspiration from imitation from observation (IfO; Torabi
et al., 2019b)) and goal-conditioned RL (GCRL; |Schaul et al., [2015), we use potential-based
reward shaping (Ng et al [1999) to guarantee that incorporating the demonstration does not
alter the task-optimal policy. D-Shape thus addresses the learning from dimension of the
thesis question (Dimension 1) by enabling RL agents to extract useful signal from a single,
imperfect demonstration produced by a co-existing agent.

env
S T%ask
ag

T task oal
[St,8§+1] Ttask' +th

agent

Figure 3.1: D-Shape’s interaction with the environment. The state s; and the task reward r{** originate

from the environment. The D-Shape policy acts on an augmented state consisting of the environment state
st and the demonstration state sf,;, which serves as the goal. The reward rtask is augmented with the

potential-based goal-reaching function F7°.
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3.1 Preliminaries

We build on the MDP formalism of Section [2.1], and distinguish the extrinsic task
task . 8§ x A x § — R from auxiliary rewards introduced by our method. The goal
is to maximize J(m) more efficiently by incorporating a single, state-only demonstration
D¢ = {s¢}L that may be suboptimal with respect to 7/***. While the extent to which

the demonstration improves sample efficiency may depend on its degree of suboptimality,
task

reward r

incorporating it should not alter the optimal policy with respect to r****—a desideratum

known as policy invariance (Ng et al., 1999).

Potential-based reward shaping. Given a potential function ¢ : 8 — R, the potential-
based shaping function F(s,s") = v¢(s")—¢(s) has the property that adding F' to any reward
function is a necessary and sufficient condition for policy invariance (Ng et al., 1999)). That
is, the set of optimal policies for the augmented MDP M’ = (8, A, P, r'** + F,v), coincides
with that of M.

Goal-conditioned RL. GCRL (Kaelbling, 1993; Schaul et al., 2015) considers the RL
problem in the context of a predefined set of goal states §. Rather than learning a policy for
a single task, the objective of GCRL is to learn a goal-conditioned policy 7 (- | [s, g]) that
can reach any goal g € §. A common choice for the reward function is the sparse indicator,
r{ = 1,—,, that signals when a goal has been reached.

Due to the challenges of learning under such sparse rewards, Andrychowicz et al.
(2017) introduced Hindsight Experience Replay (HER). HER relies on the insight that even
when a trajectory fails to reach its given goal g, its transitions are successful examples
of reaching the future states that the trajectory did visit. Formally, given a transition
([se, 9], a7, [S141, 9]), HER samples a set of goals from future states in the episode. For
each sampled goal ¢’, HER relabels the transition to ([s¢, ¢'], as, rfl, [si11,¢']) and stores it in a
replay buffer, from which an off-policy RL algorithm may learn. D-Shape uses demonstration
states as goals, which allows the goal to change dynamically over the episode rather than
remaining fixed, and adapts HER’s relabeling strategy to form a curriculum for reaching
those goals.

3.2 Method: D-Shape

D-Shape improves the sample efficiency of RL while leaving the optimal policy with
respect to the task reward unchanged, requiring only a single, possibly suboptimal, state-only
demonstration. The method is inspired by model-based imitation-from-observation (IfO)
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approaches (Pavse et al., [2020; [Paine et al., 2018) that rely on inverse dynamics models
(IDMs)—models that, given a current state and target state, return the action that induces
the observed state transition. In the context of GCRL, given a realizable sequence of states
that lead from a start state to a goal state, an IDM can compute the corresponding sequence
of actions necessary to reach the goal, thereby acting as a goal-reaching policy. D-Shape
does not assume access to an IDM, but leverages the idea of providing demonstration states
as goals to the reinforcement learner as an inductive bias to speed learning. HER is used to
form an implicit curriculum that allows the the D-Shape agent to learn to reach provided
demonstration states.

D-Shape combines three components: state augmentation, potential-based reward
shaping, and goal relabeling. At a high level, D-Shape alternates between gathering data
with demonstration states as goals and relabeling that data to form a goal-reaching cur-
riculum. The full procedure is given in Algorithm [I and Figure illustrates the state
augmentation and reward shaping process as the learner interacts with the environment.

Each component is described in more detail below, with references to the corresponding
lines of Algorithm [I}

Algorithm 1 D-Shape
Require: Single, state-only demonstration D¢ := {s¢},

1: Initialize 6 at random

2: while 6 is not converged do

33 fort=0:H—-1do

4: Execute a; ~ mo(- | [s¢, 85,,]), observe ri®s% s, .,

5: Compute r7°* = plosk 1 F9° y5ing BEquation (3.2)

6: Store transition ([sq, 56, 4], ar, 79", [s141, 5¢,]) in buffer
7. end for

8: fort=1:H—1do

9: Sample set of consecutive goal states § uniformly from episode
10: for (¢,¢9') € G do
11: Recompute F7° component of 77°* using (g, ¢')
12: Relabel transition to ([s, g], as, 17", [se41, ¢'])
13: Store relabeled transition in replay buffer
14: end for

15:  end for
16:  Update 0 using off-policy RL algorithm
17: end while
18: return 6*
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State augmentation. During training, the policy gathers data with demonstration states
as behavior goals, a; ~ my(- | [s, s7,,]) (Line ). The agent observes the next state sy
and the task reward r{**, then augments s, with the demonstration state s¢,, as the goal.
D-Shape thus employs dynamic goals, as the goal advances from time step t to time step
t+ 1.

Reward shaping. The task reward 7/*** is summed with a potential-based shaping func-

tion to form a potential-based goal-reaching reward. Define the potential function ¢([s;, ¢;]) ==
—d(s¢, g¢), in which d is a distance function, s; is the state observed at time ¢, and g, is the
provided goal. Because the goal is defined as part of the state, ¢ depends only on the state,
as required by the formulation of potential-based reward shaping of Ng et al.| (1999). The
potential-based shaping function and goal-reaching reward are then

Fgoal([sta 9e)s [8t415 9er1]) = Y0([S141, Ge41]) — 0[50, 94)), (3.1)

rfoal — r;ﬁaskz + thgoal. (32)

The reward rtgoal is computed at each step (Line D and can be recomputed with new goals,

which makes it suitable for goal relabeling. The above procedure produces “original” transi-
tions of the form ([s;, s¢,,], ar, 77°", [5111, 5¢,0]), which are stored in a replay buffer (Line @

Goal relabeling. To encourage the policy to reach the provided goals, D-Shape relabels
the original transitions using previously achieved states as goals, adopting a technique similar
to HER with a modified goal-sampling strategy. Namely, the D-Shape strategy samples
consecutive pairs of achieved states (g, ¢’) from the current episode (Line @ Each original
transition is then relabeled to ([s;, g], az, 79°% , [s141, ¢']), in which the reward is recomputed as
rooal’ — plask . prooal([s, gl [s441,¢']) (Lines[L1}[13). Because the relabeled goals are imaginary,

the task reward r{** remains unchanged even as the goal states change.

The policy 7y is then updated by applying an off-policy RL algorithm to the combined
original and relabeled data (Line. The experiments in this chapter use Q-learning (Watkins|,
1989). At inference time, the policy once more acts with demonstration states as goals,

a ~ (- | [s1, 8711])-

3.3 Consistency with the Task Reward

The analysis in this section applies to discrete and finite MDPs. D-Shape is shown to
preserve the optimal policy with respect to the task reward by establishing that an optimal
policy in M can be obtained from an optimal policy learned by D-Shape. The analysis
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treats D-Shape as the composition of goal relabeling and potential-based reward shaping,
formalized as the MDP transformation, M — M" — M* (Figure .

Beginning from the task MDP M =
(8, A, P,r*k ~) with horizon H, define M
the goal-augmented MDP M' = (8§ x f() il
G, A, PTrT ~), in which G is a discrete set
of goals, and:

PY([s'. 1| [s.gl,a) = P(s' | s,a) P(g" | [s, 4], ),
f

P (s, gl a [, g'T) = 1o ( M

s,a,s).

The definition of P! makes two indepen- Figure 3.2: D-Shape as the composition of goal rela-
dence assumbtions. First. the next state beling (M — M) and potential-based reward shaping
, p R ’ , (MF — M*). D-Shape learns in MT. That optimal
(s | [s,g], a) is independent of (¢' | [s, g], a), policies are preserved from MT to M* follows directly
which permits the factorization PT([S/, g’] ’ from the policy invariance results of Ng et al.| (1999).
. . . . . T
s a) = P(s S a) P(d S a). The theory provided considers a policy w in M in M
[ ’g]’ ) ( | [ ’g]’ ) <g ‘ [ ’g]’ ) via the natural extension, f(m), and considers a policy

7l in MT as operating in M via I'(s).

Mt

]Ng et al. 1999

Second, the next state (s' | [s, g],a) is inde-
pendent of the current goal, which permits
rewriting P(s' | [s,¢9],a) = P(s' | s,a). In
the context of D-Shape, these assumptions simply mean that a goal stored in the replay
buffer is independent of all states, goals, and actions other than the previous state, goal, and
action. The reward r' is also required to be goal-independent. D-Shape’s implementation
approximately satisfies these assumptions, as justified in Appendix

Adding the potential-based shaping term yields the MDP M* = (8§ x G, A, PT,rf +
F9°dl ~) which is identical to M except for the addition of F9°% from Equation (3.1)).

D-Shape learns a goal-conditioned policy m#(- | [s,g]) in M*. To perform inference
with this policy in M, a state-goal mapping I' : § — G is specified, and 7#(- | [s,T'(s)]) is
executed. Given an optimal policy 7 (- | [s, g]) in M¥, the central question is whether there

exists a I" such that ¥ (- | [s,T'(s)]) is optimal in M. The answer is positive, and an arbitrary
I' suffices.

That ¥ is also optimal in M follows from the policy invariance results of Ng et al.
(1999): because F9°% depends only on the states and has the form v¢([s', ¢']) — ¢([s, g]),
learning under 77 + F9°% does not alter the optimal policy. Thus, the main result reduces
to recovering an optimal policy in M from an optimal policy in M' (Theorem [3.4). The
proof of Theorem relies on some supporting results, which are stated below and proven

in Appendix [B.1]
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First, define the policy transformation map, f(7)([s, g]) = 7(- | s), which provides a
way to map policies in M to MT. Under the policy transformation map, policies expressible
in M can be naturally expressed in MT.

Proposition 3.1. Let 7(- | s) be a policy defined in M, and let f(7)(- | [s, g]) be the extension
of m(- | s) to MT. Then Vi(s:) = Vi) ([st. 9¢]) Vse € S, 90 € G, and t € {1,... H}.

Corollary 3.2. Q) ([st, g¢], a¢) = Qx(st,a¢) for all s, € S, g, € Gap € At € {1,... H}.

Proposition 3.3. Let 7*(- | s) be an optimal policy in M, and let f(7*)(- | [s,g]) be its
extension to MT. Then f(7*) is an optimal policy in M.

Proposition states that the value of 7 in M is equal to the value of f(7) in MT
for all s € 5,9 € G, and follows from the observation that the reward function does not
depend on goals. Corollary makes the same claim, but for state-action value functions.
Proposition states that if a policy 7* is optimal in M, then f(7*) must also be optimal
in MT, and is proven by showing that the policy f(7*) cannot be improved.

Theorem 3.4. Let 7'*(- | [s, g]) be an optimal policy in MT. Define an arbitrary state-goal
mapping I : S — Gy C G, where Gy is the set of goals in M that has positive probability of
being reached by any policy. Then w7 (- | s) = n™*(- | [s,T(s)]) is an optimal policy in M.

Proof. The statement is proven by considering the optimal state-action value functions
in M and MT. Denote the set of optimal actions at state-goal [s,g] € MT by A,, =
arg max, Q™ ([s, g, a).

Let 7*(- | s) be an optimal policy in M, and let f(7*) denote the policy induced by 7*
in M as in Proposition By Proposition , f(7*) is an optimal policy in MT. Since the
optimal value function in M7 is unique, Qi ([s, g, a) = Q™ ([s, g],a) for all s € S, g € G,
and a € A. By Corollary , Q=[5 g],a) = Qr(s,a). Thus,

As,g = argmax QT*([Sv g]? CL)
a
= argmax Q= ([s, 9], a)
a
= argmax Q.+ (s, a).
a
The computation shows that the set of optimal actions in MT at some [s,g] € S x G is
the same as the set of optimal actions in M at s — that is, the set of optimal actions is

independent of the goal g. Since the set of actions with positive probability under 7 (- |

[s,g]) is a subset of Ay, for g € Gy, we have w;rf( | s) = x*(- | [s,T(s)]) C Asrs) =

argmax, Q.+ (s,a) for all s € S. Thus, WP* is an optimal policy in M. m
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The condition that I'(S) € Gy C G avoids the technical issue that at a state [s, g]
which has zero probability of being reached, any action is trivially optimal. Thus an optimal
policy in MT at such a state [s, g] might specify an action that is not optimal at s in M.
The intuition behind the result is that, although the state space and transition probabilities
for MT incorporate a goal distribution, the reward function r' is goal-independent. It can
be shown that the set of optimal actions at [s,g] € S x G, operating in M7, is identical to
the set of optimal actions at s, operating in M E| Then, since the set of actions considered
by 71* at [s, g] is optimal for all [s, g] € S x G, it is certainly optimal at [s, T'(s)].

Theorem establishes that it is reasonable to execute 7T1JL* in M with any I'(s), so
long as I'(S) € Gy. The experiments treat the time step is part of the state and adopt I'(s;) =
sy +1.E| Since D-Shape gathers data from the environment using the set of demonstration states
as goals, and stores those transitions in the replay buffer, the technical condition that the
goals Gy were seen during learning is satisfied. While the choice of I'(s) may not matter for
optimal policies, nevertheless, demonstration states are used as inference-time goals, based
on the intuition that demonstration states are useful goals.

3.4 Experimental Results

The empirical behavior of D-Shape is studied in gridworld domains. Two questions
are investigated:

e Does D-Shape improve sample efficiency over RL alone?

e How are D-Shape’s convergence properties affected by suboptimal demonstrations?

The results show that D-Shape improves sample efficiency over baseline RL methods,
and can converge to the optimal policy more rapidly than baseline methods, despite subop-
timal demonstrations that do not fully solve the task at hand. We also provide results from
an ablation study designed to evaluate the state augmentation and potential-based reward
shaping components of D-Shape, separately and together with goal-relabeling.

The main experimental procedures are described below. Further experimental details
are provided in Appendix [B.3]

ndeed, the set of optimal actions at [s, g] is also identical to the set of optimal actions at [s, g'] for any
g’ (operating in M), but the proof relies on the set of optimal actions at s (operating in M).
2Appending the time step to the state does not alter optimal policies in an MDP (Pardo et al., 2018).
This trick is commonly used to ensure that time-limited RL environments maintain the Markov property.
Since the time step is defined as part of the state in M, the fact that the D-Shape potential function is
time-varying is not a concern. Nevertheless, note that Devlin and Kudenko| (2012)) showed that the policy

invariance property still holds under time-varying potentials.
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3.4.1 Experimental Setup

Environments. The experiments are conducted on gridworld navigation tasks with side
lengths s € {10, 20,30}, in which the agent must navigate from a fixed starting corner to the
opposite goal corner under a sparse reward of 7(s) = —1,.,. Full details of the domain are
provided in Appendix[A.1] These simple gridworld domains were chosen because they possess
the key characteristics of having a sparse reward function, and therefore being challenging
to explore. Further, it is easy to construct optimal and suboptimal demonstrations for this
setting, and the state and action spaces are discrete and finite, matching the setting described
in the theoretical analysis of D-Shape provided above. Experiments were also conducted on
a stochastic version of this gridworld, with similar results and findings (see Appendix [B.2.1]).

44 S

o 1 2 3 a4

Figure 3.3: A 5 x 5 example of the gridworld task and the states traversed by the optimal demonstration
(shown in blue). The start position is marked by “S”, and the goal position by “G”. The optimal demon-
stration starts at the “S” and goes to “G” along the blue states in the fewest possible number of steps.

Baselines. For fair comparison, Q-learning (Watkins| [1989) is used as the base RL algo-
rithm for all methods and experiments. D-Shape is compared against RL alone as well as
RL~+IfO methods that share similar policy invariance guarantees and assumptions. D-Shape
is also compared against RL with a naive RL+IfO reward, in which the reward is defined
as the sum of the task reward and an imitation reward. Applying RL with a hybrid task
and imitation reward is a common technique to combine RL and IL, but typically requires
hyperparameter search and does not provide any robustness guarantees (Zolna et al 2019}
Zhu et al.; 2018; \Guo et al.;|2019). The specific algorithms used as baselines are listed below:

o ()-learning (Watkins, 1989): a classic model-free, off-policy RL method.

e Reinforced Inverse Dynamics Modeling (RIDM; |Pavse et al., 2020)): a model-based
RL+IfO algorithm that also assumes only a single demonstration.

o Similarity Based Shaping (SBS; Brys et al., 2015)): an RL+IL algorithm that incor-
porates demonstrations through a potential-based shaping reward. SBS is adapted to
the discrete setting, and for state-only demonstrations.
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o ()-learning + Manhattan (Manhattan): an imitation reward term is constructed, con-
sisting of the negative Manhattan distance between the state s; and the demonstration
state sf,;. Q-learning optimizes for the sum of the imitation reward and the task
reward.

Demonstrations. FEach algorithm is run with only a single demonstration. To study
the ability of each algorithm to utilize suboptimal demonstrations, the experiments are
performed with four demonstrations of varying qualities: optimal, good, medium, and worst.
For the goal-based gridworld tasks considered, any state trajectory from the start position
(which is always in the bottom left corner) to the goal position that decreases its distance
from the goal by going right or up at each timestep, is an optimal demonstration. Thus,
suboptimal demonstrations must consist of trajectories that either (1) go to an incorrect
goal, or (2) do not decrease their distance to the goal at some timestep.

The experiments consider optimal demonstrations—which are manually computed—
and suboptimal demonstrations of the first type. More specifically, the optimal demonstra-
tions in the experiments are those that always follow the bottom and right edges of the
gridworld. See Figure for an example of the task and style of optimal demonstration
used. The good, medium, and worst suboptimal demonstrations consist of state trajectories
that go to alternative goals that are a Manhattan distance of 2, 4, and 6 steps away from the
true goal g for the size 10 and size 20 gridworlds. For the size 30 gridworld, the alternative
goals are a Manhattan distance of 4, 8, and 12 steps away from the goal. Experiments with
further types of suboptimal demonstrations (e.g. suboptimal demonstrations of the second
type, demonstrations with missing states) may be found in Appendix .

Evaluation. D-Shape and baseline models are trained for a fixed number of time steps. To
measure learning speed, the return achieved by each method is evaluated at regular intervals
by averaging test returns from the current policy, and is plotted as a learning curve. The
shaded region around each learning curve is the standard deviation of the average return.
All curves in the following results are computed over 30 independent training runs. The
optimal task return is plotted as a horizontal line.

36



3.4.2 D-Shape Improves Sample Efficiency
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Figure 3.4: Learning curves of D-Shape using the optimal quality demonstrations, as compared to Q-learning
(the base RL method), SBS, RIDM, and Manhattan. D-Shape improves sample efficiency over Q-learning
and other baselines by a significant margin over all timesteps.

Figure [3.4] compares D-Shape to the baseline methods, in which all methods are
trained with a demonstration of optimal quality. It shows that, for all environments, D-Shape
was able to improve sample efficiency over Q-learning, SBS, RIDM, and Manhattan. The
closest competing method is Q-learning with the Manhattan distance IfO reward. The strong
performance of this baseline is not surprising, since the Manhattan IfO reward computed
with an optimal demonstration is similar to the Manhattan distance of a state to the true
goal state. The latter quantity is actually the value function for this set of tasks (Ng et al.
1999). This same Manhattan IfO reward is also the potential function used by D-Shape, yet
D-Shape also includes the component of goal relabeling, which may explain why D-Shape’s
sample efficiency is much higher than that of Manhattan’s. The relative contribution of each
of D-Shape’s components to sample efficiency is further studied in the ablation section.

Figure [3.5| shows the state visitation distribution of a D-Shape agent on the 20 x 20
task, trained with an optimal demonstration analogous to the one shown in Figure|3.3| The
visitation distribution has highest concentration along the bottom and right edges of the
gridworld, which is precisely the path that the demonstration traverses. This result confirms
that the D-Shape algorithm biases the learning agent to follow the path of the demonstration,
rather than following any of the other optimal trajectories for this task.

3.4.3 D-Shape’s Convergence and Sample Efficiency is Robust to Demonstra-
tion Quality

The theory provided in Section [3.3]indicates that D-Shape will converge to the optimal
policy even when provided suboptimal demonstrations. This section examines (1) whether
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Figure 3.5: State visitation of D-Shape trained with the optimal demonstration for the 20 x 20 gridworld,
in which the start position is in the lower leftmost position, and the goal position is in the upper rightmost
position. The provided demonstration followed the lower edge to the right, and then went up to the goal
state, which is reflected by the state visitation of the learned D-Shape policy.

the prior theoretical property is exhibited empirically by the implementation of D-Shape,
and (2) how the sample efficiency demonstrated by D-Shape in the prior section is affected
by suboptimal demonstrations.

More precisely, the theory states that the set of goals D-Shape explores and learns
with does not affect D-Shape’s ability to learn an optimal policy, as long as the goal g at
time £+ 1 depends only on the goal, state, and action at time ¢. This theoretical guarantee is
hypothesized to mean that D-Shape will still converge to the optimal task reward, no matter
the demonstration quality used during training.

To test the hypothesis, D-Shape is trained with four demonstration qualities: optimal,
good, medium, and worst. In this experiment, D-Shape is compared to the naive RL+IfO
baseline, and Q-learning with a Manhattan distance reward. The same hyperparameters are
used for all four demonstration qualities. The hyperparameter tuning procedure is described
in Appendix [B.3

Figure |3.6| shows that D-Shape and Q-learning-+Manhattan both converge to the
optimal task return for all demonstrations, despite the fact that only the optimal demon-
stration fully completes the task. Given the demonstration quality, D-Shape has strictly
better sample efficiency and lower learning variance than Q-learning+Manhattan. While
D-Shape’s theoretical properties guarantee that it can converge to the optimal policy re-
gardless of the demonstration quality, the Q-learning+Manhattan baseline boasts no such
convergence guarantees. In fact, given a poorly chosen value of the ¢ hyperparameter and
a suboptimal demonstration, the learning process of the Q-learning+Manhattan baseline
might actually diverge, as the optimal policy has changed (see Figure . Appendix
presents additional robustness experiments with demonstrations that linger at states or omit
states entirely.
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Figure 3.6: Learning curves of D-Shape and the Manhattan baseline when provided optimal, good, medium,
and worst demonstrations. D-Shape converges to the optimal task reward consistently, despite being provided
suboptimal demonstrations, and with better sample efficiency than Manhattan.
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Figure 3.7: Varying the coefficient on the Manhattan distance IfO reward for the Q-learning + Manhattan
distance baseline, for & = [1,20,25]. The learning curve for D-Shape is shown for reference. Note that for
c3, Q-learning+Manhattan actually diverges from the optimal task return.

3.4.4 Ablation Study

D-Shape draws a connection to GCRL and uses goal-relabeling (GR) to unify state
augmentation and potential-based reward shaping from demonstrations (shaping). As such,
D-Shape can be thought of as the unification of these three components (GR, state augmen-
tation, and shaping).

This section investigates three ablations of D-Shape: [D-Shape — GR], [D-Shape —
GR — shaping], and [D-Shape — GR — state augmentation|. These are the only three
ablations worth studying. [D-Shape — shaping] is not viable because GR requires a goal-
reaching reward. Similarly, [D-Shape — state augmentation| cannot be studied because
goals must be presented to the agent. [D-Shape — shaping — GR — state augmentation]| is
equivalent to baseline Q-learning.

The results are shown in Figure In all domains, D-Shape dominates all three
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ablations. Two of the ablations—[D-Shape — GR — state augmentation] and [D-Shape —
GR]—perform similarly. The final ablation, [D-Shape — GR — shaping], performed much
more poorly than the others, showing similar sample efficiency to the baseline of Q-learning.
Therefore, this ablation is not shown in Figure 3.8, The full set of ablations is shown together
in Appendix (Figure . These results imply that for the gridworld domain studied, a
large part of D-Shape’s improvement in sample efficiency over baseline methods comes from
potential-based shaping with demonstrations, and the remaining benefit comes from its GR
component. While state augmentation alone does not seem to produce any gains in sample
efficiency, it is not possible to perform goal-relabeling without augmenting the state with the
goal description. Thus, GR is a crucial component of D-Shape and has a synergistic effect
on state augmentation and potential-based reward shaping.
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o4 ______ I R S
—100 1 —100 1
—100 4
" —200 A ~200 1
E 200
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Figure 3.8: D-Shape compared to two ablations of D-Shape using the optimal demonstration. D-Shape
displays better sample efficiency than all ablations. The last ablation ([D-Shape — GR — shaping]) performed
no better than the baseline of Q-learning alone. It is not shown here because the difference between the
other ablations would not be visible. Appendix provides a version with all ablations.

3.5 Summary

This chapter presented D-Shape (Contribution 1), a method that combines goal-
conditioned RL and potential-based reward shaping to accelerate RL with a single, subop-
timal, state-only demonstration. We proved that D-Shape is policy-invariant: an optimal
policy learned by D-Shape is guaranteed to be optimal with respect to the task reward,
regardless of demonstration quality. Empirically, D-Shape achieves superior sample effi-
ciency and convergence robustness compared to all baselines across gridworld environments
of varying sizes and demonstration qualities.

D-Shape addresses the learning from dimension of the thesis question (Dimension 1):
by treating demonstration states as goals and shaping the reward with a potential-based
function, an RL agent can extract useful learning signal from a single, imperfect trajectory
produced by a co-existing agent. The subsequent contributions in this dissertation extend
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these ideas to the multi-agent setting by exploring the use of suboptimal demonstrations in
the multi-agent setting, where demonstrations are drawn from a team (Contribution 2).
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Chapter 4: Decentralized Multi-Agent Reinforcement
Learning via Distribution Matching

This chapter presents Contribution 2 of this dissertation: DM? (Wang et al.,
2023a), a method for cooperative multi-agent reinforcement learning (MARL) that enables
fully decentralized training without centralized components or explicit communication. The
name DM? abbreviates Decentralized Multi-Agent Reinforcement Learning via Distribution
Matching.

MARL (Littman, |1994) learns agent policies for settings in which multiple agents
interact, whether cooperatively or competitively. Training several agents at once is challeng-
ing because an agent that updates its own strategy induces a nonstationary environment for
the others, which can destabilize training and offset the theoretical guarantees that single-
agent RL algorithms confer (Hernandez-Leal et all [2019; Yang and Wang, [2020)). Various
strategies have been proposed to overcome this difficulty. For instance, the team may be con-
trolled via a single, centralized joint policy that is both trained and deployed in a centralized
manner. To reduce the centralization burden while facilitating coordination, the centralized
training decentralized execution (CTDE) paradigm prescribes representing the team policy
as a collection of individual agent policies with shared components that enable centralized
training but allow for individual deployment (Rashid et al. 2018 Foerster et al., 2018bj Yu
et al., [2022b)). Alternatively, individual agent policies may be trained independently, but co-
ordinate through explicit communication during both training and execution (Jaques et al.
2019; [Liu et al., 2021a).

Fully decentralized training and execution, in which agent policies share neither com-
ponents nor communication, is a highly challenging setting for cooperative MARL. Nonethe-
less, decentralized MARL is desirable whenever parallelism, robustness, flexibility, or scala-
bility is needed. Such settings include those with a large number of agents, those in which
agents face changing environments (Marinescu et al., [2017), those in which agents must
perform tasks in varying team configurations over their lifetime (Thrun, 1998]), and those in
which preserving the privacy of each agent is a concern (Léauté and Faltings, 2013)). Further-
more, decentralized learning can sometimes yield better solutions than centralized learning.
Within the cooperative coevolution literature, Yong and Miikkulainen| (2009) found that a
predator team of separately evolved, non-communicating controllers discovered complemen-
tary roles and captured prey more effectively than a single centrally evolved controller for
the whole team.

This chapter considers cooperative tasks involving K agents, in which the goal is to
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learn a high-performing joint policy in a fully decentralized fashion. To induce coordination
under this constraint, DM? has each agent perform distribution matching to a target state-
action visitation distribution. This target distribution is assumed to arise from the execution
of some joint policy, such as demonstrations from an expert team (Song et al., [2018) or
high-performing trajectories from the agents’ own past interactions (Hao et al., [2019). The
natural way to use such a distribution is to assign each agent the target distribution of
its corresponding expert, and to have the agent minimize the mismatch between its own
visitation distribution and this target.

At first glance, this approach appears fraught with difficulty. Because the target
distribution arises from the execution of a joint policy, a single agent adjusting its own
policy might make little progress, as the other agents may change their behavior at the same
time. Furthermore, this decentralized approach to distribution matching could suffer from
the same destabilization that causes decentralized MARL to diverge (Hernandez-Leal et al.|
2019; Yang and Wang}, 2020)).

Despite the above complications, this chapter shows that individual distribution
matching can be combined with maximization of a shared task reward to learn effectively.
DM? mitigates the nonstationarity of decentralized training by augmenting each agent’s
task reward with a distribution matching signal derived from demonstrations of a co-trained
expert team, encouraging coordination without requiring any centralized mechanism dur-
ing training or execution (illustrated in Figure . DM? thus addresses the learning from
dimension of the thesis question (Dimension 1) in the multi-agent setting: by imitating
demonstrations produced by a co-existing team of agents, each independent agent can ex-
tract a coordinating signal that accelerates cooperative task learning.

4.1 Preliminaries

This chapter builds on the stochastic game framework introduced in Section [2.2]
We restrict attention to fully cooperative tasks, in which all agents share a common task
reward (i.e., Dec-MDPs), but consider augmenting each agent’s reward with an individual
distribution matching signal. Thus, learning takes place within a stochastic game. The
theoretical analysis assumes a discrete and finite state and action space and that each agent
observes the full state, whereas the experiments are conducted in partially observable tasks

that may be formalized as Dec-POMDPs (Section [2.2.1)).

Setting. Each agent i acts according to a parameterized policy mp, : 8 — A(A;). We
denote the joint policy by my = [mg,, ..., T, ], the vector of the individual agent policies.
The policy parameters 6 are occasionally omitted for convenience. The subscript i— denotes
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all agents except i, so that m;_ refers to the policies {my,...,m_1,Tis1,...,Tk}. Because
the task is fully cooperative, the task reward is identical across agents. As established in
Section 2.2] the relevant solution concept is the Nash equilibrium: a joint policy in which no
agent can increase its expected return by unilaterally changing its own policy.

Imitation learning and distribution matching. Imitation learning (Schaal, 1997; Ross
et al., 2011) is the problem of mimicking a set of trajectories demonstrated by an expert
policy 7g, in which each trajectory & = {(so, ao), (s1,a1), ...} records the states visited and
actions taken. Behavioral cloning (Bain and Sammut} 1999) applies supervised learning to
expert demonstrations to recover the maximum likelihood policy, whereas inverse reinforce-
ment learning (Ng et al., 2000) recovers a reward function under which the demonstrated
trajectories are optimal and then learns the expert policy by reinforcement learning. |Ho and
Ermon (2016) instead formulate imitation learning as a distribution matching problem and
propose GAIL. Let the state-action visitation distribution of a joint policy ® = (7, ..., 7k)
be

pas.a) i= (L= [[ mlas | )7 Plsi = s | m), (4.1)

and let the marginal state-action visitation distribution of agent ¢ be

promi(s,0) = (L=y)m(als) Y A Plsi=s|m,m). (4.2)

In the single-agent setting, a policy that minimizes the mismatch of its state-action visita-
tion distribution to that induced by the expert’s trajectories solves the imitation learning
problem (Ho and Ermon| 2016).

Single-agent gail convergence. |Guan et al.|(2021) showed that, in the single-agent case,
GAIL converges to the expert policy under a variety of policy gradient techniques. Let 74
be a discriminator-based reward function parameterized by ¢, and let ¥(¢) be a convex
regularizer. (Guan et al.| (2021)) formulate the GAIL problem as the min-max problem

mein max L0, ), L(0,0) =V (rg,ry) — V(mg, 1) — (), (4.3)

in which V(7,7) = EgnpoEr[> o 7'7e] is the expected return from a start state when follow-
ing policy m under reward function r. In the multi-agent setting, the expert trajectories are
generated by the interaction of a joint expert policy (7g,,..., T, ), so successful imitation
requires the coordination of all K agents’ policies. This added complexity is the central
challenge addressed by the theoretical analysis of Section [4.3]
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4.2 Method: DM?

This section presents DM?2, a practical TE,
approach to decentralized multi-agent coordina-

77Ek

tion via distribution matching to a team demon- demo bn ‘L
stration. The theoretical analysis of Section data PE;

shows that agents individually following demon- T'i,gail
strations from an existing joint policy can con- pl PiNpr| + C- | Tenv

PE,

Pi )
verge to that joint policy without centralized [f
training or communication. For this guarantee m - T
to hold in practice, the demonstrations must im-

ly an achievable joint expert policy, a propert
Py . . J *b P y’, . p DErLy Figure 4.1: In DM2, each agent 7; independently
formalized in Section as compatibility (Def— learns from the sum of a distribution matching
inition . DM? then balances each agent’s in- reward ricaw and a shared task reward rep.

dividual distribution matching objective with the The matching reward is computed by comparing
agent 7’s marginal state visitation distribution to
_ the state visitation distribution implied by the
a mized reward, formed as the sum of the agent’s corresponding expert demonstration.

distribution matching reward and the shared task reward.

shared task objective by training every agent on

4.2.1 Generating Compatible Expert Demonstrations

When each agent is provided a separate target distribution, the targets cannot be
chosen independently, because the agents act in a shared environment. For illustration,
consider a four-tile gridworld in which only one agent may occupy a tile at a time, and let
one of the tiles be labeled “A”. Suppose there are two agents, and each agent ¢ is provided
a separate target state-action distribution consisting of agent i occupying tile “A” while the
other agent occupies one of the three remaining tiles. If both agents simultaneously attempt
to match their provided targets, then both attempt to occupy tile “A”, and it is impossible
for both to fully match their desired distributions. This example shows that, for each agent
to completely match its desired distribution, the target distributions for all agents must be
mutually compatible, as defined below.

Definition 4.1 (Compatible demonstrations). Let 7r;— denote K — 1 agent policies executed
with an agent policy m;, to obtain the state-action visitation distribution px, z, ). State-action
visitation distributions py, z,_ from a collection of K policies {m;}1, are compatible if for
all i, s € 8, and a € A, there exists a joint policy w' = (r},...,m) with joint state-action
visitation distribution pn (s, a) (Equation[{.1) such that the marginal state-action visitation
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distribution for agent i satisfies

prmr (s,0) = (L—=v)mi(a|s)> ~'P(sy=s|l,m_)
t=0
= Pry i (Sva)'

Observe that K expert policies that are trained in the same environment to perform a
task induce compatible individual state-action visitation distributions, providing a practical
method to obtain compatible demonstrations.

4.2.2 Practical Multi-Agent Distribution Matching

DM? provides each agent with a mixed reward consisting of a cost function for min-
imizing individual distribution mismatch and the shared task reward. Mixing an individual
preference reward with a shared task reward has previously been shown to be effective in
MARL (Durugkar et al., 2020; |Cui et al., 2021). Each agent’s policy is updated indepen-
dently using an on-policy RL algorithm. The experiments here use PPO (Section . The
demonstrations used as distribution matching targets are compatible, state-only trajectories.
Learning from state-only demonstrations enables agents to learn purely from observations of
other agents, such as online videos, and has been previously studied in the context of imita-
tion from observation—for instance, the D-Shape algorithm described in Chapter 3| As the
experiments of Section [£.4] show, the demonstrator policies may possess only intermediate
competency at the task, and the demonstrations need not be jointly sampled across agents.

The full procedure is given in Algorithm [2] and illustrated in Figure 4.1} Line [2] ini-
tializes a separate discriminator and policy for each of the K agents, reflecting the absence
of any shared model component. Each training epoch begins by gathering M steps of on-
policy environment data shared across the agents (Line [5). The remaining steps are then
performed independently for each agent ¢. Line [7] samples M states from agent i’s demon-
stration set D;, which Line |8 uses to update the agent’s discriminator Dy,. Line @ computes

Tean, = —10g Dy, (s™) for each collected state, and
Line [10] forms the mixed reward by adding the scaled matching reward to the environment
reward. Finally, Line [L1| updates agent ¢’s policy on the mixed reward using PPO.

the GAIL distribution matching reward r

4.3 Theoretical Analysis

This section provides theoretical grounding for the DM? method, assuming that the
target distribution is the empirical distribution of compatible demonstrations from a set of

46



Algorithm 2 DM? (Decentralized Multi-Agent Reinforcement Learning via Distribution

Matching)

Require: Number of agents K, expert demonstrations Di,...,Dg, environment enwv,
epochs N, steps per epoch M, reward mixture coefficient ¢

1: fori=1,...,K do

2:  Initialize discriminator parameters ¢; and policy parameters 6;
3: end for

4: forn=0,...,N—1do

5. Gather M steps of data (s™,a™,r ) from env

6: fori=1,...,K do

7: Sample M states from demonstration D;

8: Update discriminator Dy,

9: Compute 774, = —log Dy, (s™) for all m demonstration states
10: Set agent reward 1}, = ren, +C Tl

11: Update agent policy 7y, using (s™,a™, 17},

12 end for

13: end for

—_
S

: return K agent policies

expert agents. The analysis establishes two results. First, Section [4.3.1] shows that if K
agents independently minimize the distribution mismatch to their respective demonstrations
in a turn-by-turn fashion, then the agent policies converge to the joint expert policy. Second,
Section [4.3.2]shows that augmenting each agent’s distribution matching reward with a shared
task reward preserves this outcome, since the joint expert policy remains a Nash equilibrium
of the combined objective. These results provide theoretical support for the use of DM?,
as they outline conditions under which the method can converge to the joint expert policy
even in the absence of any centralized training or communication. The section provides an
overview of the theoretical arguments. Full proofs are given in Appendix [C.1]

4.3.1 Convergence of Independent GAIL Learners

This analysis considers the setting in which each agent ¢ performs independent GAIL
updates to match the visitation distribution of the i*" expert. The theoretical analysis
addresses a turn-by-turn update scheme: as agent ¢ is updated, all other agent policies are
held fixed, and the corresponding discriminator has converged to r;’f; ' |Guan et al. (2021)
showed that the process of a single agent repeatedly updating ¢; converges to this optimal
discriminator. The update scheme considered for the theoretical analysis is specified in

Algorithm [ of Appendix [C.1]
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Convergence to the joint expert policy is shown to hold under three conditions. First,
the joint expert policy must be coordinated (i.e., compatible, per Deﬁnition, but need not
be a Nash equilibrium with respect to any particular task. Second, for every policy considered
during training, there is a minimal probability of visiting each state (ergodicity, Condition
in Appendix . Third, each agent learns by a single-agent imitation learning algorithm
that improves its distribution matching reward at each step.

The argument proceeds in two steps. Given an individual agent’s GAIL objective
improvement, it shows that a lower bound on a joint distribution matching objective is
improved. Second, it shows that improving the lower bound objective results in convergence
to the joint expert policy, demonstrating the convergence of independent GAIL.

The per-agent GAIL loss is defined as

'C(ezv ¢Z ’ 61—) = V(WENT(Z;t ‘ TrEi_) - V(T(@i, T;z;t | 71—02-_) - ¢(¢l)7
1
opt opt
st Vi(mi,rg [ mio) = :ES’VPT:»CM’VTH [rdf (s,a;)]

where pr(s) = (1 —7) > V' P(st = s | ) is the discounted state visitation distribution.

Consider the indicator random variable ]1%-:%1?(3) for the event that, at state s, agent
7 takes the action matching expert j’s action.lﬂ The expectation of this indicator is the
probability of matching the expert’s action. Define the joint action-matching objective
as the probability that all agent actions match their corresponding experts (plus a constant),
weighted by the probability of visiting states:

J(m) = 3 pals) [(K = 1) + Bann 1w (5] ] (4.4)

in which 1, .z (s) indicates the event that all agents take actions matching their cor-
responding experts. Maximizing J(m) precisely corresponds to solving the multi-agent
imitation learning problem, because the joint expert policy 7g is its unique maximizer
(Lemma [C.2] Appendix [C.I]).

Because each agent updates independently to improve its own objective, the joint
objective is related to a sum over single-agent objectives.

Theorem 4.1 (action-matching lower bound). The joint action-matching objective J(7) is
lower bounded by the following sum over individual action-matching rewards:

L(ﬂ') = Z pW(S) Zanm []lai:af (S)]

ses

IFor exposition, the expert policy is assumed deterministic. The analysis extends to a stochastic g by
comparing the distributions over actions.
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When an agent updates its policy to optimize its component of L(7r), the state vis-
itation distribution p may change such that the expected action rewards of other agents
decrease. The next result introduces a lower bound on L(7) that is independent of the state
visitation distribution p, and therefore is not subject to this interference.

Corollary 4.2 (state-independent lower bound). Let € be the minimum probability of visiting
any state. For all p, L(7) is lower bounded by

L(m) > ZXK} [EaM [11%:&5(5)}] —: L ().

s€8 i=1

The lower bound L. is related to the GAIL discriminator reward, which the GAIL
algorithm improves directly, through the following assumption.

Assumption 4.1 (action-matching reward). For all agents i and all states s, an increase
in the expected converged GAIL discriminator reward implies an increase in the expected
action-matching reward:

Eg,mttt (76, (s, a;)] > Bt (76, (s, ;)] = Egmttt [ﬂai:afﬂ(s)} > Bt [ﬂai:aiE (s)].

When the reward takes the GAIL form r4,(s,a) = —log D(s,a), Assumption is
valid, as justified in Appendix [C.I} Under this assumption, each agent updating its policy
improves L(7r), which by Theorem and Corollary is a lower bound on the objective of
interest J(7). Furthermore, L () has a unique global maximizer at @ = 7w (Lemma [C.4]
Appendix . Thus, although the action reward of another agent j may decrease in the
short term, the joint action-matching objective increases as learning continues. Because
J(7) is bounded from above (Lemma Appendix , this process of improving the
lower bound converges to the optimal policy for the objective, namely the joint expert

policy.

Theorem 4.3 (convergence). Fach agent mazimizing its individual return over the individ-
ual action rewards ry, converges to the joint expert policy mg.

4.3.2 Multi-Agent Learning with a Mixed Task and Imitation Reward

The convergence result above guarantees recovery of the joint expert policy when
learning takes place under the distribution matching objective alone. The goal of DM? is to
use the demonstrations to accelerate progress on a separate task, so the agents are trained
on a mixed reward that combines the distribution matching reward with the task reward.
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This subsection establishes that, when the demonstrations come from expert policies that
are optimal for a task, the joint expert policy remains a Nash equilibrium under this mixed
reward, so the two rewards may be combined without sacrificing the expert solution.

Lemma (Appendix shows that the joint expert policy uniquely maximizes the
joint imitation objective. From a game-theoretic perspective, the expert policies are therefore
a Nash equilibrium for the imitating agents with respect to the converged discriminator
reward Ry; = 1y’ tE In imitation learning it is typically unnecessary for agents to know
the demonstrator’s task reward. Suppose, instead, that the agents have access to both
demonstrations from policies that are optimal at a task 7" and the corresponding task reward
Rp. Because the expert policies maximize Ry, they are a Nash equilibrium with respect to
Rr. Theorem @ states that training the agents on a linear combination of Ry and Ry,

leaves this equilibrium intact.

Theorem 4.4 (mixed reward). Let Ry be the reward function used to train the expert policies
g, and let the expert policies have converged with respect to Ry (i.e., they are a Nash
equilibrium with respect to Ry ). Then wg are a Nash equilibrium for reward functions of the
form aRyp + BRy;, for any o, B > 0.

Theorem does not require that the demonstrations originate from policies that
are optimal for any task. Theorem by contrast, implies that if the demonstrations do
maximize the reward of a desired task, then the task reward and the distribution matching
reward can be combined to optimize that same task. DM? takes precisely this approach.

4.4 Experimental Results

The empirical behavior of DM? is studied on the StarCraft Multi-Agent Challenge
domain. Three research questions are investigated:

e Does DM? improve the efficiency of learning to coordinate over a decentralized MARL
baseline?

e Is DM?’s performance robust to the quality of the provided demonstrations?

e [s any such improvement due to the coordination between expert demonstrators, or
due to the individual competency of the experts?

The experimental results show that DM? substantially accelerates learning over the
decentralized baseline across tasks of varying difficulty, while remaining robust to demonstra-
tion quality. Further, an ablation study shows that the coordination of co-trained experts,
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rather than their individual competency, drives this improvement. Additional experiments
in Appendix analyze the use of demonstrations for behavioral cloning rather than distri-
bution matching, and examine the effect of learning from the distribution matching reward
alone.

The main experimental procedures are described below. Further experimental details
and hyperparameters are provided in Appendix

4.4.1 Experimental Setup

Environments. Experiments are conducted on the StarCraft Multi-Agent Challenge do-
main (Samvelyan et al., 2019)), a partially observable domain of cooperative tasks in which a
team of controllable allied agents must defeat a team of enemy agents controlled by a fixed
Al The allies each receive a shared team reward whenever an enemy agent is killed and
when the battle is won, and the battle is won, with the episode terminating, when the allies
defeat all enemy agents. Full details of the domain are provided in Appendix[A.2] The five
tasks used in this chapter are:

e 5v6: 5 Marines (allies) and 6 Marines (enemies)
8v9: 8 Marines (allies) and 9 Marines (enemies)
3svdz: 3 Stalkers (allies) and 4 Zealots (enemies)
3sv3z: 3 Stalkers (allies) and 3 Zealots (enemies)
3svhz: 3 Stalkers (allies) and 5 Zealots (enemies)

Baselines. DM? is compared against independent PPO (IPPO; Section 7 a decentral-
ized MARL baseline in which individual PPO agents independently receive and learn from the
team reward. DM? is also compared against two widely used CTDE methods, QMIX (Rashid
et al., [2018) and RMAPPO (Yu et al., 2022b). These CTDE methods have the advantage of
a shared critic network that receives the global state during training, so their performance
is expected to exceed that of decentralized methods without communication. DM? is finally
compared against Self Imitation Learning (Hao et all |2019) (SIL), which can be viewed as a
variation of DM? in which the targets are each agent’s own most successful prior trajectories.

DM? Implementation. DM? uses the same IPPO implementation as the baseline, with
the addition of a GAIL discriminator for each independent agent ¢ to generate the imitation
reward 7; an, Which is scaled by a coefficient ¢ € R and added to the environment reward:
Timiz = Tenv + C - Tican- 1he data for each discriminator consists of 1000 joint state-only
trajectories, sampled from various policy checkpoints of IPPO and QMIX-trained joint expert

o1



policies. The win rates achieved by the demonstrators are plotted as horizontal lines. Each
DM? agent imitates the marginal observations of the corresponding agent in the dataset.

Evaluation. All methods are compared by visualizing their learning curves. Learning
curves report the mean of 5 training runs executed with independent random seeds, each
evaluated for 32 test episodes at regular intervals. The shaded regions show the standard
error, while the evaluation metric is the mean rate of battles won.
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Figure 4.2: Learning curves of DM? compared to the IPPO, RMAPPO, QMIX, and SIL baselines on various
StarCraft tasks. DM? is trained with demonstrations from 1PPO and QMIX experts; IPPO demonstrations
are sampled from varying points in the training of the IPPO experts and therefore vary in quality.

4.4.2 DM? Improves Sample Efficiency over Decentralized MARL

Figure shows that DM? significantly improves learning speed over 1PPO (the
decentralized baseline), across all five StarCraft tasks. The CTDE baselines, QMIx and
RMAPPO, learn faster than both DM? and 1PPO on all tasks, illustrating the challenging
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nature of the decentralized cooperation problem. On 5v6 and 3sv3z, all methods nonetheless
converge to a similar win rate by the end of training. For the demonstrations from 1IPPO
experts, DM? surpasses the win rate of the demonstrations themselves on 4/5 tasks. Despite
the significant variance in win rates among the demonstrations for each task, DM? performs
similarly across them. This relative invariance to demonstration quality, examined further in
Section [4.4.3] suggests that the demonstrations provide a useful coordinating signal, enabling
agents to discover higher-return behaviors than those portrayed in the demonstrations.

By contrast, using trajectories from earlier in training as demonstrations (SIL) shows
inconsistent performance. On 5v6, SIL performs comparably to RMAPPO, but it learns more
slowly on the other tasks. This inconsistency may occur because SIL requires examples
of successful coordination by the agents, which can be rare in certain tasks. Using past
trajectories as demonstrations also yields a nonstationary target distribution for imitation,
which may negatively affect the learning procedure.

4.4.3 DM? is Robust to Demonstration Quality

The main results above show that DM? performs similarly despite the variance in
win rates among the demonstrations provided for each task. This robustness is examined
more directly by training DM? with 10 demonstration qualities, sampled every million steps
during the training of the original 1PPO demonstrator policy. Figure [4.3| shows that per-
formance improves monotonically as demonstration quality improves, but quickly saturates.
This result indicates that it is important to supply good demonstrations, but not neces-
sary to supply optimal ones, supporting the conclusion that the demonstrations serve as a
coordinating signal rather than acting as a performance ceiling.
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Figure 4.3: Learning curves of DM? trained with demonstrations sampled every million steps during the
learning of the original demonstrator policy. Horizontal dotted lines indicate the demonstration qualities,
colored to match the corresponding learning curves. QMIX (the centralized baseline) is included for reference.

4.4.4 Ablation Study: Expert Team Coordination vs. Individual Competency

The ablation study investigates whether the coordination of expert agents or their
individual competency is more important to the success of DM2. The study varies the
demonstrations along two dimensions: whether they are sampled from expert teams that
form a joint policy (co-trained), and whether they are sampled simultaneously (concurrently
sampled). The first dimension tests the requirement that expert agents are trained to co-
ordinate with each other, while the second tests whether agents must act together when
generating demonstrations. Concurrently sampled demonstrations of agents that were not
co-trained provide examples of individually competent but not coordinated agents acting in
the multi-agent setting. The study applies DM? to the four resulting demonstration styles
on the 5v6 task, using the same hyperparameters as in the main experiment of Section [4.4.2}
a detailed account of how the four styles are constructed is provided in Appendix
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Figure 4.4: Ablation study on demonstration type for the 5v6 task, at lower (5m, left) and higher (7m, right)
demonstration qualities. The case where the demonstrations are concurrently sampled (labeled “concur.”)
from co-trained expert policies (labeled “joint”) corresponds to DM?2. Co-training the experts is the critical
factor; concurrent sampling does not significantly affect performance.

Figure [4.4] shows the learning curves of the four combinations. The dimension that
makes the greatest difference is whether the demonstrations originate from expert policies
that were co-trained, and were thus coordinated. Whether the demonstrations were concur-
rently sampled does not appear to significantly affect learning. The same trends hold at both
the lower and higher demonstration qualities. These results support the hypothesis that in-
dependent distribution matching aids sample efficiency by encouraging convergence toward
a shared equilibrium, and that the demonstrations must therefore come from coordinated
policies, but need not be concurrently sampled.

4.5 Summary

This chapter presented DM? (Contribution 2), a fully decentralized MARL algorithm
that accelerates cooperative task learning. By matching the state distribution of a co-existing
expert team, each agent extracts a coordinating signal from demonstrations without central-
ized training or communication. The theoretical analysis established that independent GAIL
updates converge to the joint expert policy, and that combining the distribution match-
ing reward with the task reward preserves the expert Nash equilibrium. Empirically, DM?
consistently improves learning speed over the decentralized baseline across StarCraft tasks
of varying difficulty, while remaining robust to demonstration quality. An ablation study
confirms that the coordination of co-trained experts is the crucial property for the team
demonstrations to be effective in aiding DM?2.

Similar to D-Shape (Chapter [3), DM? addresses the learning from dimension of the
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thesis question (Dimension 1) via learning from demonstrations. However, the two methods
operate in different settings and provide complementary guarantees. D-Shape accelerates
learning in a single-agent, goal-reaching setting while preserving policy invariance, so that
a suboptimal demonstration cannot alter the task-optimal policy. DM?2, by contrast, oper-
ates in the decentralized multi-agent setting, which introduces a challenge absent from the
single-agent case. Beyond the difficulty of converging to a return-maximizing policy, the
decentralized setting admits multiple distinct cooperative equilibria, so the independently
learning agents must converge not merely to an equilibrium, but to the same one. DM? ad-
dresses this equilibrium-selection problem through team demonstrations, training each agent
on the combination of the task reward and an imitation reward derived from an adversarial
discriminator.

This reliance on a mixed task and imitation reward introduces a limitation that D-
Shape does not share, around learning the optimal task policy. Theorem guarantees
that the distribution matching reward alone can drive convergence to the expert team pol-
icy, while Theorem guarantees that the mixed reward preserves the expert equilibrium.
But if the expert team is suboptimal for the task, or instead correspond to a different task
altogether, the task and imitation signals may conflict, and DM? loses any guarantee of
converging to a task-optimal equilibrium. A promising direction for addressing this limita-
tion is to bring D-Shape’s potential-based reward shaping into the decentralized multi-agent
setting. Because potential-based shaping preserves policy invariance regardless of demon-
stration quality, it could in principle supply a coordinating signal without distorting the
task equilibrium, combining the equilibrium-selecting benefit of team demonstrations with
the robustness to demonstration suboptimality established for D-Shape.

The subsequent contributions in this dissertation turn to the challenge of multi-agent
coordination in scenarios with unknown teammates.
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Chapter 5: N-Agent Ad Hoc Teamwork

This chapter presents Contributions 3-4 of this dissertation: N-Agent Ad Hoc
Teamwork (NAHT; |Wang et al., 2024a)), a novel problem setting that generalizes ad hoc
teamwork and cooperative multi-agent reinforcement learning (CMARL), and Policy Opti-
mization with Agent Modeling (POAM), the first algorithm that addresses NAHT.

Advances in multi-agent reinforcement learning (MARL; |Albrecht et al., [2024)) have
enabled agents to learn solutions to various problems in zero-sum games, social dilemmas,
adversarial team games, and cooperative tasks (Silver et al., [2016; Brown and Sandholm),
2018; [Koster et al., 2025 Lin et al., 2023; Rashid et al.| |2018). Within MARL, coopera-
tive multi-agent reinforcement learning (CMARL) is a paradigm for learning agent teams
that solve a common task via interaction with each other and the environment (Littman),
1994; Panait and Luke, 2005; Yuan et al., 2023b). Recent CMARL methods have learned
impressive examples of cooperative behavior from scratch in controlled settings, in which all
agents are controlled by the same learning algorithm (Rashid et al., [2018; [Son et al.| 2019}
Baker et al|,[2019). A related paradigm for learning cooperative behavior is ad hoc teamwork
(AHT). In contrast to CMARL, the objective of AHT is to create a single agent policy that
can collaborate with previously unknown teammates to solve a common task (Mirsky et al.|
2022; Stone et al., [2010)).

While a large and impressive body of work on CMARL and AHT exists, the current
literature has largely examined scenarios in which either complete control over all agents
is assumed, or only a single agent is adapted for cooperation (Rashid et al., 2018; [Son
et al., |2019; Lin et al. 2023; Baker et al. 2019; Hu and Foerster, 2020)). Even learning
methods for handling cooperative tasks in open multi-agent systems (Yuan et al., 2023b)),
which encompass one of the most challenging settings in which agents may enter or leave
the system at any time, either operate by assuming full control over all agents (Jiang et al.|
2019; Liu et al., [2021a)) or only a single adaptive agent (Rahman et al., 2021 [Kakarlapudi
et al., [2022; Rahman et al., [2023a).

However, real-world collaborative scenarios, such as search-and-rescue or robot fleets
for warehouses, might demand agent subteams that are able to collaborate with unfamiliar
teammates that follow different coordination conventions. Toward producing agent teams
that are more flexible and applicable to such scenarios, Contribution 3 formalizes the problem
setting of N-agent ad hoc teamwork (NAHT), in which a set of autonomous agents must
interact with an uncontrolled set of teammates to perform a cooperative task. When there is
only a single ad hoc agent, NAHT is equivalent to AHT. By contrast, when all ad hoc agents
are jointly trained by the same algorithm and there are no uncontrolled teammates, NAHT
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Figure 5.1: Left: CMARL assumes full control over all K agents. Center: AHT assumes control over only
a single agent, with K — 1 uncontrolled teammates. Right: NAHT (this work) assumes N < K controlled
agents and K — N uncontrolled teammates, with /N varying across episodes.

is equivalent to CMARL. The novel problem setting therefore generalizes both CMARL and
AHT (Figure[5.1)). In particular, NAHT considers scenarios in which an autonomous subteam
must collaborate with dynamically varying numbers and types of uncontrolled teammates.

Drawing from ideas in both CMARL and AHT, Contribution 4 introduces POAM, a
policy-gradient algorithm for learning cooperative multi-agent team behaviors, in the pres-
ence of varying numbers and types of teammate behaviors. POAM consists of two components.
First, an agent modeling network generates a vector characterizing teammate behaviors. Sec-
ond, an independent actor-critic architecture conditions on the learned teammate vectors to
enable adaptation to a variety of potential teammate behaviors. Empirical evaluation on the
multi-agent particle environment (MPE) and StarCraft II tasks shows that POAM learns to
coordinate with a changing number of teammates of various types, with higher competency
than CMARL, AHT, and naive NAHT baseline approaches. An evaluation with unseen
teammates further reveals that POAM’s agent modeling module improves generalization,
compared to baselines without agent modeling.

Together, Contributions 3 and 4 address both dimensions of the thesis question.
NAHT addresses the learning with dimension (Dimension 2): an agent must learn to recog-
nize and respond to the identities and behaviors of dynamically varying teammates. POAM
further connects to the learning from dimension (Dimension 1) by leveraging trajectory data
produced by uncontrolled teammates to bootstrap value learning, thereby improving sample
efficiency.

5.1 NAHT Problem Formulation

The NAHT problem is formulated within the Dec-POMDP framework introduced
in Section 2.2.1] Recall that in a K-agent Dec-POMDP, each agent i acts according to a
history-conditioned policy 7 : H* — A(A*). The superscript —i denotes all agents other
than agent 7, and is applied to the relevant mathematical objects. For example, O~¢ denotes
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the cross product of the observation spaces of all agents other than .

Drawing from the goals of MARL and AHT (Stone et al., 2010), the goal of N-agent
ad hoc teamwork is to create a set of autonomous agents that are able to efficiently
collaborate with both known and unknown teammates to maximize return on a
task.

The NAHT problem is formalized by extending the standard Dec-POMDP formula-
tion as follows. The K agents within a team are partitioned into a set of controlled agents
C, whose policies are optimized, and uncontrolled agents U. If the policies of the agents in
C' are generated by an algorithm, the algorithm is said to control the agents in C'. Since the
intention is to develop algorithms for generating the policies of agents in C', the agents in C'
are referred to as controlled. The set U of uncontrolled agents is then defined as all agents in
the environment not included in C' EI Following the AHT problem formulation (Chapter ,
the agents in U are assumed to be competent with respect to the shared team reward R.

We model an open system of interaction, in which a random selection of K agents
from sets C' and U must coordinate to perform the task specified by the team reward R.
For illustration, consider a warehouse staffed by robots developed by companies A and B, in
which a box-lifting task requires three robots. If company A’s robots are controlled agents
(corresponding to '), then some robots from company A can collaborate with robots from
company B (corresponding to U) to accomplish the task, rather than requiring that all three
robots come exclusively from A or B.

Motivated thus, we introduce the team sampling procedure X (U, C'). At the beginning
of each episode, X samples a team of K agents in three steps. First, the number of controlled
agents N ~ [1, K) is sampled, so that team composition varies across episodes; consideration
is restricted to teams containing at least one controlled agent, i.e. N > 1. Second, N
controlled agents are sampled from C' via a sampling function go. Third, K — N uncontrolled
agents are sampled from U via a sampling function gy. The agent sampling functions go
and gy may sample with replacement, to model scenarios in which two agents use the same
policy, or without replacement, for scenarios where that is not possible (e.g. if all robots are
heterogeneous). The procedure X is a problem parameter that is not under the control of

any algorithm for generating ad hoc teammates, analogous to the transition function of the
underlying Dec-POMDP. | Augmenting the Dec-POMDP of Section with the controlled

'The original AHT problem statement used the terms “known” and “unknown” agents. However, it is
common for modern AHT learning methods to assume some knowledge about the “unknown” teammates
during training (Mirsky et al.,2022). The terms controlled and uncontrolled are therefore employed instead.

2Tt is straightforward to imagine generalizing the team-sampling procedure so that the agent sampling
functions are conditioned on the environment state. Such an extension might be relevant for modeling
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set C', the uncontrolled set U, and the team sampling procedure X yields the NAHT tuple
<Ka 87 {Oz}z}il? {*AZ i]ila Po, T7 Qa R7 s Ca U7 X>

Without loss of generality, let C(0) = {73}~ denote a set of controlled agent policies
parameterized by 6, such that a learning algorithm might optimize for . Let () indicate
a team of K agents, and w%) ~ X (U, C(6)) indicate sampling such a team from U and C
via the team sampling procedure. The NAHT objective is to find parameters 6 such that
C'(#) maximizes the expected return in the presence of teammates from U:

meax Ew(K)NX(U,C(G)) [Z ’}/tR(St,at)] . (51)
t=0

When N = 1, NAHT reduces to AHT; when N = K and U = (), NAHT reduces to CMARL.
The two key challenges of NAHT are generalization (coordinating with potentially unknown
teammates) and openness (coping with a varying number of uncontrolled agents).

5.2 The Need for Dedicated NAHT Algorithms

Having introduced the NAHT problem, a natural question to consider is whether
AHT solutions may optimally address NAHT problems. If so, then there would be little
need to consider the NAHT problem setting. For instance, a simple yet reasonable approach
consists of directly using an AHT policy to control as many agents as required in an NAHT
scenario. This section illustrates the limitations of the aforementioned approach by giving a
concrete example of a matrix game in which (1) an AHT policy that is learned in the AHT
(N = 1) scenario is unlikely to do well in an NAHT scenario where N = 2, and (2) even an
optimal AHT policy is suboptimal in the N = 2 setting.

Define the following simple game for K agents: at each turn, each agent a’ picks one
bit b* € {0,1}, and at the end of each turn all the bits are summed, s = >, 0. The team
wins if and only if the sum s of the chosen bits is exactly 1, and the probability of winning
is denoted by P(s = 1). Suppose the uncontrolled agents follow a policy that independently
selects 1 with probability p = % Lemma shows that p = % is the optimal value of p
for a team composed of such agents. For simplicity, the following considers the three-agent
case, K = 3.

systems in which agent availability varies with context, such as a warehouse in which robots suited to heavy
loads are more likely to be found near the loading dock, or in which certain robots are only available during
working hours when human supervisors are present. Because the experiments in this chapter do not rely on
state-conditioned sampling, a discussion of this extension is deferred to Appendix
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In the AHT problem setting, a learning algorithm assumes control of only a single
agent. Let p.y denote the probability with which the AHT agent selects 1. Given the
aforementioned team of uncontrolled agents, any value of p,y; results in the same probabil-
ity of winning, because the probability of winning, P(s = 1) = %, is independent of pap¢

(Lemma [D.2)). Thus, any controlled policy is optimal in the AHT setting.

Next, consider an NAHT scenario in which a learning algorithm must define the
actions of two out of three agents. Suppose that the same AHT policy is used to control
both agents, so that both agents select 1 with probability p.,. As demonstrated above, an
AHT algorithm trained in the N = 1 scenario could result in learning any pau:. In the N = 2
setting, by contrast, the optimal AHT policy is pant = =

3
this policy is P(s = 1) = § (Lemma [D.3)).
Finally, there exists an NAHT policy that controls both agents and obtains a higher
winning probability. Consider the policy in which one controlled agent always plays 0, while

and the winning probability for

the other plays 1 with probability pyan. Lemma [D.4] shows that the optimal pyan = 1, and
the corresponding probability of winning is P(s = 1) = % > %. Thus, this example exhibits
an NAHT scenario in which an AHT policy that is optimal when N = 1 performs worse than
a simple NAHT joint policy in the N = 2 setting. Empirical validation of the theoretical

results is provided in Appendix

5.3 Method: POAM

This section describes the POAM method, which trains a collection of NAHT agents
that can adaptively deal with different collections of unknown teammates. To enable control-
ling a varying number of agents while learning in a sample-efficient manner, POAM adopts the
independent reinforcement learning framework with full parameter sharing (Chapter [2.2.2]).
For each controlled agent, POAM relies on an agent modeling network to build an embed-
ding vector characterizing teammates encountered during an interaction. Simultaneously,
each controlled agent learns an adaptive agent policy that maximize the controlled agents’
returns by training a policy conditioned on the environment observation and team embed-
ding vector. Finally, POAM leverages data generated by uncontrolled agents, allowing the
controlled agents to learn from the uncontrolled. An illustration summarizing how POAM
trains NAHT agents is provided in Figure [5.2]

The training processes for the policy networks and agent modeling are described in
Chapters [5.3.1] and [5.3.2] respectively, while the use of uncontrolled agent data is described
in Chapter [5.3.3|
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5.3.1 Policy and Value Networks

POAM trains agent policies with an independent reinforcement learning approach
based on the 1PPO algorithm described in Section [2.2.2] modified so that both the actor
and critic are conditioned on the teammate embedding described in Section [5.3.2] An inde-
pendent learning method circumvents the need to handle the changing number of agents that
results from environment openness. To improve learning efficiency by enabling information
sharing between controlled agents, full parameter sharing is employed for all policy and value
neural networks.

The policy network of controlled agent i, 7, : H' x R" — A(A"), is parameterized
by 67 and uses the NAHT agent’s history of local observation o! and the team embedding
¢! to compute a policy that is then followed by all controlled agents. Conditioning the
policy network on ¢! allows a controlled agent to change its behavior based on the inferred
characteristics of encountered agents. Analogously, the value network of controlled agent @
is given by Vj. : H" x R" — R, parameterized by 6¢, uses the history of local observations
and team embedding to predict the expected team return given h; and ei. The losses used
to train the policy and value neural networks remain the same as in IPPO.
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5.3.2 Agent Modeling Network

Designing adaptive policies that enable NAHT agents to achieve optimal returns
against any team of uncontrolled agents drawn from some set U requires information on
the encountered team’s unknown behavior. In the absence of prior knowledge about un-
controlled teammates’ policies, local observations from a single timestep may nonetheless
fail to contain sufficient information regarding the encountered team. To circumvent this
lack of information, POAM’s agent modeling network provides team embedding vectors that
characterize the observed behavior of teammates in the encountered team.

Two main criteria are identified for desirable team embedding vectors. First, team
embedding vectors should identify information regarding the unknown state and behavior of
other agents in the environment—both controlled and uncontrolled. Second, team embedding
vectors should ideally be computable from the sequence of local observations and actions of
the team. Fulfilling both requirements provides an agent with useful information for decision-
making in NAHT problems, even under partial observability.

For each controlled agent, POAM produces informative team embedding vectors by
training a model with an encoder-decoder architecture, illustrated by the red components
in Figure For ease of presentation, the encoder-decoder models for controlled agent i
are referred to without the index i. The encoder f5*¢ : H' — R, parameterized by 6°,
processes the modeling agent’s history of local observations and actions up to timestep t,
hi = {0%,al_,}._,, to compute a team embedding vector ¢! € R™ of dimension n that
characterizes the modeled agents. This reliance on local observations helps ensure that
the agent modeling network can operate without access to the environment state, which
is unavailable under partial observability. The team embedding vector is processed by two
decoder networks: the observation decoder fie¢ : R™ - O~ and the action decoder fd :
R" — A(A™"). The decoder networks are respectively trained to predict the observations
and actions of all other agents on the team at timestep ¢, (0, ,a;"), encouraging € to
contain information relevant to the current NAHT agent’s decision-making process. While
the observation decoder directly predicts the —i observations, the action decoder predicts the
parameters of a probability distribution over the —i agents’ actions, p(a;"; fie(fs(hi))),
where an appropriate distribution for p is selected by the system designer.

Concretely, agent i’s encoder-decoder model is trained to minimize a maximum likeli-
hood loss over all teammates’ observations and actions, given its own local observations and
actions. Because the experimental setting in this chapter considers continuous observations
and discrete actions, the observation loss is a mean squared error loss between the ground
truth observation and the observation predicted by the observation decoder, while the action
loss is the negative log likelihood of the —¢ agents’ actions under the Categorical distribution

63



parameterized by the action decoder.:

Loegran (i 07 s ar) = (1355 (52 () = o712 = log (play s SE==(F5< (1)) ). (5:2)

5.3.3 Leveraging Data from Uncontrolled Agents.

POAM assumes access to the joint observations and actions generated by the current
team deployed in the environment at training time only, where the team consists of a mix
of controlled and uncontrolled agents. This assumption provides an opportunity to learn
useful cooperative behaviors more quickly, by bootstrapping based on transitions from the
initially more competent uncontrolled teammate policies, as also observed by Rahman et al.
(2021)). POAM leverages data from both controlled and uncontrolled agents to train the value
network, in effect treating the uncontrolled agents as exploration policies. Because the policy
update is highly sensitive to off-policy data, only data from the controlled agents is used to
train the policy network. This aspect of POAM is a significant departure from PPO, which is
an on-policy algorithm.

5.4 Experimental Results

This section presents an empirical evaluation of POAM and baseline approaches across
different NAHT problems. Three research questions are investigated:

e Does POAM learn to cope with uncontrolled teammates with higher sample efficiency
and asymptotic return than baselines?

e Does POAM improve generalization to previously unseen, out-of-distribution team-
mates, compared to baselines?

e Do the two key ideas of PoAM—agent modeling and the use of data from uncontrolled
agents—work as desired and contribute positively to POAM’s performance?

The experimental results show that POAM usually copes with uncontrolled team-
mates more sample-efficiently and with higher asymptotic return than the baselines, that
it improves generalization to out-of-distribution teammates, and that both agent modeling
and the use of data from uncontrolled agents contribute positively to its performance. Full
implementation details, including hyperparameter values and additional empirical results,
appear in Appendices D.4]
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5.4.1 Experimental Setup

This subsection summarizes the experimental design, including the particular NAHT
problem instance, the procedure for generating uncontrolled teammates, the experimental do-
mains, and the baselines. Details on the evaluation metrics are provided in Appendix [D.3.1]

A practical instantiation of NAHT. Similar to AHT, the NAHT problem can be pa-
rameterized by the amount of knowledge that controlled agents have about uncontrolled
agents, and by whether uncontrolled agents can adapt to the behavior of controlled agents (Bar-
rett and Stone| 2012)). Furthermore, as a direct result of the fact that an NAHT algorithm
may control more than a single agent, the NAHT problem may also be parameterized by
whether the controlled agents are homogeneous, whether they can communicate, and what
the team sampling procedure is. While the fully general problem setting allows for heteroge-
neous, communicating controlled agents that have no knowledge of the uncontrolled agents,
this chapter focuses on a special case of the NAHT problem, in which agents are homoge-
neous and non-communicating, may learn about uncontrolled agents via interaction, and in
which the team sampling procedure consists of a uniform random sampling scheme from U
and C'. Concretely, the experiments employ a training-time sampling procedure X, that
samples N uniformly from {1,--- , K —1}, then samples N agents from C' and K — N agents
from U in a uniform fashion (Figure . This special case is designed primarily to assess
whether controlled subteams may outperform independent controlled agents when cooperat-
ing with multiple types of uncontrolled agents. Consideration of broader NAHT scenarios is
left for future work.
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Figure 5.3: A practical instantiation of the NAHT problem, as used in the experiments of Section
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Generating uncontrolled teammates. To generate a set of uncontrolled teammates
U, the following MARL algorithms are used to train agent teams: VDN (Sunehag et al.,
2018), Qmix (Rashid et al., 2018), 1QL (Tan, 1993), 1pPO, and MAPPO (Yu et al., 2022b)).
The generated team behaviors are verified to be diverse by checking that (1) distinct teams
trained by the same algorithm learn distinct coordination conventions, and (2) teams trained
by different algorithms also learn distinct coordination conventions (Appendix [D.4.2)). The
emergence of diverse teammate behaviors from training agents using different MARL algo-
rithms under different seeds aligns with the findings of [Strouse et al.| (2021)).

Let Ugrain denote the set of uncontrolled teammates used to train all (N)AHT methods.
Utrain consists of five teams, each trained via VDN, QMIX, IQL, IPPO, and MAPPO, respectively,
and is verified to exhibit diverse coordination conventions via cross-play matrices. Ulegt
consists of a set of holdout teams trained via the same MARL algorithms but not seen
during training. The experimental results reported in Sections [5.4.2 and [5.4.4] are based on
evaluation with Uj;.i,, while the results reported in Section are based on evaluation
with Ulegt.

Experimental domains. Experiments are conducted on a predator-prey task (mpe-pp)
implemented within the multi-agent particle environment (Lowe et al.,2017)), and on the 5v6,
8v9, 10v1il, 3svbz tasks from the StarCraft Multi-Agent Challenge benchmark (SMAC;
Samvelyan et al.; 2019). On the mpe-pp task, three predators must cooperatively pursue a
pretrained prey agent, and the team receives a reward of +1 per time step that two or more
predators collide with the prey. On the SMAC tasks, a team of allied agents must defeat
a team of enemy agents controlled by the game server; for each task, the first number in
the task name indicates the number of allied agents and the second indicates the number of
enemy agents. The team is rewarded for defeating enemies, with a large bonus for defeating
all enemies. Full details on the experimental domains are provided in Appendix [A]

Baselines. As NAHT is a new problem, no prior algorithms are directly designed for it.
Three baselines are therefore constructed to contextualize the performance of POAM, all of
which employ full parameter sharing (Papoudakis et al., [2021b)).

e Naive MARL: various well-known MARL algorithms are considered, including both inde-
pendent and centralized training with decentralized execution algorithms (Hernandez-Leal
et al., 2019). The algorithms evaluated here are 1QL (Tan, [1993)), VDN (Sunehag et al.|
2018), Qmix (Rashid et al. [2018), iPPO, and MAPPO (Yu et al. 2022b). These MARL
baselines are trained in self-play and then evaluated in the NAHT setting. In the following,
only the performance of the best naive MARL baseline is reported.
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e [ndependent PPO in the NAHT setting (IPPO-NAHT): IPPO (Section is the policy
gradient MARL algorithm that POAM builds upon. By contrast to the naive MARL base-
lines, IPPO-NAHT is trained using the NAHT training scheme presented in Section [5.4.1]
The variant considered here employs full parameter sharing, in which the actor is trained
on data from controlled agents only, but the critic is trained on data from both controlled
and uncontrolled agents. The latter detail is a key algorithmic feature that POAM also
employs, but is an extension from the most naive version of PPO (see Section .
IPPO-NAHT can therefore be considered an ablation of POAM in which the agent modeling
module is removed.

e POAM in the AHT setting (POAM-AHT): As discussed in Section [5.2] a natural baseline
approach to the NAHT problem is to use AHT algorithms that train only a single controlled
agent, and to copy these policies as many times as needed in the NAHT setting. To
evaluate the intuition that AHT policies do not suffice for the NAHT problem setting,
an AHT version of POAM is considered that is trained identically to POAM, but in which
the number of controlled agents is always one (N = 1) during training. POAM-AHT is
equivalent to the AHT algorithm LIAM introduced by Papoudakis et al.| (2021a).

5.4.2 POAM Improves over AHT and CMARL Baselines

This subsection examines whether POAM learns to cope with uncontrolled teammates
with greater sample efficiency or asymptotic return than baselines. Figure |5.4f shows the
learning curves of POAM and IPPO-NAHT, and the test returns achieved by the best naive
MARL baseline and POAM-AHT, on all tasks.
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Figure 5.4: Learning curves of POAM and IPPO-NAHT, and the final returns of the best Naive MARL and
POAM-AHT baselines, across all tasks. POAM consistently improves over all baselines in asymptotic return or
sample efficiency. Learning curves report the mean test return across five trials, and shaded regions reflect
the 95% confidence intervals.

POAM outperforms all baselines in asymptotic return on three of five tasks (mpe-pp,
5v6, 3svbz). For all tasks, POAM’s initial sample efficiency is similar to that of 1PPO-
NAHT for the first few million steps of training, after which POAM displays higher return.
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This initial similarity in sample efficiency is attributed to the initial cost of learning team
embedding vectors, which, once learned, improves learning efficiency.

IPPO-NAHT, which can be viewed as an ablation of POAM with no agent modeling,
is the next-best-performing method. Although IPPO-NAHT generally has poorer sample effi-
ciency than POAM, the method converges to approximately the same returns on two of five
tasks (8v9 and 10v11). While the agent modeling module of POAM provides team embed-
ding vectors to the policy learning process, the embeddings are themselves produced from
each agent’s own observation. Since no additional information is provided to POAM agents,
it is unsurprising that IPPO-NAHT can converge to solutions similar to those of POAM, given
enough training steps. Finally, while the best naive MARL baseline and POAM-AHT learn
good solutions on some tasks, neither method performs consistently well across all tasks.
The inconsistency of the naive MARL and POAM-AHT baselines confirms that applying ex-
isting AHT algorithms and standard independent multi-agent methods is insufficient for
solving NAHT problems. Appendix examines this gap as a function of team compo-
sition, showing that POAM-AHT’s performance declines as the number of controlled agents
increases, whereas POAM outperforms POAM-AHT for all values of N > 1. Overall, POAM
discovers the most consistently performant policies compared to the baseline methods, in
a relatively sample-efficient manner. Thus, we conclude that (1) agent modeling improves
learning efficiency, and (2) direct duplication of AHT-trained policies is less effective than
co-training agents for NAHT.

5.4.3 POAM Generalizes Better to Out-of-Distribution Teammates

The AHT literature commonly assumes that uncontrolled teammates of interest may
be interacted with directly during training (Papoudakis et al., 2021a; Barrett et al., 2017}
Rahman et al| 2021), and the experiments in the prior subsection were conducted under
this assumption. In realistic scenarios, it may be challenging to obtain training teammates
representative of those likely to be encountered in the wild. This subsection examines the
effectiveness of POAM when NAHT agents must coordinate with teammates that were not
available at training time, and are therefore out-of-distribution (OOD). This section considers
OOD teammates are created by running MARL algorithms with different random seeds than
those used to generate train-time teammates. Appendix presents similar findings with
an alternative OOD teammate generation strategy, in which the five MARL algorithms used
to generate uncontrolled teammates are divided into train and test sets, so that the test-time
teammates are produced by entirely held-out algorithms rather than by unseen random seeds
of the training algorithms.
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Figure shows the mean and 95% confidence intervals Predator Prey
of the test return achieved by POAM, compared to IPPO-
NAHT, when paired with previously unseen seeds of 1PPO,
IQL, MAPPO, QMIX, and VDN on mpe-pp; the correspond-
ing results for the StarCraft tasks are shown in Figure [5.0] %
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Figure 5.6: Test returns of POAM and IPPO-NAHT when paired with out-of-distribution teammates on the
StarCraft tasks. POAM generalizes better than IPPO-NAHT across all StarCraft tasks, with the in-distribution
performance shown as a reference baseline.

5.4.4 POAM Learns Accurate Teammate Models
and Benefits from Uncontrolled Data

This subsection studies the two key aspects of POAM: the teammate modeling module,
and the use of data from uncontrolled agents to train the critic. The impact of both aspects
on POAM’s sample efficiency is studied, focusing on the mpe-pp and 5v6 tasks.

Teammate modeling performance. In the NAHT training and evaluation setting, a
new set of teammates is sampled at the beginning of each episode. An important subtask
for a competent NAHT agent is therefore to rapidly model the distribution and type of
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teammates at the beginning of the episode, to enable the policy to exploit that knowledge
as the episode progresses. This task is especially challenging in the presence of partial
observability, a property of the SMAC tasks. To address these challenges, POAM employs a
recurrent encoder, which encodes the POAM agent’s history of observations and actions to
an embedding vector, and a non-recurrent decoder network, which predicts the egocentric
observations and action distribution for all teammates.

A natural question, then, is whether the learned teammate embedding vectors actually
improve over the course of an episode. Figure depicts the within-episode mean squared
error (MSE) of the observation predicted by the decoder, and the within-episode probability
of the action actually taken by the modeled teammates, according to the decoder’s modeled
action distribution, where each curve corresponds to a different training checkpoint of a single
run. In general, the average MSE decreases over the course of training, while the average
probability of the taken actions increases. For later training checkpoints, within an episode
the average MSE decreases while the average probability increases, reflecting the increased
confidence of the agent modeling module as more data is observed about teammates. POAM is
therefore able to cope with the challenges introduced by the sampled teammates and partial
observability, learning accurate teammate models. The same trends hold on the 5v6 task
(Figure [p.7D). Appendix further separates this modeling performance by teammate
type, showing that the encoder-decoder models the uncontrolled agents more accurately than
the nonstationary controlled agents.
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Figure 5.7: Evolution of the within-episode mean squared error (left) and probability of actions actually taken
by modeled teammates (right) of POAM’s agent modeling network, computed over the course of training on
the mpe-pp and 5v6 tasks. Each curve corresponds to a different training checkpoint. The agent modeling
performance improves over the course of an episode, as more data about teammate behavior is observed.

Impact of data from uncontrolled agents. Both POAM and IPPO-NAHT update the
value network using data from both the controlled and uncontrolled agents. As Figure [5.8
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shows, this algorithmic feature results in a significant performance gain over training using
on-policy data only, for both POAM and 1PPO-NAHT. This result confirms that bootstrap-
ping value learning from the trajectory data of the initially more competent uncontrolled
teammates improves the sample efficiency of the controlled subteam.
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Figure 5.8: Learning curves of POAM and IPPO-NAHT with and without uncontrolled agent data (UCD) for
value network training on the mpe-pp and 5v6 tasks. Training the value network with uncontrolled agent
data improves sample efficiency for both algorithms on both tasks.

5.5 Summary

This chapter presented NAHT (Contribution 3), a formalization of cooperative MARL
in which a controlled subteam must coordinate with dynamically varying uncontrolled team-
mates, along with the POAM algorithm for addressing it (Contribution 4). A matrix game
example showed analytically that AHT policies are suboptimal in the NAHT setting, demon-
strating that dedicated NAHT algorithms are needed. Empirically, POAM, which learns to
model teammates and conditions its policy on the resulting embeddings, consistently out-
performs AHT and CMARL baselines in cooperative task return and out-of-distribution
generalization.

Together, Contributions 3 and 4 address both dimensions of the thesis question.
NAHT addresses the learning with dimension (Dimension 2). By modeling the identities and
behaviors of co-existing teammates online, a controlled subteam can adapt its coordination
strategy to work effectively with a dynamically changing number of teammates. While D-
Shape (Chapter [3)) and DM? (Chapter |4)) both also address the learning from dimension,
they do so by exploiting curated demonstration data rather than online trajectory data
generated by teammates encountered during NAHT training.
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This chapter was the first to consider the learning with dimension of the thesis ques-
tion, by considering the ad hoc teamwork problem setting. Future chapters will also focus
on this dimension, but from complementary perspectives. Like many AHT methods, POAM
trains its controlled subteam against a fixed population of uncontrolled teammates Us,;, gen-
erated by running standard MARL algorithms, so the generalization of the learned policy to
unseen teammates (Section |5.4.3) is bounded by the diversity of this fixed population. RO-
TATE (Chapter @ addresses this limitation directly by reformulating AHT as an open-ended
learning problem, in which a teammate generator continually surfaces new teammates that
expose the agent’s collaborative weaknesses. ROTATE therefore complements POAM: whereas
POAM adapts to a given set of teammates, ROTATE generates the teammates to adapt to.
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Chapter 6: ROTATE: Regret-Driven Open-Ended Ad
Hoc Teamwork

This chapter presents Contributions 5 and 6 of this dissertation. Contribution
5 reformulates ad hoc teamwork as an open-ended learning problem, and Contribution 6
introduces ROTATE, a practical algorithm for optimizing the resulting objective. The
work presented in this chapter appears as |Wang et al.| (2025al).

The chapter addresses two issues that cause current AHT methods to fail to learn
policies that effectively collaborate with some teammates. First, most work decomposes
AHT learning into two stages (Mirsky et al., 2022), consisting of first creating a fixed set
of teammates, and then training an AHT agent using RL, based on interactions with team-
mates sampled from the set. Because two-stage methods typically rely on a small set of
human-designed or pretrained teammates (Papoudakis et al., 2021a; Zintgraf et al. 2021}
Rahman et al., 2021} 2023b), they ignore whether the training partners are suitably chal-
lenging for the current learning agent, and the resulting AHT agents struggle to handle
novel behaviors outside the predefined set (Strouse et al., 2021; Carroll et al.; |2019)). Even
when the training set is diverse, the AHT agent remains incapable of collaborating effectively
with some teammates sampled from the vast space of possible strategies, specifically those
with significantly different behavior from the policies in the training set (Vezhnevets et al.
2020; Rahman et al., |2021). Second, recent work improves generalization by substituting
the predefined set with a generated collection of diverse teammates (Lupu et al., [2021}; Rah-
man et al) 2023b), trained to maximize different notions of diversity, and in some cases
generated iteratively (Yuan et al) 2023a)). One prominent diversity notion is adversarial di-
versity (Charakorn et al 2023; Rahman et al., 2023b), which aims to design a set of teams
where team members cooperate well with each other, but not with the members of different
teams. However, adversarial diversity yields teammates whose return-diminishing tendencies
in certain states make it challenging for a randomly initialized RL-based AHT agent to learn
to collaborate with them effectively (Cui et al., 2022; Sarkar et al., 2023; Lauffer et al., 2025]).

The above issues are addressed by proposing an open-ended learning framework that
continually generates teammates that are diverse, yet cooperative and competent. The
learning objective is formulated by observing that maximizing the expected returns of an
AHT agent on a known set of teammates is equivalent to minimizing its expected coopera-
tive regret, defined as the utility gap between the best response to a given teammate and
the AHT agent’s performance with that teammate. Taking inspiration from unsupervised
environment design (UED) methods (Wang et al., |2020; Dennis et al.; [2020; |Jiang et al.
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Figure 6.1: ROTATE Overview. ROTATE is an open-ended learning framework for AHT. The core idea
of ROTATE is to improve the AHT agent by iteratively generating diverse teammates with whom the AHT
agent struggles yet can still learn to collaborate with.

2021a; Rutherford et al. 2024a), the AHT problem is reformulated as a minimax game in
which a teammate generator maximizes the AHT agent’s cooperative regret, while the AHT

agent learns to minimize its regret against the resulting stream of generated teammates.
However, unlike environments in UED, teammates can sabotage the AHT agent by acting
incompetently in the states that the AHT agent encounters, so naively maximizing regret
yields the same degenerate, non-cooperative teammates produced by adversarial diversity.
To avoid such behaviors, teammates are generated by maximizing regret in all encountered
states while imposing competency constraints, which provably bounds the competence of the
generated teammates on the states encountered during training. Building on these founda-
tions, this chapter introduces a practical algorithm, ROTATE (Fig. , which optimizes
the competence-bounded per-state regret objective while maintaining a population of all
previously generated teammates.

This chapter makes four main contributions. First, AHT is reformulated as a regret-
driven game between a teammate generator and the AHT agent, motivating addressing
AHT as an open-ended learning procedure that continually generates new teammates. Sec-
ond, sabotage is characterized as a property of an objective that induces incompetent be-
havior from teammates, and a competence-bounded per-state regret objective is proposed
that provably bounds the competence of generated teammates on states encountered during
training. Third, a novel algorithm, ROTATE, is proposed to instantiate the open-ended
AHT framework. Fourth, extensive empirical evaluations demonstrate that ROTATE sig-
nificantly improves return against unseen teammates compared to representative baselines
from AHT and open-ended learning on Overcooked and Level-Based Foraging.
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6.1 Problem Formulation

This section situates the AHT problem in a fully observable setting, using the Dec-
MDP formalism (Bernstein et al., [2002)) introduced in Chapter [2] (Section [2.2.1)) and restated
here as a reminder. A Dec-MDP is characterized by a 7-tuple, (K, 8, {A*}E T, po, R,7),
where K, §, and 7 respectively denote the number of agents within an interaction, the
state space, and a discount rate, 0 < v < 1. Every interaction between agents begins from
a state sampled from the initial state distribution, sy ~ py. At timestep t, each agent,
i € {1,...,K}, jointly executes an action selected from its action space, ai € A’, based
on the observed state, s;, and its policy, 7’(s;). In contrast to the partially observable
AHT setting of Section every agent here observes the full state, and we assume that
teammates choose their actions only based on the current state. Meanwhile, the AHT agent,
also referred to as the ego agent, selects actions based on its state-action history, which
is necessary to distinguish between different types of teammates effectively. Denoting the
set of all probability distributions over a set X as A(X), the execution of the joint action,
a; = (a},...,al"), results in agents observing a new state, s;,1, sampled according to the
environment transition function, 7' : § x At x - - - x AX = A(8), and a common scalar reward,
¢, based on the reward function, R : 8 x A! x --- x AX = R.

Within the Dec-MDP framework, AHT methods aim to train ego agents to achieve
maximal returns when collaborating with a set of unknown yet competent teammate policies,
denoted as I1°® (Stone et al., 2010). Following Section , we designate agent i as the ego

© refer to the ego agent’s

agent and the remaining K — 1 agents as its teammates. Let 7°®
policy, and 7% denote its K — 1 teammates’ joint policy. We denote the return of the team
formed by the ego agent (following 7°€°) and the teammates (following 77°), starting from

state sg, by:

V(SO|7T_i7 Wego) = Eafgowﬂ’cgo, [Z ’YtR(Sta a’t)

So] . (61)

i

a; ‘'~ t=0
Given a teammate policy 7%, BR(7 ™) is a best response policy to 7~ if the team
policy formed by 7=% and BR(7 %) achieves maximal return:
BR(7 ") € argmax Ey -, [V (so|m ", 7)] . (6.2)

Throughout this chapter, we refer to interactions between a teammate 7—% and the ego agent
as cross-play (XP), and to interactions between 7" and its best response BR(7 %) as self-
play (SP). We define the set of pp-competent teammate policies as the set of teammates
that achieve a team return of at least C' with their best response:

1" (po) = {7+ Eggepe [V (s0|7 ™", BR(z"))] > C}. (6.3)
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In the AHT problem, evaluation teammates are assumed to be competent, i.e. II®¥ C
&' (po)-

Let ¢8(I1°3!) denote the probability distribution used during evaluation to sample
teammates from I1°*. With the concepts previously defined, the AHT objective of Sec-
tion is formalized as finding an ego policy 7°° that maximizes the expected return when
collaborating with joint teammate policies sampled from ¢! (T1¢val):

max V(" 11 7°8°) = max [ i peval (pevaly, [V (so | 77", m%°)] . (6.4)

Tego Tego $07~P0

An optimal 7°° that maximizes Eq. adaptively approximates the best response policy
performance when collaborating with 7% € IT¢va,

Since I1°? is unknown, AHT algorithms (Mirsky et al.,[2022)) learn by interacting with
policies from the training set, II"®"  which are learned or manually designed by leveraging
an expert’s domain knowledge about the characteristics of II®®. After forming the set of
training teammates, current AHT algorithms use RL to discover an ego agent policy based
on interactions with teammate policies sampled from II%*".  While the precise training
objective varies with the AHT algorithm, methods commonly estimate an ego agent policy
by maximizing the expected return during interactions with teammate policies sampled
uniformly from IT%#n:

780 ([I"210) € argmax i g (rtrain) [V(So Ea Wego)] : (6.5)

Tego

Naturally, 7% (I1""*") may be suboptimal with respect to II°® and ", if there is distri-
bution shift between the training and evaluation objectives.

» SO~ PO

6.2 Ad Hoc Teamwork as an Open-Ended Learning Problem

In this section, we reformulate the AHT objective (Eq. as a minimax regret game
between a teammate generator and an ego agent learner, suggesting an open-ended learning
procedure to address AHT problems. We show that for a fixed set of teammates I1°¥* and
sampling distribution ¥ over I1°* maximizing the return of the ego agent is equivalent
to minimizing its cooperative regret. In the absence of knowledge about IT®¥® and v,
we argue that minimizing the worst-case cooperative regret of the ego agent with respect
to regret-maximizing, competent teammates, leads to ego agents that cooperate well with
unknown, competent teammates. Based on this argument, we propose a novel minimaz
regret objective (Eq. . Finally, we present an algorithmic framework for optimizing the
minimax regret objective in an iterative fashion (Alg. .

We begin by defining the cooperative regret of an ego agent policy given a joint
teammate policy.
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Definition 6.1 (Cooperative Regret). The cooperative regret of an ego policy m*° when

interacting with a joint teammate policy ™ from a starting state sq is:

CR(7*°,m~",59) =V (so|lm ™", BR(r™")) =V (so|m ™", 7).

Observe that any ego policy that mazimizes the AHT objective (Eq. must also
minimize the expected regret over joint teammate policies sampled from 1eval(TTeval):

CR(lpeval, Heval’ Wego) - Eﬂpfi,\,weval(neval) [CR(T(egO, 7T7i, 80):| 5 (66)

»$0™~P0

which results from V (so|7 ™%, BR(7 %)) being independent of 7°° for any 7% and s.

The above equivalence suggests training ego policies to minimize the expected coop-
erative regret, CR(¢°, I1®8! 7°%°). However, as I1°® and ¢°"® are unknown, we propose

ego

optimizing 7°° to minimize the worst-case regret that could be induced by any teammate

policy within the set of po-competent teammates, 7% € Hgi(po):

min = max  E, ., [CR(7%, 77, 50)] . (6.7)

ego —i
& Q ZEHCZ(pO)

The minimax regret game in Eq. has two properties that make it a suitable
training objective for AHT. First, for the ego agent, finding 7°° that achieves zero worst-
case regret is equivalent to finding an ego agent that achieves the best-response return with
any joint teammate policy 7. If such a 7°8° exists, then this AHT agent maximizes Eq.
for any ¢ and II*®. However, its existence is not guaranteed. Consider a one-step
task in which two agents simultaneously retrieve one of two objects and succeed only if the
objects differ. Against a teammate that always retrieves the first object and another that
always retrieves the second, any ego policy has positive regret against at least one of the
two teammates. In practice, we are therefore content with minimizing the worst-case regret.
Second, for the teammate, maximizing the regret of the ego agent encourages discovering 7
for which the ego agent policy has substantial room for improvement, inducing a curriculum
for the ego agent learner. In UED, similar minimax regret formulations have successfully
induced curricula to improve the ability of RL agents to generalize to unseen environment
variations (Dennis et al., |2020; [Wang et al., |2020). Note that regret maximization does not
require access to an exact best response, so BR(7 %) may be trained with RL, rather than
assumed to be available[]

!Define the regret as V(so|m =%, ™) — V(so|m %, 7°°), where (7%, 7*™) jointly maximize regret while
m°8° minimizes it. To maximize regret, 7*™ can only act on the first term to maximize the value with 7=,

recovering our original minimax regret formulation (cf. Thm. 2 of Dennis et al.| (2020)). Under this view,

7™ need not be the exact best response for the objective to be well posed.
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In Eq. [6.7, constraining regret maximization to pp-competent teammates is espe-
cially important, both to align the optimization procedure to the AHT problem definition,
and because unconstrained regret maximization may lead to incompetent teammates that
perform poorly against any 7°°. Such teammates are undesirable because they introduce
unnecessary learning challenges for RL-based AHT learning algorithms, and are unlikely to
be encountered in coordination scenarios. We expand upon this discussion in Section [6.3]
where we propose a practical regret-maximization objective.

Algorithm 3 Open-Ended Ad Hoc Teamwork Framework

. Input: Environment Env, iterations 7%, initial ego parameters §°6°

. Initialize teammate policy buffer B, < 0

. for j =1 to 7" do

B1Y <+ TeammateGenerator(Env, §°¢°, B, ) // Train teammates to maximize cooper-
ative regret

g°¢° < EgoUpdate(Env, #°° B2") // Train ego agents to minimize cooperative regret

W oy

o

2

B, « BX"
: end for
: Output: Final ego policy 6°°

oo

Alg. [3] outlines our general framework for training an ego agent to minimize the worst-
case cooperative regret induced by any teammate 7 € Hai(pg). This method resembles
coordinate ascent algorithms (d’Esopol [1959)), which alternate between optimizing for 7
and 7°&° for T iterations, while assuming the other is fixed. Line [2] initializes an empty
teammate policy buffer, which accumulates all teammates generated across iterations. We
call a phase in which 7°° is fixed and 7" is updated to maximize the ego agent’s regret
the teammate generation phase (Line . Meanwhile, assuming that 7—¢ is fixed, the

ego agent update phase (Line [5) updates 7°° to minimize regret. Line @ then replaces

7

the buffer with the updated buffer returned by the teammate generator, so that subsequent
iterations build upon all previously generated teammates.

Sections [6.3] and [6.4] will describe ROTATE, our practical instantiation of Alg. [3] as
an open-ended learning approach for AHT. Section focuses on important details for gen-
erating regret-maximizing teammate policies that remain competent. Meanwhile, Section
covers the practical experience collection process for ROTATE’s teammate generation and
ego agent update phase. Note that ROTATE is an open-ended learning procedure accord-
ing to the definition proposed by Hughes et al| (2024) because it continually generates
novel yet learnable artifacts (i.e., teammates) for an observer (i.e., ego agent), which we
comprehensively discuss in Appendix [E.5.1}
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6.3 Generating Regret-Maximizing Yet Competent Teammates

Given a fixed 7°8°, we wish to generate teammate policies that maximize the coop-
erative regret of 7°¢°. However, naive regret maximization may lead to incompetent team-
mates that act adversarially towards the ego agent, introducing learning challenges. We
propose a novel regret-based objective that addresses the problem in two steps. First, team-
mate competence is bounded on the initial state distribution. Second, because a teammate
that is competent from p, may still be incompetent at the states into which it steers the
ego agent, sabotage is defined as a property of a teammate generation objective, bound-
ing competence from p, is shown not to remove the incentive to sabotage, and optimizing
competence-bounded regret from all states visited during training is proposed, which yields
the ROTATE teammate generation objective and bounds teammate competence on those
states. The presented theoretical results are proven in Appendix [E.1.2]

6.3.1 Ensuring Teammate Competence

The most direct instantiation of the regret maximization component of Eq. as an
RL objective is the following, per-trajectory regret objective:

max By, [CR(7°, 77", s0)] . (6.8)

Eq. is the regret over trajectories starting from the initial state distribution. The per-
trajectory regret objective corresponds directly to the adversarial diversity objectives previ-
ously proposed in the teammate generation (Rahman et al., [2023b} |(Charakorn et al., 2023))
and UED literature (Wang et al., [2020; Dennis et al., 2020)).

However, maximizing per-trajectory regret alone does not ensure that the gener-
ated teammate is competent. In Appendix [E.1.1] a matrix game example shows that a
regret-maximizing teammate can minimize returns against any 7°°. Prior work in the AHT
literature has observed that adversarial diversity objectives frequently yield teammates that
minimize their partners’ returns (Cui et al., [2022; |Sarkar et al.| [2023; (Charakorn et al., 2024}
Lauffer et al., 2025)), and has proposed modifications to the objective to counteract this be-
havior. Because I1°¥® is assumed to consist of py-competent teammates, the ego agent may
then learn to interact with teammates unlikely to be encountered during evaluation. Fur-
thermore, because an incompetent teammate yields low returns regardless of the ego agent’s
actions, training against such a teammate provides little signal about the coordination be-
haviors that competent teammates reward, so the ego agent may fail to cooperate well even
with the teammates that it does encounter at evaluation time.

To ensure that maximizing regret leads to pg-competent teammates, we augment per-
trajectory regret with the A-weighted return of the teammate and its best response, yielding
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the competence-bounded per-trajectory regret objective:
max By, [CR(7*°, 7~ T, s0) + AV (solm ", BR(77))] . (6.9)
The following theorem characterizes the competence that each value of A enforces on any 7~*

that maximizes Eq. [6.9]P] Choosing A greater than the provided constant yields teammates
that are po-competent in the same sense assumed of I1°¥2

Theorem 6.1 (Per-Trajectory Competence Lower Bound). Let A € R™°, and let Rp™ =
maxy Boyp, [V (sol7, BR(7'))] and Rp™ = ming By, [V (soln’, 7°)]. If 7= mazimizes

Eq. then
ESONPO |:V (SO|7T_17 BR(?T_Z))} Z )\_—HRmﬂX _|_ A + 1Rm1n‘

min

Consequently, for any C € [RE:)‘“, R3), choosing A > W guarantees 7 € T1'(po).

The proof of Theorem [6.1]is provided in Appendix [E.1.2]

6.3.2 Ensuring Teammate Competence on a Per-State Basis

An objective incentivizes sabotage if a teammate can increase the objective by be-

coming incompetent starting from states visited during XP interactions between 7% and

7% which lowers the return that any partner can obtain from those states. Bounding
the competence of per-trajectory regret alone (Eq. does not mitigate sabotage because
~* achieves with its BR from py. Thus,

incompetence at states visited only with 7°° raises regret without lowering pg-competence.

po-competence constrains only the return that =

For example, a teammate that acts competently only at states reached with its BR and
incompetently everywhere else is pp-competent and achieves high per-trajectory regret, yet

ego

obtains low return with any 7°° that ever strays from the BR’s states.

Teammates generated by an objective that incentivizes sabotage are undesirable for
two reasons. First, such teammates are not expected to be encountered in AHT, as the
teammates in I1°® are assumed to act in good faith towards the shared task. Second, they
introduce learning challenges for the ego agent. The reward at states where the teammate

2Eq. is the Lagrangian of the problem of maximizing per-trajectory regret subject to the constraint
Tt e Hai(po), with A held fixed. Primal-dual methods for single-agent constrained RL rely on the strong
duality of constrained MDPs (Paternain et al.,|2019)), which relies on the linearity of the objective in the occu-
pancy measure induced by the learning agent. Here, the objective involves the BR value, max,/ V (sq|7 %, '),
which is not linear in the occupancy measure of 7—%. Thus, strong duality does not follow from [Paternain
et al.| (2019)). Theorem instead directly characterizes the competence attained with a fixed .
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Figure 6.2: Teammate policy optimization objectives.

is incompetent is consistently low regardless of the ego agent’s actions, so the ego agent
may fail to learn coordination behaviors that competent teammates reward. This problem
is not encountered by typical UED approaches (Dennis et al. 2020; Jiang et al., 2021b;
Rutherford et all 2024a)), which generate only an environment’s initial state under fixed

transition dynamics, and therefore do not encounter adversarial transition dynamics.

Sabotage is defined as a property of an objective rather than of a policy, as sabotage
suggests deliberate intent, which is encoded by the objective rather than on a behavioral
level. To illustrate this, we provide an example where the same incompetent behavior may
arise from two objectives that represent very different incentives. Consider a robot chef in
a single-width corridor kitchen, which cooks competently but performs a safety stop for the
remainder of the episode if a partner draws too close. The robot is pp-competent, since its
BR keeps clear and never triggers the stop, but per-state incompetent once the stop triggers,
since no partner can complete a dish from a blocked kitchen. The policy could result from a
safety-prioritizing objective and have learned to stop as a side effect. Alternatively, it could
result from maximizing the competence-bounded per-trajectory regret objective against w°°
and have learned to stop because halting on states reached only with 7°8° raises regret at
no cost to pp-competence. Characterizing sabotage as a behavioral property fails to capture
the difference between these two learning scenarios.

Prior work characterizes sabotage as return-minimizing behavior of a teammate when
interacting with partners other than its BR (Cui et al., 2022} [Sarkar et al., 2023; Charakorn|
2024)). Our definition differs in two respects. First, sabotage is defined as a property of
an objective rather than of a policy, as argued above. Second, sabotage is defined in terms of
per-state incompetence rather than return minimization, so that the return is evaluated with
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respect to the best possible partner from the affected states, rather than with the non-BR
partner that a teammate is currently interacting With.E| In fact, given that the competence
constraints on teammate behavior are active, it is actually desirable for the teammate to

€8% hecause it indicates that the teammate has learned a convention

minimize the return of m
that the ego agent does not know. The self-sabotage definition of Lauffer et al.| (2025)) likewise
defines sabotage as a property of an objective, but constrains the teammate differently. It
requires the teammate to be a BR to some partner from py, whereas per-state competence
requires that the teammate can achieve return above a threshold with some partner from
every state the ego agent encounters. Neither condition implies the other, since a teammate
may best-respond to a partner from p, while sabotaging states that partner never visits,

while a competent teammate need not be optimal for any partner.

We remove the incentive to sabotage by training 7% to maximize regret while remain-
ing competent starting from the distribution of all states visited by the teammate during
training. In particular, regret estimation involves two types of state visitation distributions,
resulting from: (i) teammate and best response interactions (SP), and (ii) teammate and
ego agent interactions (XP). Let d(n!, 7%; p) denote the state visitation distribution when 7!
and 72 interact based on a starting state distribution p. We use the following shorthand to
denote the SP and XP state visitation distributions:

psp(m™)) i=d (7T_i, BR(7™%); ,00) ,

: . 6.10
pxp(r™) = d (77", 7% o) (6-10)

We write psp and pxp for psp(m %) and pxp(7~*) when the teammate is clear from context.
Based on psp and pxp, the per-state regret of the ego agent is defined as the regret
CR(m8°, 7= 59) with so drawn from U(pxp,psp), which denotes drawing sy from pxp or
psp with equal probability. The difference between the per-trajectory and per-state regret
objectives is visualized in Fig. [6.2]

Analogous to Section [6.3.1], per-state regret is augmented with the A-weighted return
of the teammate and its BR to obtain the final ROTATE teammate generation objective,
which we refer to as competence-bounded per-state regret. Here, BR(7 ) is the best
response to 7 at every visited state rather than only from pg, so that V (so|m =, BR(7 ™))
measures the best return that some partner can achieve with 7=¢ from arbitrary start state
distributions.

3Note that the behaviors identified as sabotage in prior work, such as deliberately playing unplayable
cards in Hanabi (Cui et al., [2022), lower the best possible return from the affected states and are therefore
also per-state incompetent.

82



J(W_i> %) = 2E s, U(pxp, psp) [CR( & 1Y, 30)}
+ AlESO"’pXP [ (50‘77' %, BR,(W ))}
+ XoEggaper [V (507", BR(77))] . (6.11)

Optimizing competence-bounded per-state regret (Eq. offers two intuitive ben-
efits. First, it yields a 7—¢ with which 7°€° can improve its action selection across a broader
range of states. Second, maximizing regret from SP states disincentivizes the emergence of
unconditional cooperation signals (or handshake conventions (Sarkar et al., 2023)) by requir-
ing 7% to decrease the ego agent’s return starting from any state encountered during SP
interactions.

The following theorem, analogous to Theorem bounds the competence of any 7~
that maximizes Eq. |6.11]

Theorem 6.2 (Per-State Competence Lower Bound). Let A, Ay € RZ% with A := A\j + Ay >
0. For any teammate 7', let pxp(7') and psp(n’) denote the XP and SP state wvisitation
distributions induced by 7', and define the mixtures

U(n') == W(pxp(r'), pSP( o)l

p(r') = Jpxp(n’) + 2psp(r),

v(r') i= 35 pxe(n’) + L psr(r).
Let RP™ = maxy Bgyop(m) [V (so|n’, BR(n"))] and RF™ = miny Eg ) [V (so|n’, 79°)]. If
7% mazimizes Eq. then

) . A 2
Egovr-i) [V (so|7™", BR(7™"))] > —=RM™ +

Rmin'
— A2 H A+2° Y

The proof of Theorem is provided in Appendix @ Note that RM™ and R
are teammate-independent, fixed quantities. Theorem [6.2] guarantees a minimum level of
competence for any teammate that maximizes the ROTATE objective in Eq. [6.11] As the
total competence weight increases, if the ratio between \; and A5 is fixed, the bound increases
monotonically from RP" towards R, Thus, the competence weights directly control the
strength of the guarantee. Unlike Theorem (6.1, Theorem certifies competence with
respect to v(7™"), the states encountered during ego training, rather than with respect to
po. Thus, the two objectives trade off alignment with Stone et al. (2010)’s definition of IT¢?!
for cooperativeness on the states over which the ego agent actually learns.
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6.4 Practical Algorithm: ROTATE

This section presents ROTATE, our practical algorithm that instantiates Alg.
by specifying the TeammateGenerator and EgoUpdate procedures, describing each in turn.
In ROTATE, all policies are estimated using the Proximal Policy Optimization (PPO)
algorithm (Section (Schulman et al.| 2017). See Appendixfor a detailed description
and pseudocode of the method.

ROTATE Teammate Generator. Optimizing Eq. requires a different data collec-
tion process compared to the usual RL methods. While maximizing V (so|m %, BR(7 ™)) over
psp is straightforward, maximizing the other terms from Eq. requires collecting expe-
riences using either environment resetting or policy switching. Taking the maximization of
V(solm™", BR(7™")) from sy ~ pxp as an example, if an environment supports resetting to
any arbitrary state, then states encountered during XP interaction can be stored and used
as the initial state for SP interactions. We call such data “self-play from cross play” (SXP)
data. Otherwise, we may sample a random timestep ¢, run XP interaction until timestep ¢,
and then switch to SP interaction (Sarkar et al.| 2023)). Only data gathered after timestep
t should be used to optimize the expected value of V(so|r~%, BR(7")) over pxp. The same
SXP data is used to train BR(7 ™), so that it is a best response to 7~ at every state the
teammate is observed in, as required in Section Both data collection schemes assume
it is possible for agent policies to act starting from arbitrary points within an interaction.
While the assumption is straightforwardly satisfied by fully observable settings with Markov
states, it may not be in partially observable settings, in which teammates typically require
memory. ROTATE extends to this setting by conditioning non-recurrent agent policies on
a shared recurrent belief state (Appendix [E.4.4)).

ROTATE Ego Agent Update. At each iteration, ROTATE creates a teammate that
highlights the cooperative weaknesses of the previous iteration’s ego agent by maximizing
the ego agent’s per-state regret. To allow the ego agent to improve its robustness over time
and reduce the possibility that it forgets how to cope with previously generated teammates,
ROTATE maintains a population buffer of generated teammates. At each iteration, the
ego agent is trained with teammates sampled uniformly from the population buffer. While
prior AHT methods that train against fixed teammate populations have proposed worst-
case teammate sampling strategies (Erlebach and Cook, 2024; Villin et al., 2025)), worst-case
sampling risks concentrating ego agent training on teammates with irreducible regret (e.g.,
due to convention conflict), which would cause ego learning to stagnate (Beukman et al.
2024)). Note that uniform sampling does not remove adversarial pressure from ego training, as
the teammate generator can regenerate any convention in the population buffer that the ego
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agent is unable to coordinate with. Exploring combining the ROTATE teammate generator
with adversarial curation of the population buffer is left for future work (Chapter @

6.5 Experimental Results

This section presents the empirical evaluation of ROTATE compared to baseline
methods, as well as several ablations. The experiments consider one illustrative matrix
game and six benchmark tasks. Code, supplemental results, and implementation details are
available in Appendix [E] The main research questions are:

e RQ1: Does ROTATE generalize better to unseen teammates than AHT and UED base-
lines? (Yes.)

e RQ2: Does the ROTATE teammate generation objective mitigate the emergence of
teammates that are difficult to learn with? (Yes.)

e RQ3: What is the influence of the competence weights, A;, Ao, on generalization perfor-

mance?
e RQ4: Is the population buffer necessary for ROTATE to learn well? (Yes.)

Extensive supplemental analysis is provided in Appendix [E.4] most of which is highlighted
in the discussion of the corresponding RQs. Among the analyses that are not highlighted,
Appendix[E.4.8|considers ablations of ROTATE in which the teammate generation objective
is replaced by competence-bounded per-trajectory regret and a mixed-play variant, while
Appendix [E.4.9 analyzes the independent utility of the ROTATE population. Finally,
Appendix provides learning curves for all variants of ROTATE.

6.5.1 Experimental Setup

This section describes the experimental setting, including tasks, baselines, construc-
tion of the evaluation set, and the evaluation metric.

Tasks. ROTATE is evaluated on a didactic matrix game and six benchmark tasks. The
benchmark tasks are Level-Based Foraging (LBF) (Albrecht and Ramamoorthy, 2013 and
the five classic layouts from the Overcooked suite (Carroll et al., 2019): Cramped Room
(CR), Asymmetric Advantages (AA), Counter Circuit (CC), Coordination Ring (CoR), and
Forced Coordination (FC). All tasks support multiple conventions, and are commonly used in
the AHT literature (Albrecht and Ramamoorthy| 2013; |Christianos et al., |2020; Papoudakis
et al.,[2021a). In LBF, two agents cooperate to collect randomly placed apples in a gridworld.
In Overcooked, two agents collaborate in kitchen gridworlds to prepare dishes. Complete
descriptions of both domains are provided in Appendix |A[ (Sections and [A.F)).
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Baselines. As our method is most closely related to methods from UED and teammate
generation, we compare against two UED methods adapted for AHT (PAIRED (Dennis
et al., 2020), Minimax Return (Morimoto and Doya, 2005)), three AHT algorithms focused
on teammate generation (Fictitious Co-Play (Strouse et al., 2021), BRDiv (Rahman et al.
2023b)), CoMeDi (Sarkar et al., 2023)), and an open-ended AHT method based on an empir-
ical game-theoretic framework (COLE (Li et al., 2023))). Curator-based UED methods such
as PLR (Jiang et al., 2021a,b)) are excluded, as they are orthogonal to ROTATE (Erlebach
and Cook| 2024} Villin et al., [2025; |Chaudhary et al.; 2026). Similarly, we do not compare
against AHT algorithms for ego learning (Albrecht and Stone} 2018)).

The UED baselines are adapted as follows. PAIRED jointly trains three agents: an
ego agent that maximizes the return of the ego agent, a teammate that maximizes the per-
trajectory regret of the ego, and the BR to the teammate. Minimax Return adopts the
framework of ROTATE, and iteratively generates teammates that minimize the current
ego agent’s return. Fuller descriptions of each baseline are provided in Appendix [E.6.1] For
fair comparison, all methods received both manual and automated hyperparameter tuning
and were trained for the same total number of environment interactions (Appendix [E.6.2.1]).

Construction of I1°V3,  We wish to evaluate all methods on as diverse a set of evaluation
teammates as practically feasible, while ensuring that each teammate is competent. To
achieve this goal, for each task, we construct 9 to 13 evaluation teammates using three
strategies: independent PPO (IPPO) (Yu et al.,[2022b) with varied seeds and reward shaping,
BRDiv, and manually programmed heuristic agents. The evaluation set sizes and sources
are comparable to those of prior AHT work (Wang et al. |2024a; Rahman et al., 2024}
Charakorn et al., 2023). Candidate teammates that added no diversity, as measured by the
cross-play matrix among evaluation teammates, were pruned (Fig. . Full descriptions
of the generation procedure and the final teammates in I1°*! are provided in Appendix m

Evaluation Metrics. Ego agent policies are evaluated with each teammate in IT1°"® for 64
evaluation episodes, in which the episode return is normalized with a zero lower bound and
an estimated best-response upper bound for each teammate. The upper bounds are obtained
by training best-response policies via RL, then revising each bound upward whenever any
evaluated partner policy exceeds it. Performance of a method on IT1¢¥® is primarily reported
as the normalized mean return with bootstrapped 95% confidence intervals across six trials
for the core comparison (Fig. and three trials for all other experiments, computed via
the rliable library (Agarwal et al., 2021). The normalized return metric is a member of the
BRProx metric family recommended by Wang et al.| (2024b)). Following|Agarwal et al.|(2021]),
95% bootstrapped confidence interval estimates are used to summarize comparisons rather
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Figure 6.3: (Left) ROTATE achieves the highest normalized evaluation return across all tasks compared to
baselines. Error bars show 95% stratified bootstrap confidence intervals over six training seeds, treating each
evaluation teammate as a separate evaluation setting. (Right) Higher competence weights (A1, A2) lead to
higher training returns, reflecting the increased cooperativity of training teammates. However, intermediate
competence weights correspond to the highest evaluation returns, demonstrating that the most cooperative
teammates are not necessarily the best training partners for learning generalizable cooperative behaviors.

than significance tests. Because changing the evaluation teammate changes the transition
and reward dynamics faced by the ego agent, each evaluation teammate is treated as a
distinct evaluation task, and the bootstrap samples over training seeds within each evaluation
task. Details about the normalization procedure and specific bounds for each teammate are
reported in Appendix [E.6.4]

6.5.2 ROTATE Generalizes Better to Unseen Teammates than Baselines

We evaluate ROTATE’s generalization capabilities by comparing its performance
against baselines on I1°®. Fig. compares the normalized mean returns for ROTATE
and baseline methods across the six tasks. ROTATE attains the highest mean normalized
return on five of the six tasks, with the sole exception of AA, where Minimax Return per-
forms best. A breakdown of performance by evaluation teammate shows that ROTATE
has more robust and well-rounded cooperative capabilities compared to baselines (Fig. |E.3
in Appendix . For example, on CoR and FC, where CoMeDi performs similarly to
ROTATE, CoMeDi’s returns are driven by high performance with the IPPO evaluation
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teammates, whereas ROTATE improves more evenly across evaluation teammates.

Among the baseline methods, the best performing method is CoMeDi. We attribute
CoMeDi’s strong performance to the resemblance of its mixed-play objective to our per-state
regret objective, which we discuss in Appendix[E.5.2] Minimax Return’s strong performance
in AA can be attributed to AA’s particular characteristics. In AA, agents operate in sepa-
rated kitchen halves, possessing all necessary resources for individual task completion, with
pots on the dividing counter being the only shared resource. A team in which both agents
act fully independently may achieve high returns, although coordination leads to still higher
returns (further discussed in Appendix. On LBF and FC, where coordination is crucial
to obtain positive returns, Minimax Return is the worst-performing baseline.

We observe that FCP tends to perform especially well with the IPPO policies in I1¢V?,
likely because the IPPO evaluation teammates are in-distribution relative to the distribution
of teammates constructed by FCP. BRDiv and PAIRED exhibit comparatively worse per-
formance, which may be partially attributed to their teammate generation objectives that
resemble per-trajectory regret. Furthermore, PATIRED’s update structure involves a lockstep
training process for the teammate generator, best response, and ego agent, in contrast to
ROTATE, which trains a new teammate-BR pair for each iteration. This synchronized
training may hinder the emergence of diverse conventions that are crucial for effective AHT.

The appendix presents several supplemental analyses of the main comparison and
of ROTATE teammates and BR behavior. Appendix [E.4.1] examines additional views of
the main result, showing that ROTATE attains the highest interquartile mean, median,
and probability of improvement on the five tasks identified above, even when measured
by unnormalized or worst-case returns. Appendices [E.4.3 extend the evaluation to
a human proxy study on Overcooked and to N-agent and partially observable scenarios,
in which ROTATE again matches or outperforms baselines. Appendix inspects
the generated ROTATE teammate populations on LBF and CC, revealing interpretable
conventions, an absence of handshake sabotage behavior, largely competent teammates, and
reasonable levels of regret induced by teammates on the ego agent. Finally, Appendix
assesses the quality of the co-trained best responses by comparing to independently trained
BRs, finding some approximation error, but no systematic under- or over-estimation.

6.5.3 The ROTATE Objective Mitigates Teammates that are Difficult to Learn
With

We design a simple sabotage game to investigate whether the proposed objective leads
to teammate policies that are easier to learn to interact with compared to the per-trajectory
regret objective. The sabotage game is a fully cooperative, iterated matrix game with payoff
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Table 6.1: Payoff matrix for the sabotage game.

H T S
H|1l 0 |-1
T(0 |1 |-1
S |-1]-1]-1

matrix shown in Table [6.1] Each agent observes a game state that consists of the complete
history of joint actions. Both agents have three actions: H, T, and S(abotage). The first two
actions lead to two possible cooperative outcomes, while the last action leads to a reward
of —1 if selected by either agent and immediate episode termination. Each game lasts for
five timesteps. Thus, choosing sabotage corresponds to a grim trigger strategy, in which an
agent acts to minimize the team’s payoffs regardless of the other agents’ actions.

We compare ROTATE with a variant where teammates optimize per-trajectory re-
gret. To measure the extent to which the learned teammate policies engage in sabotage,
we enumerate the 341 non-terminal states in the game and measure the probability of the
sabotage action at each state for the last generated teammate policy. Fig. shows that
ROTATE generates a teammate policy with a near-zero probability of taking the sabotage
action at all non-terminal states, while the per-trajectory regret objective leads to over a
third of states that have P(S) near 1.0. Learning useful collaboration strategies while in-
teracting with these grim trigger strategies is difficult, since the ego agent rarely receives
positive rewards, as teammates select sabotage more often. We further analyze competence-
bounded per-trajectory regret in the appendix. In Appendix [E.4.6, competence weights are
swept for both per-state and per-trajectory regret variants on the sabotage game, where
we find that applying competence bounds to per-state regret mitigates the emergence of
sabotage strategies more effectively than applying the same bound to per-trajectory regret.

6.5.4 The Influence of Competence Weights on Generalization is Task-Dependent

Section shows theoretically that an objective consisting of the sum of per-state
regret with V(s|7~%, BR(7~")) provides a lower bound on the competence of the teammate,
where Ai, Ay are the weights of the return from XP and SP states respectively. Fig.
compares the training and evaluation returns of ROTATE as A\; and A\ are varied on CC.
Note that the training returns are the mean returns of the final ROTATE ego agent when
paired with the population of generated teammates, while the evaluation returns are the
mean returns of the final ego agent paired with the evaluation teammates. Results for all
tasks are presented in Appendix [E.4.7 As A\; and A\, are increased, the training returns
increase, which reflects the increased cooperativeness of the generated teammates. On the
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Figure 6.4: Probability of the sabotage action at all non-terminal states in the sabotage game for ROTATE
teammates vs those trained with per-trajectory regret. Results are aggregated across three trials.

other hand, the influence of the competence weights on the evaluation returns—which reflect
the ability of the ego agent to generalize its cooperative behavior—is task-dependent. On
CC, we observe that intermediate values of A\; and A\, lead to the best evaluation returns,
demonstrating that teammates that are overly cooperative with the ego agent are not ideal
for learning generalizable cooperative behavior. However, on LBF, we observe that increased
competence weights result in improvements for both training and evaluation returns.

6.5.5 The Population Buffer is Necessary for ROTATE to Learn Well

We hypothesize that collecting all previously generated teammates in a population
buffer helps the ROTATE agent improve in robustness against all previously discovered
conventions. On the other hand, if there is no population buffer, then it becomes possible
for the ROTATE ego agent to forget how to collaborate with teammates seen at earlier
iterations of open-ended learning (Kirkpatrick et al.| 2017)), which creates the possibility that
the ego agent and teammate generator oscillate between conventions. As shown in Fig.
(Appendix , ROTATE without the population buffer attains lower evaluation returns
than the full ROTATE method on all tasks except for AA, thus supporting the hypothesis
that the population buffer improves ego agent learning. As discussed in Section [6.5.2, AA
is a unique layout where agents can complete the task independently, even in the presence
of an adversarial partner. As a corollary, there are few meaningful cooperative conventions
that can be discovered, and no scenarios where convention mismatch leads to zero return

(unlike LBF and FC).
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6.6 Summary

This chapter reformulated AHT as an open-ended learning problem and introduced
ROTATE, a regret-driven algorithm (Contributions 5 and 6). These contributions advance
the learning with dimension of the thesis question by enabling AHT agents to continually
improve their cooperative capabilities against an open-ended stream of generated teammates,
rather than a fixed, predefined training set. ROTATE optimizes a regret-based objective to
discover competent teammates that exploit the AHT agent’s cooperative weaknesses, while
ensuring that it is possible to learn to coordinate with said teammates. To this end, sabotage
is characterized as an objective that induces incompetent teammates, and the proposed
objective is shown to bound teammate competence on the states encountered during AHT
agent training. Experiments on an illustrative matrix game demonstrate that the proposed
objective mitigates sabotage. Extensive evaluations across six benchmark tasks demonstrate
that ROTATE significantly enhances the generalization capabilities of AHT agents when
faced with previously unseen teammates, outperforming baselines from both AHT and UED.

As highlighted by this chapter, substantial algorithmic improvements can be made by
jointly considering the teammate generation and ego agent learning stages of AHT. However,
such unified learning schemes have rarely been previously considered, perhaps due to substan-
tial practical challenges. The experiments described in Chapters [ and [ required generating
a diverse teammate population, training ego agents against it, and evaluating against held-
out teammates. For practitioners, orchestrating these components is time-consuming, and
the resultant research life cycle is computationally expensive. The next chapter addresses
the computational cost and lack of standardization that constrain AHT studies, by provid-
ing hardware-accelerated implementations of the full AHT research lifecycle together with a
standardized set of evaluation teammates.
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Chapter 7: JaxAHT: A Hardware-Accelerated
Benchmark for Ad Hoc Teamwork

This chapter presents Contribution 7 of this dissertation: JaxAHT, an open-source,
JAX-based library and benchmark that accelerates and standardizes the ad hoc teamwork
(AHT) research lifecycle. The work presented in this chapter appears asWang et al.| (2026b)).

The experiments of Chapters [5| and [6] each required generating a diverse teammate
population, training ego agents against it, and evaluating against diverse held-out team-
mates. This lifecycle is ubiquitous to AHT research, and leads to 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 gen-
erated teammates, and evaluating against an unseen set of teammates (Rahman et al., [2023b}
Papoudakis et al/, 2021al), as illustrated in Figure[7.1] These stages are computationally pro-
hibitive under standard PyTorch frameworks (Paszke et al., 2019)), limiting iteration speed
and adherence to ideal experimental practices such as hyperparameter searches. Second, lack
of standard evaluation teammates leads researchers to design their own with limited diversity
validation, raising questions of evaluation thoroughness and making results non-comparable
across publications. Third, the lack of standardized benchmark implementations combined
with the complexity of the AHT research lifecycle forces researchers to perform time-intensive
orchestration of algorithm implementations from various sources. This orchestration burden
creates both a high barrier to entry and limits investigation of methods addressing different
components of the AHT problem.

This chapter introduces JaxAHT, a JAX-based library that mitigates all three bot-
tlenecks. 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 a suite of diverse evaluation teammates across various standard
benchmark tasks. The contributions of this chapter are fourfold:

e Unified AHT Framework: JaxAHT is the first framework that supports the full AHT
research lifecycle by providing teammate generation, ego agent training, and cooperative
MARL algorithms within one unified framework.

e JAX-Based AHT Library: JaxAHT is the first JAX-based library for AHT research,
providing standardized implementations of commonly used AHT algorithms. The ex-
periments in this chapter demonstrate that JaxAHT algorithm implementations achieve
approximately 95x wall-clock speedup compared to PyTorch implementations.
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Figure 7.1: AHT Lifecycle. AHT research requires developing independent sets of training and evaluation
teammates, training AHT agents, and evaluating said agents against unseen teammates to assess cooperative
generalization.

e Diverse Evaluation Teammate Suite: JaxAHT provides a diverse suite of evaluation
teammates, consisting of heuristic teammates, RL-based teammates, and those generated
based on human gameplay data, on the standard AHT benchmark tasks of Level-Based
Foraging (LBF), Overcooked, and Hanabi. In the course of doing so, this chapter presents
the first open-source human gameplay dataset for LBF.

e Benchmark Study: This chapter performs a benchmark study that rigorously compares
all algorithms on the JaxAHT evaluation teammates, demonstrating the large-scale, uni-

fied empirical analysis possible with JaxAHT, and providing insights on the current state
of AHT research.

By reducing computational barriers, providing a suite of diverse evaluation teammates, and
offering a unified framework for methods across the AHT lifecycle, JaxAHT enables rigorous,
large-scale AHT studies that were previously intractable. With respect to the thesis question
of this dissertation, JaxAHT supplies the infrastructure needed to rigorously evaluate agents
that learn to act with other agents (Dimension 2), and grounds that evaluation in human
behavioral data. Code and datasets of pre-generated teammates and human gameplay are
open-sourced; links are provided in Appendix [F]

The remainder of this chapter is organized as follows. Section states the problem
setting addressed by JaxAHT and the design philosophy that follows from it, and Section
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describes the contents of the library: its algorithms, environments, and evaluation team-
mates. Section presents experimental studies produced with JaxAHT, and Section
summarizes the chapter.

7.1 Problem Setting and Design Philosophy

JaxAHT is organized around the AHT problem of Section Within a fully coop-
erative, partially observable task modeled as a K-agent Dec-POMDP (Section , an ego
agent with policy 7°8° must coordinate with previously unseen teammates =% drawn from
a held-out evaluation set I1°"® (Papoudakis et al., 2021a; [Rahman et al., 2023b; Wang et al.,
2024a).

Addressing this problem in practice involves three stages, each of which corresponds
to a component of the library. First, because I1°® is unknown at training time, a set of
training teammates I1""® must be constructed, either by hand or by relying on teammate
generation or cooperative multi-agent reinforcement learning (CMARL) algorithms. Second,
the ego policy is learned by interacting with teammates sampled from II#" using an ego
agent training algorithm or CMARL algorithm. Third, the resulting ego policy is evaluated
by its mean team return over the held-out set, which is the AHT objective of Section
under a uniform evaluation distribution, and which requires a standardized evaluation set
of teammates. Because raw returns are not comparable across teammates of differing com-
petence, JaxAHT reports each return relative to that of the best response (BR) to the
teammate. The BR, BR(mw ™) € argmax, J(m, w~%) (Section [2.2.1), is the highest return
achievable with that teammate, and may be approximated by training with an ego agent
training or CMARL algorithm. Best-response reasoning is also central to prior AHT work as
a building block for constructing teammate populations (Albrecht and Ramamoorthy, 2013}
Strouse et al.| 2021 |[Rahman et al.; 2023b, 2024)[]

As such, three main algorithm types are used in AHT research: teammate generation
algorithms, AHT agent training algorithms, and CMARL algorithms. The first two are types
of AHT algorithms, while the third has conventionally been investigated as its own problem
area. All three categories are reviewed in Chapter [§ although each may be applied to
support every stage of AHT research. Research on one algorithm type often requires others
for training or evaluation; for instance, evaluating a teammate generation method requires
an AHT agent training method. JaxAHT provides a unified interface for these procedures,

!Given an agent, CMARL algorithms may be applied to train a best response to that agent by treating
it as part of the environment. The same idea allows CMARL algorithms to train ego policies, as explored in

Chapter
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Figure 7.2: JaxAHT Design Philosophy. JaxAHT unifies the full AHT research lifecycle within a
shared codebase. During training, common agent and population abstractions support CMARL, teammate-
generation, ego-agent learning, and unified AHT methods that jointly construct training teammates and ego
policies. During evaluation, learned agents are tested against a standardized suite of heuristic, algorithmic,
and human-data-informed teammates, together with best-response references, enabling consistent and scal-
able benchmarking across AHT methods.

enabling research on individual components or their combinations. Figure illustrates how
these components fit together.

To facilitate fast iteration and clean code, JaxAHT takes inspiration from the single-
file model used by JaxMARL (Rutherford et al., 2024b) and CleanRL, but minimally mod-
ularizes the code. Algorithms are implemented in single 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. The library also supports hydra configuration
management (Yadan| and WandB logging (Biewald, 2020)), facilitating reproducibility
and research collaboration.

With these components, JaxAHT supports AHT algorithms beyond the conventional
two-stage framework. JaxAHT implements AHT algorithms that generate teammates and
ego agents in a single, unified procedure, including the open-ended ROTATE algorithm of
Chapter [f] These algorithms rely on building blocks from the basic library structure, such
as agent and population architectures, and on CMARL procedures to train best-response
agents.
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Category Algorithm

Ego Agent Training PPO (Schulman et al., [2017)
LIAM (Papoudakis et al., 2021a)
MeLIBA (Zintgraf et al., 2021)

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

CMARL IPPO (de Witt ot al), [2020)

Unified Training TrajeDi (Lupu et al., [2021)
COLE ([Li et al., [2023)
ROTATE (Wang et al., 2025a)

Table 7.1: JaxAHT Algorithms. Algorithms implemented in JaxAHT, grouped by category.

7.2 JaxAHT Library

Building on the design philosophy of Section [7.1] this section describes the contents
of the library. Section [7.2.1] covers the implemented algorithms, Section the supported
environments, and Section the evaluation teammates and metrics.

7.2.1 Algorithms

Table [7.1] summarizes the algorithms currently implemented in JaxAHT. Each algo-
rithm is briefly described below, with more complete descriptions in Appendix In
addition to the efficient implementations, a thorough hyperparameter sweep of each algo-
rithm is performed for benchmarked tasks, to provide performant baseline configurations to
support future research (Section [7.3.3)).

For teammate generation, JaxAHT implements Fictitious Co-Play (FCP; |Strouse
et al., 2021), which generates diverse teammates by varying the seed and storing multiple
checkpoints, and population-based algorithms that maximize diversity through adversarial
objectives, such as BRDiv (Rahman et al., [2023Db]), its coverage-set extension LBRDiv (Rah-
man et al., 2024), and CoMeDi (Sarkar et al. [2023). For ego agent training, JaxAHT
supports PPO (Schulman et al. [2017) (Section and the agent modeling methods
LIAM (Papoudakis et al., 2021a) and MeLIBA (Zintgraf et al., 2021), which extend PPO
by conditioning the ego policy on latent representations inferred from interaction history.
LIAM infers these representations through trajectory-based agent modeling under partial
observability, while MeLIBA further incorporates meta-learning to support faster adapta-
tion to novel partners. For CMARL, JaxAHT includes IPPO (de Witt et al., 2020)). Finally,
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Environment Source Eval Teammates Variants

Level-Based Foraging |Jumanji v 7x7 grid, constant lev-
els
12x12 grid
Overcooked-v1l JaxMARL Vv Asymmetric  Advan-
tages

Coordination Ring
Counter Circuit
Cramped Room
Forced Coordination

Hanabi JaxMARL v Full (5 colors x 5
ranks)
Mini (3 colors x 3
ranks)

Table 7.2: JaxAHT Environments. Overview of environments supported by JaxAHT.

JaxAHT supports unified training methods that jointly train ego agents and teammate pop-
ulations. These include TrajeDi (Lupu et al., 2021)), which maximizes population diversity
through trajectory-based, information theoretic objectives; COLE (Li et al., 2023), a method
that relies on graph-theoretic notions of cooperative compatibility to define a sampling dis-
tribution over a population, and iteratively trains a BR to the distributionally-weighted
population; and ROTATE (Wang et al., 2025a)), the regret-driven open-ended method pre-
sented in Chapter [6]

7.2.2 Environments

Table provides an overview of supported environments. JaxAHT leverages the
growing ecosystem of hardware-accelerated RL environments by building upon JAX-based
re-implementations of commonly used AHT environments (Bonnet et al.| [2023; [Ruther-
ford et al |2024b). Environments were selected for their prevalence in AHT research and
their ability to support diverse cooperative conventions. Currently, the codebase supports
Level-Based Foraging (LBF; Albrecht and Ramamoorthy, 2013; |Bonnet et al., [2023)), Over-
cooked (Carroll et al., [2019; Rutherford et al., 2024b), and Hanabi (Bard et al., [2020; [Ruther-
ford et al., |2024b)). Complete descriptions of the three domains and the task variants used
in this chapter are provided in Appendix [A| (Sections [A.4] |A.5] and [A.6]).
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7.2.3 Evaluation Teammates

JaxAHT evaluates AHT agents against a standardized held-out teammate suite for
each supported environment. The suite includes human-designed heuristic teammates, al-
gorithmically generated teammates trained with IPPO, BRDiv, LBRDiv, and CoMeDi,
and teammates learned from human data. For each held-out teammate, JaxAHT provides
empirical best-response references used to estimate per-teammate upper bounds and com-
pute normalized returns following the BRProx metric of Wang et al.| (2024b)). Evaluation
scripts report aggregate metrics and 95% stratified bootstrapped confidence intervals with
rliable (Agarwal et al. 2021]).

The heuristic teammates are hand-designed policies that induce distinct coordina-
tion demands across environments. In LBF, they target foods according to fixed-ordering,
greedy, or wait-for-partner rules; in Overcooked-v1, they implement role-based strategies;
and in Hanabi, they consist of the Walton-Rivers heuristic suite (Walton-Rivers et al., 2017)
and SmartBot (O'Dwyer, 2019). Detailed descriptions of the heuristic teammate suite are
provided in Appendix [F.3|

The human-data-derived policies are trained via behavior cloning (Bain and Sammut),
1999) on Overcooked using the human gameplay data released by (Carroll et al.| (2019)). For
LBF, a dataset of human gameplay was collected and used with human-regularized RL to
derive a performant policy that behaves similarly to humans (Jacob et al., [2022; (Cornelisse
and Vinitsky, [2024). The dataset is open-sourced as part of this work, and the procedure
is described in Appendix . For Hanabi, users are referred to AH2AC2 (Dizdarevic et al.|
2025)), which provides gold-standard human proxy agents trained on approximately 100k
human games, accessible through an evaluation API.

7.3 Experimental Studies

This section reports results generated by the JaxAHT library corresponding to the
following three questions. It closes by providing novel insights on the challenge of BR return
estimation.

e RQ1: What is the speedup provided by the JaxAHT framework compared to conventional
PyTorch frameworks?

e RQ2: What is the quality and diversity of the JaxAHT evaluation teammates?

e RQ3: How well are the library’s algorithms able to coordinate with JaxAHT evaluation
teammates?

Sections address the RQs, while Section presents the observations on BR
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Algorithm Seeds PyTorch JAX

LIAM 1 40m 27s 08m 22s
BRDiv 1 44m 18s 01m 46s
LIAM 3 — 09m 10s
LIAM 10 — 12m 17s
LIAM 300 - 126m

Table 7.3: Wall-clock time comparison on LBF 7x7. The LIAM JaxAHT implementation achieves an
approximately 5x speedup over PyTorch in the single-seed scenario, and a 95x speedup in the multi-seed
scenario.

return estimation. Supplemental results and full experimental details are provided in Ap-
pendix [F]

7.3.1 JaxAHT Provides Substantial Wall-Clock Speedups over PyTorch Imple-
mentations

To evaluate the improvements generated by the library’s end-to-end JAX pipeline
over default PyTorch implementations, a wall-clock comparison of representative teammate
generation algorithms and ego agent algorithms in JaxAHT versus their original PyTorch
implementations was performed (Table . For fair comparison, all comparisons are per-
formed on a single Nvidia A6000 GPU with 48 GB of VRAM, across 8 environments and 3
million timesteps. Table demonstrates that there is a 5x runtime improvement by JAX
over PyTorch in the single-seed scenario. To demonstrate the substantial parallelization ca-
pabilities of the JAX implementations, Table also presents results for training 300 seeds
of the LIAM algorithm on a single GPU, resulting in an approximately 95x speedup over
the corresponding PyTorch implementationﬂ

7.3.2 The JaxAHT Evaluation Teammates Are High-Quality and Diverse

This section presents results evaluating the quality and diversity of the JaxAHT
evaluation teammates. To assess quality, estimated best response returns achievable against
each teammate are reported. On the other hand, teammate diversity is assessed based on
the cross-play matrix of returns achieved by teammate and best response pairs, and by
visualizing latent embeddings of behavioral trajectories.

2Note that the drastic speedups reported by similar benchmarks such as JaxMARL (Rutherford et al.,
2024b)) result from massive environment parallelization, typically up to several thousand. However, massive
environment parallelization must trade off parallelization over seeds (and any other forms of parallelization
in the algorithm implementation), as the ultimate constraint is the GPU memory.
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Figure 7.3: BR return estimates for JaxAHT evaluation teammates. Evaluation teammates achieve
a range of returns across all tasks.

Teammate Quality. For most teammates, empirical BR returns are estimated by training
a PPO agent to maximize the returns against each teammate, computing a cross-play (XP)
returns matrix generated by evaluating all teammates with all best responses, and using
the maximum seen return with any teammate as the best response return. The resulting
empirical BR return estimates are shown in Figure[7.3] For certain LBF heuristic teammates,
the BR returns are known because it is possible to program an optimal partner for these
teammates. The full procedure is reported in Appendix [F.1.1]

Return-Based Diversity. Following prior work (Agapiou et al. [2023; Rahman et al.
2023b; Nekoei et al, 2023), the XP matrix is used to assess return-based diversity of team-
mates. If the evaluation teammates are both high-quality and behaviorally diverse, each
teammate requires a distinct response strategy, resulting in an XP matrix with high diag-
onal entries and lower off-diagonal entries. Figures in Appendix [F.1.1] display the
XP matrices for the LBF, Hanabi, and Overcooked domains. Diagonal entries are generally
stronger than off-diagonal entries, indicating that achieving higher returns against the set of
evaluation teammates requires an AHT agent to model distinct response strategies. Some
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Figure 7.4: Representations of Behavior Trajectories for Evaluation Teammates. The behavior
trajectories of teammate/BR, policies on Overcooked Coordination Ring are meaningfully different from each
other.

off-diagonal blocks nonetheless retain high returns, suggesting partial overlap in teammate
behavior or transferability across response strategies, especially within agent types (e.g.,
PPO).

Behavioral Diversity. The previous return-based analysis determines whether team-
mates require distinct best-response strategies, but does not assess the extent to which
the underlying behavioral trajectories differ. Two teammates that both require separate
best-response policies may nonetheless produce similar trajectories, which suggests that the
two best responses differ only because the policies are brittle to small perturbations in team-
mate behavior, rather than because the teammates realize distinct conventions. To assess
behavioral diversity directly, a classifier is trained on joint interaction data to predict the
identity of the teammate—best-response pair, and t-SNE (van der Maaten and Hinton) 2008])
is applied to embed the resulting latent representations. This procedure produces a struc-
tured latent space that captures behavioral variation across teammates. Figure visualizes
the latent embeddings obtained when each evaluation teammate is paired with its own best-
response partner for Overcooked Coordination Ring, showing that the evaluation teammates
and corresponding best responses occupy largely non-overlapping regions of the embedding
space, confirming that the evaluation set achieves behavioral variety. See Appendix [F.1.2
for the full procedure, and results on LBF.
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(b) Unified methods.

Figure 7.5: Hyperparameter sweep return distributions on Cramped Room. Each point represents
the performance of a distinct hyperparameter configuration on a validation set of teammates. Best performing
configurations are selected for the benchmark study.

7.3.3 No Single AHT Algorithm Dominates the Benchmark

As an illustration of the studies JaxAHT is designed to support, this section presents
a comprehensive benchmark of AHT algorithm performance across the suite. This kind
of systematic, controlled comparison across algorithms and environments has not previously
been feasible at this scale, and both the results and the methodology are intended to motivate
further investigation across the community.

The benchmark covers all AHT algorithms in JaxAHT on a representative task subset:
LBF 7x7, LBF 12x12, Overcooked Cramped Room (CR), Overcooked Coordination Ring
(CoR), and Mini Hanabiﬂ Below, an overview of the procedure is provided, before presenting
results from the hyperparameter sweep and full benchmark results. Full details are reported

in Appendices [F*.2.2] and [F.2.3]

3Counter Circuit is excluded due to similarity to Coordination Ring, while Asymmetric Advantages and
Forced Coordination are excluded because Wang et al| (2024b) found they do not substantially differenti-
ate AHT algorithm performance. Full Hanabi is excluded as its computational cost is prohibitive for the
hyperparameter sweep procedure (IPPO self-play typically requires ~10° training steps).
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Procedure. For each algorithm-task pair, 140 hyperparameter configurations are sampled
per task, or a full search is performed if the total number of hyperparameter configurations
is fewer than 140. The best-performing configuration is then selected by its mean return
against a validation set of teammates that is disjoint from both the training teammates
and the JaxAHT evaluation teammates, so that the selected configuration is benchmarked
on teammates it was never tuned against. To ensure a fair comparison, the number of
training timesteps is strictly controlled for both the hyperparameter sweep and the final
benchmark. The final compute budget for the benchmark study for LBF 7x7, LBF 12x12,
Mini Hanabi, and CR is 195M timesteps for teammate generation and unified methods, and
30M timesteps for ego agent methods. For CoR, a larger compute budget of 390M and 60M
is used, as methods take longer to converge on CoR. The compute budget was chosen to
allow even the higher-compute, population-based methods sufficient data for optimization.

Hyperparameter Sweep Results. Figure displays the normalized return distribu-
tions over swept hyperparameters for all teammate generation and unified AHT methods
on CR. Those for the ego agent methods and for LBF 12x12 are displayed in Appendix
Figures and [F.6] The sweep covered the unique hyperparameters introduced by each
algorithm, as well as the learning rate, entropy coefficient, and clip parameter from the base
RL algorithm. The remaining hyperparameters from the base RL algorithm were held fixed
and set to the same value for all methods.

A large range of performances can be induced by different hyperparameters, pointing
to the need for compute-controlled hyperparameter tuning when comparing the performances
of different algorithms. While extensive hyperparameter tuning is not feasible at academic-
scale compute under conventional PyTorch implementations, it is now possible under the
JAX-based framework introduced by this chapter. The optimized hyperparameters are re-
leased as part of the JaxAHT library to provide a good starting point for researchers and
enable fairer future comparisons.

Benchmark Study Results. AHT algorithm performance on the JaxAHT evaluation
teammate suite is compared using the best discovered hyperparameters in Figure [7.6] The
normalized mean return (BRProx; Wang et all 2024b) and 95% bootstrapped confidence
intervals (Agarwal et al., 2021)) across 5 seeds are visualized. The analysis focuses first on ego
agent methods, followed by an analysis of the teammate generation and unified methods. For
all algorithms, learning curves, losses, and key statistics are provided in Appendix Figure[F.9

Figure [7.6a] compares PPO, LIAM, and MeLIBA across training populations gener-
ated by FCP and CoMeDi. The FCP population consists of seeds and intermediate check-
points of IPPO spanning a range of skill levels, while CoMeDi agents maximize an adversarial
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Figure 7.6: AHT Algorithm Benchmark Results. (Left) Ego training methods with agent modeling
(LTAM, MeLIBA) outperform PPO only in Overcooked environments, which have role-based conventions,
and in the presence of diverse teammate populations (CoMeDi). (Right) No single AHT method dominates
the others on all tasks, but the best overall algorithms are ROTATE, FCP, and CoMeDi.

diversity objective designed to combat self-sabotage (Strouse et al., 2021} [Sarkar et al., 2023)),
yielding more varied cooperative conventions. Note that JaxAHT’s unified support for team-

mate generation and ego agent training enables studying how ego agent performance depends
on training population diversity, a line of inquiry that was previously difficult to pursue due
to the complexity of orchestrating non-compatible algorithm implementations.

LIAM is expected to outperform PPO through explicit autoencoder-based agent mod-
eling, with MeLLIBA expected to improve further by combining meta-learning with sequential
and hierarchical variational autoencoders. However, on both LBF tasks, all three methods
perform similarly, indicating that agent modeling provides little-to-no benefit. On Mini
Hanabi, LIAM and MeLIBA achieve markedly lower returns than PPO. The opposite trend
emerges on Overcooked, in which MeLIBA substantially outperforms PPO and LIAM for
both training populations, with LIAM outperforming PPO on CR. This split is attributed
to the role structure of the tasks: unlike LBF and Mini Hanabi, Overcooked layouts require
partners to occupy complementary roles, so the ego agent’s BR strategy varies sharply with
teammate identity. This chapter hypothesizes that it is challenging for an ego policy to rep-
resent the BR strategies to role-based behaviors common in Overcooked (e.g., transporting
onions, delivering dishes), without being provided latent representations of teammate be-
havior (Mieczkowski et al., 2025)), allowing methods with explicit agent modeling objectives
to outperform PPO. The absence of a benefit on LBF and Mini Hanabi is consistent with
the finding that recurrent PPO agents implicitly learn to model teammates when the task
demands it (Mon-Williams et al., 2025)). If implicit modeling suffices, an explicit agent mod-
eling auxiliary objective adds no information, and may instead interfere with the PPO return
maximization objective, leading to the slightly lower task returns observed here (Liu et al.)
. Designing agent modeling auxiliary objectives that avoid interferences with ego
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agent learning while preserving benefits in role-based scenarios such as Overcooked remains
an open direction for future work.

Figure [7.6b| displays the performance of the teammate generation and unified meth-
ods. While no single method performs best across all scenarios, ROTATE, FCP, and
CoMeDi are the strongest overall, each performing best on at least one task. COLE is
frequently the weakest, consistent with Wang et al.| (2024b). Per-teammate-type analysis
(Appendix Figure shows COLE performs best against IPPO teammates, suggesting
its population closely resembles IPPO. Although COLE upweights the most cooperatively
incompatible teammates during training, its diversity remains limited to conventions discov-
erable through return maximization, likely explaining why it underperforms FCP despite a
similar population structure. FCP and TrajeDi are surprisingly competitive given that their
limitations motivated the adversarial diversity methods that followed. Prior comparisons
were likely not compute-controlled to the degree that those in this chapter are. Combining
the distinct diversity mechanisms of FCP, TrajeDi, and the adversarial diversity methods
through multi-objective optimization or population pooling may be a promising direction.

Per-task average returns over algorithms indicate that the Overcooked variants and
Mini Hanabi pose greater learning challenges for ego agent algorithms than the LBF variants.
Teammate generation and unified methods display the same trend, with the exception that
these methods perform notably worse on LBF 12x12 than on LBF 7x7 (whereas ego agent
algorithms perform comparably on both). This gap suggests that teammate generation and
unified methods scale less well to larger state spaces than ego agent learning algorithms,
despite receiving substantially larger training budgets. The gap is unsurprising, since these
methods are largely population based and must train several policies at once.

7.3.4 AHT Agents Can Exceed Best Response Return Estimates Obtained by
RL

Even with a two-stage procedure to estimate high-quality BR return bounds, first
training PPO BR policies, then taking the per-teammate maximum across all BR policies as
the upper bound, AHT agents created during the benchmark study sometimes outperformed
the PPO-derived BR return estimates (Appendix Figure , occasionally by substantial
margins. These benefits are attributed to generalization: AHT agents are trained against
diverse populations, while during BR return estimation, the PPO agent is trained against
only a single teammate that may be challenging to learn against.

There are a variety of implications for AHT research, as some AHT algorithms are
developed on the premise of being able to use RL algorithms to estimate the BR policy to an
AHT agent (Rahman et al., [2023b} 2024; [Li et al., 2023), or leverage BR policies as part of
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the procedure (Barrett et al., 2017). First, evaluation of such algorithms is recommended to
theoretically or empirically consider the sensitivity of the algorithm to BR estimation error.
Second, this result suggests that BR estimation may be improved by leveraging pretrained,
generally capable agents. To my knowledge, this avenue of improvement has not previously
been considered for AHT algorithms.

7.4 Summary

This chapter presented JaxAHT (Contribution 7), the first open-source, JAX-based
library for the full AHT research lifecycle. JaxAHT complements the algorithmic contri-
butions of Chapters [5] and [6] by providing the infrastructure needed to rapidly train and
rigorously evaluate agents that learn to act with other agents, and by grounding that eval-
uation in human gameplay data. JaxAHT achieves approximately 95x wall-clock speedup
over PyTorch counterparts, making large-scale AHT studies tractable at academic scale.
Alongside the library, this chapter contributed a dataset of validated evaluation teammates
across Level-Based Foraging, Overcooked, and Hanabi, and optimized hyperparameters for
all algorithms, providing a foundation for fair future comparisons.

The unified framework provided by JaxAHT enables joint study of teammate gener-
ation and ego agent learning, an interaction that has historically been difficult to investigate
due to the complexity of orchestrating differing algorithm implementations. To exemplify
this, the chapter contributes the first benchmark study comparing various teammate gen-
eration and ego agent methods under controlled compute budgets. The results show that
no single existing algorithm performs best, and that existing agent-modeling-based AHT
algorithms are beneficial primarily in role-based tasks, and sometimes harm learning com-
pared to a non-agent-modeling baseline. This chapter also finds that BR returns may be
systematically underestimated by application of standard CMARL algorithms, with direct
implications for algorithms relying on BR estimation.

The benchmark study also points to several open directions. First, agent modeling
auxiliary objectives were found to benefit ego agents only in role-based tasks and to some-
times harm learning elsewhere, plausibly because the auxiliary objective interferes with the
return maximization objective (Liu et al., 2021b). Designing agent modeling objectives that
avoid such interference while preserving the benefits in role-based scenarios remains an open
direction. Second, because FCP and TrajeDi were surprisingly competitive under compute-
controlled comparison, combining the distinct diversity mechanisms of FCP, TrajeDi, and
the adversarial diversity methods, through multi-objective optimization or population pool-
ing, is a promising avenue. Third, teammate generation and unified methods degraded on
the larger LBF 12x12 task while ego agent methods did not, indicating that the scalability
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of population-based methods to larger state spaces merits investigation. Finally, the ob-
servation that AHT agents can exceed BR return estimates obtained by RL (Section
motivates both analyzing the sensitivity of BR-dependent algorithms to estimation error and
developing improved BR estimators. Future directions are developed further in Chapter [9
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Chapter 8: Related Work

This chapter provides an overview of the literature related to this dissertation, with
the aim of contextualizing the research and highlighting the gaps that motivated it. Four
bodies of literature are reviewed. Section surveys methods for improving the sample
efficiency of RL, a challenge addressed by D-Shape (Contribution 1) in the single-agent
setting and by DM? (Contribution 2) in the decentralized multi-agent setting. Section
reviews cooperative MARL, which supplies the algorithmic foundations for DM? and for N-
Agent Ad Hoc Teamwork (Contributions 3 and 4). Section discusses ad hoc teamwork,
the problem setting that NAHT generalizes and that ROTATE (Contributions 5 and 6)
addresses through open-ended teammate generation. Finally, Section covers benchmarks
and evaluation infrastructure for cooperative multi-agent reinforcement learning, the area
to which JaxAHT (Contribution 7) contributes. Each contribution chapter provides further
context specific to its methods.

8.1 Improving Sample Efficiency of Reinforcement Learning

Reinforcement learning methods rely on learning by trial and error to discover be-
haviors that maximize a reward signal. As the complexity of the environment increases,
the number of interactions required to learn optimal behaviors can grow prohibitively large,
making sample efficiency a critical concern that has motivated a large body of research.
This dissertation addresses sample efficiency from a multi-agent perspective, by considering
how knowledge from other agents could be leveraged to accelerate learning on a new task
(Dimension 1; Contributions 1 and 2). The remainder of this section reviews prior work on
improving sample efficiency in both single and multi-agent RL, with a focus on approaches
that leverage knowledge from other agents in the form of demonstration data.

8.1.1 Accelerating Single-Agent Reinforcement Learning

Approaches that rely on expert demonstration data often draw from imitation learn-
ing (Zare et al.,2024)—an alternative paradigm to RL for learning decision-making policies.
Rather than relying on a reward function to specify the desired behavior, IL approaches
assume that behavior trajectories from expert agents are available, and train the learning
agent to directly mimic expert behavior. There are three foundational approaches for IL.
First, behavioral cloning (BC; Bain and Sammut, [1999; Ross et al. |2011) treats imitation
as supervised learning over expert state-action pairs. Second, inverse RL (IRL; Abbeel and
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2004)) infers a reward function from demonstrations and applies RL to recover the opti-
mal policy. Finally, generative adversarial imitation learning (GAIL; Ho and Ermon, 2016)
frames imitation as a two-player game between a discriminator that attempts to distinguish
expert from agent behavior and a generator that attempts to train an agent with behavior

indistinguishable from the expert. Most IL algorithms can be understood as implicitly per-
forming divergence minimization between the agent’s visitation distribution and that of the

demonstrations, with no notion of an extrinsic task reward (Ghasemipour et al., 2019).

By contrast, in the RL problem setting, a reward function is both available and defines
optimal behavior (Silver et al., 2021)). Algorithms that use demonstration data to accelerate

RL must therefore consider how to incorporate it without perturbing the optimal policy,
especially if demonstrations are suboptimal.

One common approach is to define a hybrid reward function that is the sum of the
task reward and an auxiliary imitation reward (Zhu et al., 2018; Guo et al., 2019). Imitation
rewards may be derived from similarity measures (Sermanet et al., [2018)), behavior cloning
(Bain and Sammut|, 1999; Torabi et al.| [2018), inverse RL (Abbeel and Ngj, 2004} Brown|
et all, 2019), or generative adversarial IL (Ho and Ermon, 2016} [Torabi et al) 2019a; Ding
, . However, modifying the reward function modifies the objective that the RL
algorithms optimize, potentially perturbing the optimal policy. To address this concern,
prior work has explored methods to anneal the imitation reward over time (Ding et all
2019), automatically adjust the weighting (Zolna et all, 2019), or use potential-based reward
shaping (Ng et al,[1999) to guarantee that the optimal policy remains unchanged (Brys et al,
2015} [Suay et al [2016; Wu et al., 2021)). There are several approaches that circumvent this
issue by avoiding modification of the reward function. Demonstration data might be used to

pretrain the policy or value networks (Price and Boutilier, [2003; |Hester et al., 2018 Taylor]
. Alternatively, the demonstration states can guide exploration either by acting
as subgoals (Pavse et al., 2020; Paul et al., 2019; Paine et al., 2018) or by acting as reset
points (Salimans and Chen| 2018; Ecoffet et al., 2021; Nair et al. 2018)). D-Shape draws
from the above ideas to provide a principled approach to accelerating RL with only a single,
suboptimal, state-only demonstration (Contribution 1). It treats demonstration states as
goals to accelerate exploration, and employs potential-based reward shaping to teach the
learning agent to reach the demonstration states while guaranteeing that the optimal policy

remains unchanged.

8.1.2 Accelerating Multi-Agent Reinforcement Learning

Sample efficiency is also a critical challenge for MARL, as the space that the learning
algorithm must explore grows exponentially with the number of agents. Demonstration data
is an appealing avenue to improve sample efficiency of multi-agent learning. Nonetheless,

109



the understanding of imitation learning is much more limited in multi-agent settings. The
remainder of this subsection provides a brief summary of progress in multi-agent imitation
learning (MA-IL) and in demonstration-accelerated MARL.

Extending single-agent IL to the multi-agent setting faces two main challenges: first,
that each agent’s learning environment is non-stationary due to the simultaneous learning
of other agents, and second, that in multi-agent settings, demonstrations encode agent be-
havior that is “good” only in the context of coplayers’ behavior. As the nonstationarity
issue is central to all multi-agent learning algorithms, and is typically dealt with using cen-
tralized decision-making architectures, sequential update schemes, or trust-region bounded
updates, it is addressed further in Section . Le et al. (2017) were among the first to study
the multi-agent imitation learning problem (MA-IL), and proposed a CTDE approach for
cooperative games that explicitly models latent coordination structure within multi-agent
demonstrations to recover role assignments for downstream learning. Later work addressed
the MA-IL problem in the general-sum stochastic game setting, proposing a fully centralized
algorithm using copulas to model dependence structures between agents (Wang et al., 2021),
and a decentralized GAIL-based approach that relies on coplayer modeling to combat non-
stationarity (Liu et al., [2020)). [Song et al. (2018) extended GAIL (Ho and Ermon} 2016) to
the cooperative multi-agent setting with a CTDE approach, while [Yu et al.| (2019)) provided
a decentralized extension of adversarial IRL to the general-sum stochastic game setting.

Approaches for accelerating MARL with demonstration data are scarcer, and have
largely only considered centralized approaches for pretraining policy and value networks (Peng
et al., 2020; Meisheri et al., 2019; |Qiu et al.} 2023) or augmenting updates with demonstra-
tion data (Lee and Lee, 2019). Chapter 4| of this dissertation introduces the DM? algorithm,
the first fully decentralized learning approach that leverages team demonstration data to
improve sample efficiency in a cooperative MARL scenario, by encouraging convergence to
the cooperative equilibria specified by the demonstration data. In DM?2, each agent learns
from a hybrid reward that sums the task reward with an adversarial imitation reward.

8.1.3 Subsequent Work

Subsequent to Contributions 1 and 2, substantial advances have been made in both
IL and demonstration-accelerated RL. For single-agent IL, subsequent work has explored the
use of more expressive policy classes for continuous control, such as transformers (Zhao et al.|
2023b)), diffusion transformers (Chi et al., [2025)), and flow matching (Zhang et al., 2025a). In
the multi-agent community, subsequent work has continued establishing foundations of IL by
extending IL to mean-field games (Ramponi et al.,|2023), proposing more principled methods
to extend single-agent IL to multi-agent scenarios by accounting for strategic behavior (Tang
et al., |2024)), and providing theoretical analyses of the MA-IL setting (Freihaut et al., [2025;
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Viano et al., [2026), while also exploring more expressive policy classes (Zhu et al., 2024]).
For demonstration-guided RL, similar to D-Shape, subsequent work has explored methods
for using demonstrations to form a curriculum for the reinforcement learner (Uchendu et al.)
2023; [Hu et al., [2024} Tao et al.; 2024)). In the multi-agent setting, following Contribution 2,
Yu et al.| (2024)) considers how to accelerate cooperative MARL with per-agent demonstra-
tions that provide information on ideal single-agent behaviors and personal goals, without
requiring that the demonstrations have cooperative compatibility on the team level.

A parallel and increasingly active thread has considered how datasets of offline in-
teraction might be used for both learning new behaviors and accelerating RL. In contrast
to imitation-driven approaches, offline RL seeks to learn new behaviors from offline datasets
of reward-labeled trajectories that were gathered by a different policy than the learned
one (Levine et all 2020; Kumar et al., 2020). Offline-to-online RL explores how offline
datasets can be used to accelerate online, reward-driven learning, similar to demonstration-
driven RL (Nakamoto et al., [2023; Ball et al., [2023; Zhong et al., 2025)). Offline RL and
offline-to-online RL have been explored in the multi-agent setting as well (Yang et al., 2021}
Matsunaga et al., 2023 [Bui et al., 2025a,b; Zhu et all [2024; Zhong et all [2025). Because
such datasets contain actions and rewards and are typically large, these methods address a
complementary regime to the single, state-only demonstration considered by Contribution 1.

8.2 Cooperative Multi-Agent Reinforcement Learning

Cooperative MARL (CMARL) aims to train a team of agents to solve fully cooperative
tasks via reinforcement learning. The two simplest strategies for applying RL to such a task
are (1) to control all agents with a single centralized reinforcement learner, or (2) to treat
each agent as an independent reinforcement learner that ignores its teammates’ concurrent
updates (Tan| 1993; |Claus and Boutilier} [1998).

Each strategy introduces distinct challenges that have been central to the development
of CMARL research. The fully centralized approach inherits the convergence guarantees of
single-agent RL. However, it must address a joint state-action space that grows exponen-
tially with the number of agents, and it requires extensive information sharing between
agents during both training and execution, which may not be feasible in practical scenarios.
Independent, or decentralized, learning avoids both costs because it treats teammates as part
of the environment. Accordingly, prior work has exhibited scenarios in which decentralized
approaches discover coordinated team behaviors more efficiently than fully centralized meth-
ods (Yong and Miikkulainen, 2009). But from the viewpoint of each independent learner,
the transition and reward dynamics appear nonstationary due to the simultaneous updates
of other agents (Claus and Boutilier, [1998; Panait and Luke, 2005). Moreover, coopera-
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tive games might admit multiple equilibria, so a team of independent learners may fail to
converge at all or may converge to mutually incompatible behaviors.

Much work in CMARL aims to develop methods that achieve the best of both worlds,
either by stabilizing decentralized learning dynamics or by selectively centralizing informa-
tion between learners. This section reviews that work through the lens of two questions.
First, how can simultaneously learning agents converge to a single cooperative equilibrium
(Section ? Second, how can agents on a team share information to learn efficiently in
an exponentially large strategy space (Section ?

8.2.1 The Challenges of Convergence to a Cooperative Equilibrium

One early approach was joint action learning, in which each agent learns in a decen-
tralized manner, but maintains Q-values over the joint action space and explicit beliefs about
teammates’ strategies (Claus and Boutilier} [1998]). Nash Q-learning (Hu and Wellman), 2003))
extends joint action learning to general-sum stochastic games and provably converges to a
Nash equilibrium, but only under restrictive conditions on the stage games encountered dur-
ing learning. Other classical approaches remain fully decentralized, but achieve convergence
guarantees in general sum games by varying each agent’s learning rate according to whether
it is currently winning or losing (Bowling and Veloso, 2002).

Even when independent learners do converge, they are prone to relative overgener-
alization, a pathology in which each agent’s preferred action is pulled toward actions that
perform well on average across teammates’ exploratory behavior, rather than actions consis-
tent with the optimal joint policy (Panait and Lukel 2005; Wei and Lukel 2016). Classical
remedies modify the per-agent update rule to bias learning toward optimism about team-
mates’ behavior. Distributed Q-learning updates each agent’s value estimates using only
positive temporal-difference errors (Lauer and Riedmiller] [2000)), while hysteretic Q-learning
applies differing learning rates for positive and negative errors (Matignon et al., 2007)), and
lenient learning forgives poor joint outcomes early in training (Wei and Luke, 2016]). The
same pathology arises in cooperative coevolution, the evolutionary counterpart of indepen-
dent learning, in which each team member is drawn from a separate subpopulation and an
individual’s fitness is the team reward obtained alongside collaborators sampled from the
other subpopulations (Risi et al., 2025; [Panait and Luke, |2005). Because fitness is assessed
against sampled rather than optimal collaborators, |Panait et al.| (2003) similarly showed that
evaluating individuals under an optimistic assessment of their collaborators, as the hysteretic
and lenient learners above do, improves convergence to the optimal joint behavior.

While the classical methods above were developed in small tabular settings such as
matrix games, the successes of deep reinforcement learning in video games (Mnih et al., 2015)
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and complex board games (Silver et al., 2016) shifted the CMARL community’s focus toward
developing neural-network-based algorithms to similarly scale up CMARL. In the deep RL
era, various strategies have been proposed for addressing the foundational coordination and
convergence challenges of CMARL. First, extending classical ideas around joint value learn-
ing, the centralized training with decentralized execution (CTDE; Lowe et al., 2017 |Albrecht
et al., [2024)) paradigm consists of a centralized critic with access to the global state (or all
agents’ observations), which is used only during training, and independent agent policies
that enable fully decentralized deployment. Because the centralized critic conditions on the
information of all agents and provides a common learning signal, the learning target remains
stationary even as the team’s policies update simultaneously. Value-decomposition methods
such as VDN (Sunehag et al., [2018) and QMIX (Rashid et al., 2018|) respectively factorize
the centralized team value function into per-agent values under additivity and monotonic-
ity assumptions. QTRAN (Son et al., 2019) relaxes both assumptions by proposing the
individual-global-maz (IGM) condition, under which each agent’s greedy action jointly max-
imizes the centralized value function. Coordination graph methods (Boehmer et al.; 2020)
instead factorize the joint value function over a learned graph of pairwise agent interac-
tions. Beyond the value-based methods above, the CTDE paradigm has also been extended
to actor-critic methods (Foerster et al., 2018bj; Lowe et al.| |2017)), and trust-region policy
gradient methods (Gupta et al., 2017; de Witt et al., 2020; Yu et al., [2022b). Second, re-
searchers have also considered sequential update schemes, wherein agents perform learning
updates one by one, which naturally addresses nonstationarity. Sequential update schemes
have resulted in the first generalizations of trust region learning to CMARL with monotonic
improvement guarantees (Kuba et al.,|2022;|Wang et al.| 2022)). Finally, researchers have also
revisited fully centralized control schemes. While fully centralized methods suffer from the
exponential growth of the joint state-action space, the Multi-Agent Transformer (Wen et al.,
2022)) circumvents this growth by generating agents’ actions in an auto-regressive fashion,
using a transformer that conditions each agent’s action on previously generated actions.

Independent, or decentralized, learning dispenses with both centralized training in-
frastructure and communication entirely, which is desirable when the number of agents is
large, or when practical considerations preclude sharing observations across agents (Mari-
nescu et al., 2017; Léauté and Faltings| [2013). Despite convergence challenges (Claus and
Boutilier} [1998), independent trust-region learning methods are surprisingly empirically vi-
able. Independent PPO (IPPO) was shown to match or exceed state-of-the-art CTDE meth-
ods on the StarCraft Multi-Agent Challenge (de Witt et al., [2020), a finding corroborated
by subsequent benchmarking studies (Yu et all |2022b; Papoudakis et al., 2021b)), thereby
challenging the assumption that nonstationarity makes independent learning infeasible. A
theoretical explanation for these empirical successes was later supplied by [Sun et al.| (2023)),
who derived approximate trust region bounds for independent trust-region learning methods
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such as [PPO. Fully decentralized value-based methods with convergence guarantees have
also been proposed: for example, 12Q) (Jiang and Lu, 2022)) performs independent Q-learning
on a learned model of the ideal transition function. DM? (Contribution 2) is a fully decen-
tralized learning algorithm in which a coordinated team demonstration specifies a target
joint behavior, and each agent learns from both the shared task reward and a distribution
matching reward against the corresponding demonstrator. The fixed demonstration provides
each agent a stationary learning signal, which alleviates nonstationarity issues of independent
learning.

Nonetheless, while all of the above mechanisms stabilize learning, none resolves the
equilibrium selection problem. If a game has several equilibria, the one that a training run
converges to is determined by initialization and exploration, rather than whether the equi-
librium possesses desirable properties. This issue is central to zero-shot coordination and ad
hoc teamwork, problem settings in which the goal is to train agents that can coordinate with
unseen teammates (Hu et al 2020} [Strouse et all, [2021)) (further discussed in Section [8.3)).
Outside of ZSC, few methods directly engage with equilibrium selection. The closest work
examines how agents’ individual incentives influence the equilibrium that a team of learners
converges to (Durugkar et al., [2020; Radke et al., 2022). Along these lines, the independent
distribution matching mechanism of DM? can be thought of as providing individual incentives
to encourage convergence towards the equilibrium portrayed by the team demonstrations.

8.2.2 The Challenges of Efficient Learning

As teams scale, the joint state-action space grows exponentially with the number of
agents, causing random exploration to become increasingly ineffective. This has motivated
lines of research considering how information might be shared between agents to accelerate
team learning, how to enable efficient team exploration, and how to leverage pre-collected
datasets. The first and second lines are described below, while the third was previously
discussed in Section

One common mechanism for information sharing is parameter sharing, in which in-
dividual agents share network weights so that every agent’s experience is used to improve a
common policy (Gupta et al., [2017; [Papoudakis et al., [2021b). Parameter sharing is orthog-
onal to the training paradigms discussed above such as CTDE and independent learning.
However, parameter sharing is most useful when agents act similarly, such as in homoge-
neous agent scenarios (Stone and Veloso, |2000). When agents must act differently—such as
in heterogeneous agent settings—parameter sharing constrains behavior, motivating variants
that share weights only among agents that have similar embodiments or roles (Christianos
et al.| 2021} [Yang et al., |2022)), or that adaptively map each agent to a distinct subnetwork
of a shared network (Li et al. [2024). POAM (Contribution 4), which considers a setting
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in which the learning algorithm controls a varying subset of the team, uses independent
learning with full parameter sharing to enable efficient learning to control a varying number
of homogeneous agents. Another common mechanism is communication, in which agents are
allowed to exchange explicit messages during training or execution, through direct agent-to-
agent channels (Foerster et all [2016; |Jiang and Lu, 2018) or centralized manager agents (He
et al., 2020} Liu et al., |2021a)).

To enable efficient team exploration, various intrinsic rewards have been proposed, fre-
quently derived from some form of mutual information maximization. For example, |Jaques
et al| (2019) reward each agent for the causal influence its actions have on other agents’
behavior—a quantity related to the mutual information between agents’ actions—enabling
the discovery of coordinated behavior without additional task-specific signals. MAVEN (Ma-
hajan et al., 2019)) directly maximizes the mutual information between joint team behavior
and a shared latent variable to learn an ensemble of diverse joint exploration policies. Other
intrinsic rewards encourage agents to act in line with their teammates’ expectations (Ma
et al., [2022), or reward the discovery of individual skills over which a higher-level policy
coordinates the team (Yang et al., [2020).

8.2.3 Subsequent Work

Contemporaneous with and subsequent to the publication of DM? and POAM (Con-
tributions 2 and 4), research on both challenges of this section has continued to advance.
One advance reflects a broader shift toward tasks with heterogeneous agents. The hetero-
geneous agent trust-region learning framework, proposed by [Kuba et al| (2022), has been
generalized to a heterogeneous agent mirror learning framework (Zhong et al., |2024)), while
others have extended maximum entropy RL to heterogeneous agent settings (Liu et al.,[2024]).
Researchers have also expanded convergence guarantees for fully decentralized methods, par-
ticularly in decentralized policy gradient scenarios (Sun et al., 2023} |Jiang et al., 2024)). The
equilibrium selection problem has also been addressed directly: in no-conflict games, a gen-
eralization of fully cooperative games in which all agents prefer the same outcomes, Pareto
Actor-Critic (Christianos et al., 2023) trains each agent to maximize a joint action-value
function under the assumption that the remaining agents act in its best interest—a modern
successor of ideas in Friend-or-Foe Q-learning (Littman) 2001)).

Regarding the challenges of efficient learning, HyperMARL (Tessera et al., 2025) gen-
erates agent-specific parameters with agent-conditioned hypernetworks, retaining the sample
efficiency of shared weights while permitting behavioral specialization, and generative pol-
icy architectures such as diffusion and flow-based policies have become popular in offline
CMARL (Zhu et al., 2024; [Li et al., 2025a; Zou et al., 2026). Team exploration methods
have extended the mutual-information approach (Kim et al., 2023; Wang et al., |2023d),

115



considered optimism-based exploration (Oh et al., [2023)), and explored role discovery (Goel
et al., 2025)).

8.3 Ad Hoc Teamwork

The cooperative MARL methods surveyed in Section assume that the learning
algorithm controls every agent on the team. The ad hoc teamwork problem (AHT; [Stone
et al., 2010) relaxes this assumption by requiring a controlled agent to cooperate with team-
mates that it neither controls nor has encountered before, without any prior coordination or
communication.

AHT is related to but distinct from zero-shot coordination (ZSC; Hu et al. 2020)).
The objective of ZSC is to design algorithms that consistently converge to the same game
equilibrium—rather than arbitrary ones, as most CMARL algorithms do—so that agents
trained by the same ZSC algorithm coordinate successfully without needing interaction (Hu
et al.,[2021). By contrast, AHT makes a much weaker assumption about teammates: namely,
only that teammates are competent and non-adversarial (Stone et al., 2010). Humans are
an especially important class of teammates for AHT (Carroll et al., 2019), though the con-
tributions of this dissertation do not focus on human partners. The cooperative coevolution
community has also considered similar generalist cooperative agents. For example, [Bryant
and Miikkulainen| (2018]) considered evolving teams of generalist agents, where each agent
is capable of performing a variety of roles. At execution time, each agent must dynam-
ically select an appropriate role based on its observations of the current team situation,
thereby allowing robust coordination across various team compositions without explicit role
assignment or communication.

Since the formalization of AHT by |Stone et al.|(2010), the AHT literature has devel-
oped through considering two complementary subproblems. AHT agent learning addresses
how to train an AHT agent to adapt to diverse teammates, while teammate generation
seeks to construct a pool of diverse training partners for downstream AHT agent learners.
More recently, unified approaches have begun to address both subproblems jointly, includ-
ing Contributions 5 and 6 of this dissertation. The following subsections discuss each area
individually, then discuss efforts to scale AHT to multiple controlled agents (the setting of
Contributions 3 and 4), and close by discussing contemporaneous work.

8.3.1 AHT Agent Learning

A central challenge in AHT is training an AHT agent to adapt its behavior to previ-
ously unseen teammates at deployment time (Mirsky et al.,[2022)). Methods for this challenge
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often adopt a type-based perspective, in which it is assumed that the unknown teammate
behaviors can be categorized into a discrete set of types. An early example, PLASTIC (Bar-
rett et al.l [2017), assumes access to a library of known teammate policies along with their
corresponding best-response policies, so that the AHT agent need only identify the current
teammate type from interaction history and select the appropriate best response.

Type-based methods have built upon the broader literature on agent modeling, in
which an agent constructs models of other agents’ behaviors, goals, or beliefs from observed
interactions (Albrecht and Stone, [2017, 2018)). More recent AHT agent learning methods
draw upon deep learning techniques to remove the requirements of a discrete set of types by
performing online teammate modeling, in which the AHT agent infers a latent representation
of its current teammates from interaction history and conditions its policy on this representa-
tion. For example, LIAM (Papoudakis et al., [2021a)) learns a latent embedding of teammate
behavior from an agent’s observed trajectories, while ODITS (Gu et al., 2022) models the
teammate behaviors as latent probabilistic variables. Both methods condition the AHT
agent’s policy on the learned teammate representation, enabling rapid online adaptation to
new teammate behaviors, even under partial observability. MeLIBA (Zintgraf et al., 2021)
applies meta-learning to learn an initialization for rapid adaptation to new teammates, thus
supporting implicit teammate modeling.

To improve AHT agent training, recent approaches have considered designing curric-
ula or sampling distributions over the training population of teammates. Villin et al.| (2025)
optimize the AHT agent against an adversarially chosen distribution over partners, yielding
worst-case performance guarantees. Similarly, Erlebach and Cook| (2024)) and |Chaudhary
et al. (2026) sample teammates that maximize the cooperative regret of the AHT agent
during training, resulting in a curriculum of teammates that are challenging for the AHT
agent to coordinate with. Along a related line, lifelong learning formulations expose the
AHT agent to a sequence of novel partners (Nekoei et al| 2021} 2023).

Beyond algorithmic advances, a smaller body of work has provided theoretical analysis
on the class of teammates with which cooperation is possible. Early work examined the re-
peated matrix game setting with the class of adaptive but memory-bounded teammates, and
provided algorithms with provable guarantees of targeted optimality and safety (Chakraborty
and Stone, |2013, 2010)). Conversely, |Loftin and Oliehoek! (2022)) prove that no learning algo-
rithm can reliably learn to cooperate with all adaptive partners in a repeated matrix game,
even when each partner is guaranteed to cooperate with some stationary strategy. Continu-
ing this line of analysis in repeated matrix games, [Bandyopadhyay et al.| (2025) shows that it
is impossible for an AHT agent to achieve zero-shot optimal cooperation with a population
of individually rational learners, and provides bounds for the number of steps required to
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learn a successful strategy. Together, these theoretical results point to the importance of
placing constraints on potential teammate behaviors for successful ad hoc teamwork.

8.3.2 Teammate Generation

AHT agent training methods assume access to a pre-specified population of training
partners, in which generalization to out-of-distribution teammates depends on the coverage
of the training population. In practical scenarios, it is challenging for practitioners to design
a population with coverage of anticipated unseen teammate behaviors, which has motivated
the teammate generation literature. The aim of teammate generation is to generate a training
population with diverse coordination conventions, which is suitable to train a downstream
AHT agent. It is a comparatively recent subproblem, emerging roughly a decade after the
formalization of AHT.

Xing et al.| (2021)) introduced the first method for generating diverse teammates for
AHT training, based on maximizing the entropy of teammate policies. A contemporary work,
Fictitious Co-Play (FCP; [Strouse et al., 2021), generates diverse teammates by exploiting
the tendency of CMARL algorithms to converge to arbitrary equilibria when initialization
conditions (seeds) are varied. FCP further saves various checkpoints from each CMARL
run to inject skill-level diversity. Follow-up approaches propose maximizing measures of
entropy (Xing et al., 2021} Zhao et al., [2023a) or trajectory diversity (Lupu et al., 2021))
over the population level. Prioritizing coordination with humans, HSP (Yu et al., 2022al)
constructs a pool of policies with biased hidden reward preferences to capture human-like
conventions.

Diversity measures specialized for AHT emerged with BRDiv (Rahman et al., 2023b),
LBRDiv (Rahman et al.| 2024), and LIPO (Charakorn et al., [2023), which ground diversity
in the difference between self-play (SP) and cross-play (XP) performances (SP - XP). SP
measures how well an agent performs with its own best response, while XP measures perfor-
mance with another agent in the population. A large difference between SP and XP scores
indicates that agents are difficult to coordinate with outside their training context, directly
capturing the kind of diversity that challenges AHT agents. These diversity measures can be
understood as computing the regret of an agent with respect to the population. Similar to
the per-trajectory regret objective discussed in Chapter [0] these measures incentivize sabo-
tage, resulting in teammates that reduce performance with any partner other than their best
response and are therefore difficult for a randomly initialized AHT agent to learn with (Cui
et al) 2022; [Sarkar et al., 2023). Various strategies have been proposed to deal with this
failure mode, from reducing the identifiability of the best response partner (Sarkar et al.
2023), to distilling useful cooperative behaviors from sabotaging teammates (Charakorn
et al., [2024)), to optimizing the diversity measure over a constrained set of policies that does
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not exhibit sabotaging behaviors (Villin et al., [2025; Chaudhary et al.,[2026). Contributions 5
and 6 of this dissertation address this failure mode by reframing the SP - XP difference as
cooperative regret, and proposing a competence-bounded, per-state regret objective that
mitigates sabotage (Wang et al., 2025a)).

8.3.3 Unified Approaches

The methods above treat teammate generation and AHT agent learning as separate
stages. A newer family of approaches takes a unified view, considering the dynamics of co-
trained teammates and AHT agents. For example, COLE (Li et al., 2023)) adopts a double-
oracle style approach (McMahan et al., 2003; Lanctot et al., 2017), iteratively expanding
the population with best responses to mixtures of existing members. Contributions 5 and 6
of this dissertation introduce an open-ended AHT training algorithm that belongs to the
unified family of algorithms, in which the teammates that the AHT agent trains against are
generated to exploit its current cooperative weaknesses. As many unified approaches have
roots in competitive coevolution and unsupervised environment design, the remainder of the
subsection discusses both topics as they relate to AHT.

The oldest roots of open-ended training lie in the competitive coevolution literature
of evolutionary computation (Risi et al) 2025, in which two populations with opposing
objectives are evolved against each other, so that improvement in one population poses a
new challenge to the other. Ideally, competitive coevolution produces an arms race in which
increasingly sophisticated behaviors naturally emerge as a result of competitive pressure. For
instance, [Rawal et al.| (2010) coevolved teams of predators against teams of prey, showing
that competition between the two populations drives the emergence of team tactics for both
predators and prey. However, various pathologies may arise during learning: populations
may cycle through previously defeated strategies, disengage when one population becomes
too strong for the other to receive a useful learning signal, or forget how to defeat earlier
opponents (Popovici et al., [2012). Similar ideas and pathologies have been observed within
the literature on self-play for games (Shapley, 1964)). Training the learner against a buffer
of past solutions—as the ROTATE algorithm does—is a common solution strategy that has
been found to be effective for competitive coevolution, game playing, and environment design
for RL agents (Rosin and Belew, 1997 [Brown, [1951; |[McMahan et all 2003; Vinyals et al.,
2019; [Samvelyan et al., 2023).

These ideas were subsequently developed into the notion of an open-ended learning
system, which is a system that generates an unbounded stream of novel and increasingly
complex challenges that remain learnable from the perspective of a learning agent (Stanley
et al., 2017, [Hughes et al., [2024]). Open-ended learning systems are agnostic to the optimiza-
tion method for the learning agent, and can be implemented with evolution or reinforcement
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learning. The open-ended AHT algorithm described in Chapter [0]is an open-ended learning
system, as discussed in Appendix [E.5.1]

The most direct predecessors of open-ended AHT are open-ended learning systems
that generate a stream of environments for a single learning agent. The Paired Open-
Ended Trailblazer (POET; Wang et al., 2019, 2020) is an early example, which coevolves
a population of environments with a population of agents. The RL community formalized
environment generation as Unsupervised Environment Design (UED; Dennis et al., 2020), in
which environments are generated to maximize the learning agent’s regret, thereby producing
environments that are neither too difficult nor too easy.

Subsequent UED methods curate environments through prioritized replay (Jiang
et al| [2021bjja)), evolutionary search (Parker-Holder et al., 2022), and learnability-based
scoring (Rutherford et al., [2024a)), while MAESTRO (Samvelyan et al., 2023) extends UED
to two-player zero-sum games by jointly designing environments and opponents.

Within AHT, two lines of work have been inspired by UED and competitive coevolu-
tion, respectively. The first line, inheriting from UED, consists of the curator-based methods
described in Section [8.3.1], which adaptively sample teammates from a pretrained pool ac-
cording to adversarial or regret-based objectives (Villin et al., [2025; Erlebach and Cook,
2024)), but cannot consider teammates beyond those in the pretrained pool. The second line,
inheriting from competitive coevolution, applies evolutionary search directly to teammate
generation. MACOP (Yuan et al., |2023a) uses an evolutionary algorithm to generate team-
mates that are incompatible with the AHT agent, selecting for teammates with high self-play
return and low cross-play return with the AHT agent, which is simultaneously trained using
reinforcement learning. However, similar to the regret-based teammate generation methods
of Section MACOP is susceptible to sabotage. MAZE (Xue et al. 2025) coevolves
a population of AHT agents against a population of teammates under return and diversity
objectives, but lacks a mechanism to ensure that the generated teammates suitably challenge
the AHT agents.

Contributions 5 and 6 of this dissertation draw on both lines of work. Following UED,
AHT is reformulated as a regret-driven two-player game between a teammate generator
and an AHT agent, and following competitive coevolution, the generator and the AHT
agent are trained against each other in an open-ended arms race. The resulting algorithm,
ROTATE (Wang et al.| 2025a), addresses the three limitations identified above. First, unlike
the curator-based methods, ROTATE generates new teammates rather than sampling from
a fixed pool. Second, unlike MACOP, ROTATE optimizes a competence-bounded, per-state
regret objective that mitigates sabotage (Section [8.3.2). Third, unlike MAZE, the regret
objective ensures that generated teammates remain challenging yet learnable for the AHT
agent.

120



8.3.4 Scaling AHT to Multiple Agents

The AHT agent learning literature has focused on scenarios in which the number of
AHT agents is fized within a team, often considering only a single controlled agent (Albrecht
and Stone, 2017 |[Papoudakis et al.,[2021a; Zintgraf et al., 2021} |Gu et al., [2022; Rahman et al.|
2023a). Contributions 3 and 4 of this dissertation introduce N-Agent Ad Hoc Teamwork
(NAHT) (Wang et all [2024a), the first formalization of AHT for a warying number of
controlled agents collaborating with a varying number of uncontrolled partners, together
with POAM (Wang et al., [2024a), the first algorithm for this setting, focusing on AHT
agent learning.

The teammate generation literature has been further limited to two-player scenar-
ios (Xing et al., [2021; Rahman et al.| |2023b; Charakorn et al., 2023; [Sarkar et al., 2023)).
A reason for this limitation is that the computational cost of teammate generation scales
with the size of the partner subteam: generating a diverse pool of M partner subteams for
a K-agent task with N controlled agents requires training M x (K — N) policies, making
large- K settings prohibitive under standard frameworks. N-LIPO (Charakorn et al.; 2025
is the first teammate generation method to formally address N-agent scenarios, though it
considers only a single controlled AHT agent.

8.3.5 Contemporary Work

Concurrently with Contributions 3 through 6, research on both AHT subproblems has
continued to advance. For AHT agent learning, recent work has considered transformer-based
policy architectures, in-context adaptation, and learning from offline datasets. TransAM (Wal-
lace et al., 2025) replaces the recurrent trajectory encoders of teammate modeling methods
such as LIAM with a transformer encoder, while CooT (Wang et al., [2026d) casts teammate
adaptation as in-context learning, training a transformer on interaction histories from diverse
agent pairs so that it adapts to unseen partners without any policy updates. Moving beyond
online training altogether, TAGET (Zhang et al. 2025b)) learns an AHT agent from an of-
fline multi-agent interaction dataset, using a goal-based decision transformer that predicts
teammate-aware subgoals and generates actions to achieve them.

For teammate generation and unified approaches, concurrent advances mirror the
motivation of Contributions 5 and 6, in that they have sought to correct the pathologies of
adversarially generated teammates, and to design open-ended training procedures. Concur-
rent with ROTATE, Rational Policy Gradient (Lauffer et al., [2025) provides a principled
remedy for the self-sabotage failure mode by training agents against partners that respond
rationally to them. Most recently, Unsupervised Partner Design (Ruhdorfer et al.; 2026])
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generates partner policies using a noise-perturbed self-play procedure (Yan et al.,[2023), and
curates them with a learnability criterion.

Finally, the literature has considered how to use large language models’ common-
sense knowledge of human conventions for designing better AHT agents. SemDiv (Li et al.|
2025b) introduces a semantic axis of diversity by using large language models to propose
coordination behaviors that are translated into reward functions for teammate training.

8.4 Benchmarks and Evaluation for Cooperative MARL and Ad
Hoc Teamwork

The methods surveyed in the preceding sections rely on shared infrastructure for
training and evaluation, and the comparability of their results depends on the quality of
that infrastructure.

Standardized evaluation infrastructure has been foundational to progress in MARL.
EPyMARL (Papoudakis et al., [2021b]) established a systematic benchmark for cooperative
MARL algorithms, providing high-quality implementations compatible with the StarCraft 11
Multi-Agent Challenge (Samvelyan et al., 2019). After demonstrating that the original Star-
Craft scenarios lack the stochasticity and partial observability needed to challenge modern
methods, SMACv2 (Ellis et al 2023) revised the benchmark with procedurally generated
scenarios that require generalization to unseen settings at evaluation time. OpenSpiel (Lanc-
tot et al., 2020)) offers a broader framework covering both perfect- and imperfect-information
settings across board games, card games, and other domains. JaxMARL (Rutherford et al.,
2024b) introduced JAX-based implementations of cooperative MARL algorithms and envi-
ronments, achieving substantial speedups.

These frameworks standardize algorithm implementations and evaluation environ-
ments to facilitate comparison across publications. AHT, however, poses unique evaluation
challenges. In particular, AHT agents must be assessed against a held-out set of diverse
teammates, whose coverage directly determines the validity of conclusions drawn. Generat-
ing teammates with adequate behavioral coverage requires training many policies indepen-
dently, a cost that grows with both task size and the diversity of behaviors required. While
AHT researchers can and do build on cooperative MARL codebases (Wang et al., 2024al), as
motivated in Contribution 7, they must implement AHT-specific components from scratch
and orchestrate several different types of multi-agent algorithms, creating overhead that
impedes progress and makes results non-comparable across papers.

Thus far, efforts to improve evaluation in AHT have largely focused on introduc-
ing environments with richer coordination demands. Overcooked (Carroll et al., 2019), a

122



commonly used benchmark for AHT and ZSC research, introduces two-player collaborative
cooking scenarios and demonstrates that agents trained via conventional MARL methods
fail to coordinate with humans. Hanabi (Bard et al., |2020|) presents a cooperative card
game featuring information asymmetry between players, requiring agents to reason explicitly
and communicate about teammate beliefs. More recent work has extended these settings.
OvercookedV2 (Gessler et al., 2025) redesigns Overcooked with asymmetric information
and stochasticity, while AH2AC2 (Dizdarevic et al., 2025) introduces human proxy agents
for Hanabi, to enable evaluation of human-Al coordination capabilities. The Overcooked
Generalisation Challenge (Ruhdorfer et al. [2025) extends Overcooked along another axis,
procedurally generating kitchen layouts so that agents must generalize to novel partners and
novel environments simultaneously. These contributions expand evaluation scenarios for
AHT, but do not address the lack of standardization in training and evaluation protocols,
or the challenges of computational cost in AHT research.

Beyond new environments, a smaller body of work addresses evaluation protocols and
metrics for cooperative agents. An early example arose from the RoboCup drop-in player
challenges, in which soccer teams are assembled from players contributed by different re-
search groups; MacAlpine and Stone| (2017)) analyze scoring schemes for such challenges,
aiming to disentangle an agent’s teamwork skills from its individual skill. Continuing this
direction, ZSC-Eval (Wang et al., 2024b) provides standardized algorithm implementations,
an evaluation-partner generation scheme, and a best-response proximity metric that mea-
sures an agent’s performance with an evaluation partner relative to that attained by an
approximate best response to the partner. However, ZSC-Eval does not provide hardware-
accelerated training and evaluation, or a standardized set of evaluation partners. Contri-
bution 7 of this dissertation, JaxAHT (Wang et al., 2026b), provides the first hardware-
accelerated benchmark for AHT, with standardized algorithm implementations, partner
agents, and corresponding best responses.

8.4.1 Contemporary Work

Concurrently with Contribution 7, evaluation scenarios for cooperative learning have
been substantially extended beyond game-based and gridworld settings, toward physically
grounded tasks and mixed-motive interactions, and toward incorporating partner agents
based on large language models. PARTNR (Chang et al., |2025) introduces an embodied
benchmark of household tasks, in which a simulated robot must plan and coordinate with
a human partner, with baseline agents controlled by LLM-based planners. Moving beyond
purely cooperative settings, Melting Pot 2.0 (Agapiou et al.| 2023)) evaluates generalization
to novel social partners across a large number of mixed-motive substrates, while Social-
JAX (Guo et al., 2026) provides a JAX-based benchmark focused specifically on sequential
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social dilemmas. Concordia (Vezhnevets et al., |2023) provides a library for agent-based so-
cial simulations in which LLM-based agents interact through natural language, with actions
grounded in social game-based environments. Finally, CollabSkill (Shao et al.| [2026a]) evalu-
ates human-agent collaboration on real-world professional tasks, pairing human workers with
LLM-based agents and proposing a Bayesian skill rating system that disentangles the skill
contributions of the human and the agent—revisiting the evaluation challenge addressed by
MacAlpine and Stone (2017)) in the robot soccer setting.
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Chapter 9: Future Work and Conclusion

This chapter outlines directions for both short and long term future work, before
concluding by summarizing the contributions of this dissertation.

9.1 Future Work: Short Term

This section identifies six short-term research directions that follow directly from
the limitations and findings of the contributions described in the preceding chapters of this
dissertation.

9.1.1 Shaping Multi-Agent Coordination with Optimality Guarantees

Chapter [4] proposed team demonstrations as a coordination signal for decentralized
cooperative MARL, in which the demonstrations influence each agent’s learning through an
auxiliary imitation reward derived from an adversarial discriminator. Theorem guaran-
tees that the mixed task and imitation reward preserves the demonstrated equilibrium, but
does not guarantee that the demonstrated team is optimal for the task. As discussed in
Chapter 3] in the event that the imitation and task rewards conflict, the optimal joint policy
of the underlying game is not guaranteed to remain optimal under the mixed reward.

D-Shape supplies a demonstration-derived learning signal through potential-based
reward shaping, which preserves the optimal policy regardless of demonstration quality. A
natural next step is therefore to consider potential-based reward shaping for the decentralized
multi-agent setting, so that a team demonstration supplies a coordinating signal without
altering the set of optimal joint policies. Initial experiments should first validate that DM?
with highly suboptimal team demonstrations reduces the return achieved by the learning
team, in comparison to learning without demonstrations, followed by modifying DM? to use
a potential-based shaping reward.

9.1.2 Centralized Techniques for NAHT

POAM (Chapter [5)) is an independent MARL algorithm built upon 1ppo (de Witt et al.
2020), in which each controlled agent learns an individual value function conditioned on its
own observation and learned teammate representation, and no joint value function is learned.
However, the cooperative MARL literature has demonstrated that methods that learn joint
or factored value functions, such as the centralized-training decentralized-execution methods
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described in Chapter , frequently outperform independent learners (Sunehag et all [2018;
Rashid et al. 2018; [Yu et al) 2022b). Therefore, it is natural to explore whether NAHT
algorithms may similarly benefit from centralized training among the controlled subteam. A
complexity that the NAHT setting introduces is that the number of controlled and uncon-
trolled agents varies across episodes, so a joint value function must accept a variable number
of agent inputs. Transformer and diffusion-based policy architectures that have recently
been applied to offline MARL and AHT (Zhang et al., 2025b; (Chi et al., 2025)), provide a
natural basis for value functions and policies that operate over a varying number of agents.

Preliminary exploration supervised by this author has investigated (1) the theoretical
benefits of centralized critics for NAHT, and (2) the empirical benefits of attention-based
policy architectures in the online setting. Along the first direction, the investigation theoret-
ically shows that controlled critics, which condition on the observation-action history of only
the controlled agents, achieve a variance reduction in NAHT settings compared to joint crit-
ics, which condition on the observation-action history of every agent on the team. However,
this variance reduction has yielded limited empirical benefits to generalization performance
in the StarCraft II benchmark, which is hypothesized to be due to limited convention struc-
ture. In addition to the two classes of critics already investigated, follow-up work should
analyze the fully decentralized, independent critics used by POAM, and extend the empir-
ical analysis to environments with greater convention diversity, such as Overcooked. The
second direction has produced a centralized architecture based on the Multi-Agent Trans-
former (Wen et al.| 2022)), which treats multi-agent control as a sequential decision-making
problem. This architecture has demonstrated successful control of teams with varying sizes
within an NAHT scenario, improving over POAM under a centralized-training-centralized-
execution regime (Wang et al| [2025b). Follow-up investigation should explore the benefits
of diffusion-based architectures, and how the assumptions of this architecture and training
scheme can be loosened to enable decentralized execution.

9.1.3 Curating Training Teammates for the Ego Agent within an Open-Ended
Framework

Chapter [6] focuses on the teammate generation phase of open-ended AHT, and trains
the ego agent with standard RL against teammates sampled uniformly from the population
buffer. Uniform sampling has two limitations. First, it does not prioritize the teammates that
are most useful for the ego agent’s current stage of learning, even though the population buffer
accumulates teammates of widely varying difficulty over the course of training. Second, it
relies on retaining every generated teammate, which is impractical for long-running training
runs. Both are limitations of the ego agent learning phase of ROTATE, which Chapter [0] left
largely unexplored.
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A natural route to address these limitations is to curate the population buffer, rather
than sampling from it uniformly. Curation strategies from the literature include worst-case
sampling (Buening et al.; 2023; Villin et al., 2025) and regret-based prioritization, which has
proven effective in both UED (Jiang et al., 2021bja) and AHT (Erlebach and Cook, 2024}
Chaudhary et al.,|2026)). However, adversarial curation on top of an already-adversarial gen-
erator ties the ego agent’s training distribution to its own current weaknesses. Conventions
that the ego agent has already learned are then deprioritized or removed and subsequently
forgotten, and the generator may simply regenerate them, leading to strategic cycling. The
continual learning literature (Thrun, 1998) studies this trade-off between retaining prior ca-
pabilities and acquiring new ones, so techniques such as selective experience replay (Isele
et al., 2018; Nekoei et al.; 2021) are a natural complement to curation, providing criteria for
which teammates to retain and rehearse.

A first experiment is to replace uniform sampling with regret-based prioritized sam-
pling over the full buffer, and to compare against ROTATE on the held-out evaluation suite
of Chapter|7] at equal training compute. A second experiment is to impose a fixed-size buffer
and measure the ego agent’s return against removed teammates over training to detect for-
getting and strategic cycling. If forgetting is observed, subsequent experiments could test
whether continual learning techniques repair performance.

9.1.4 Per-State Cooperative Regret as an Evaluation Framework

Chapter @ introduced competence-bounded per-state cooperative regret (Section
to generate training teammates within an open-ended learning framework, motivated by the
limitations of a static and limited set of training teammates. The same concern could be ap-
plied to evaluation. The evaluation teammates provided by JaxAHT (Chapter [7)), although
diverse and grounded in human gameplay data, form a static set, so the coordination failures
of a given AHT agent may lie entirely outside of that set.

As future work, competence-bounded per-state regret could be used to synthesize
exemplar teammates with whom a given AHT agent fails to cooperate, namely teammates
that achieve high return with their best response, yet achieve low return with the AHT
agent under evaluation. Such an evaluation mechanism has two uses. First, for AHT algo-
rithm designers, this evaluation mechanism could provide insight into the specific failings of
their algorithm, complementing fixed evaluation sets such as the one released with JaxAHT.
Second, for AHT agents deployed in the real world, the discovered teammates characterize
the strengths and weaknesses of the agent, providing a form of interpretability that could
improve both the safety and efficiency of real-world deployment with humans.

To perform preliminary validation of the idea, one might train AHT agents with
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known role weaknesses (e.g. an agent that only deals with onions in Overcooked), and confirm
that the per-state cooperative regret objective is able to rediscover the known weaknesses.
To then demonstrate the benefits of the regret-driven evaluation method over evaluation
with a fixed, static set of teammates, one could test whether the regret-driven evaluation is
able to discover a weakness of an AHT agent that is not represented within the JaxAHT
suite of evaluation teammates.

9.1.5 Efficient and Scalable Best Response Estimation

Chapter [7] observed that AHT agents trained against diverse populations sometimes
exceed the best response return estimates obtained by single-agent RL against the same team-
mate (Section . This observation indicates that existing best response estimation tech-
niques suffer from substantial approximation error, premature convergence, or both. Best
response estimation is an important subproblem throughout multi-agent learning (Lanctot
et al.,2017). Within AHT specifically, it is a core component of adversarial teammate genera-
tion methods (Rahman et al [2023b; Charakorn et al.; 2023), of the evaluation methodology
of Chapter , and of planning-based AHT methods (Barrett et al., 2017). Consequently,
faster and more accurate best response estimation benefits each of those areas.

One route towards this goal is to leverage pretrained, generally capable agents, for
which AHT agents themselves are a natural candidate. An AHT agent trained against a
diverse population may serve as an initialization for the best response to a given teammate,
directly converting the generalization advantage observed in Chapter [7| into tighter best
response return estimates. Such a generalized best response operator could additionally
reduce the computational cost of population-based methods that train a best response for
each agent within a population, such as ROTATE, and therefore directly supports the long-
term goal of scaling teammate generation to realistic tasks (Section .

A first experiment is to initialize the best response operator of an algorithm that
relies on one, such as ROTATE, with a pretrained AHT agent, and to test whether the
performance of the AHT algorithm improves or degrades relative to training best responses
from scratch. Subsequent experiments could investigate four questions. First, which class
of ego agent training algorithm yields the most effective initialization, and in particular,
whether agent modeling helps. Second, how the quality of the initialization scales with the
size of the pretraining population and of the pretrained agent. Third, whether RL fine-tuning
techniques are necessary to avoid degrading the pretrained prior. Fourth, whether continual
learning techniques are necessary to preserve existing best response strategies when new
behaviors must be learned.
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9.1.6 Designing Dynamically Realistic and Grounded Benchmark Tasks for
AHT

Chapter[7]contributed JAX-based implementations of AHT algorithms and evaluation
teammates for existing benchmark tasks, rather than new tasks. However, the development
of environments with richer state spaces, continuous control, heterogeneous agents, and more
complex role structure is equally important for enabling AHT progress, and is a complemen-
tary direction for the community to pursue. Furthermore, progress towards the vision of this
dissertation requires moving beyond gridworld tasks and games to scenarios with greater re-
alism, such as human-robot coordination (Gombolay et al.; 2018), autonomous driving (Cor-
nelisse and Vinitsky, 2024), and collaboration with LLM agents (Wu et al.,|[2025)). Whichever
scenario is considered, it is important to preserve the realism of both the partners and the
dynamics. Taking human-robot coordination as an example, a benchmark must provide re-
alistic human proxy agents grounded in real human data, and must model the dynamics of
the robot realistically, for instance at the level of joint control. Realistic dynamics would
also support research directions on balancing low-level decision-making with high-level team
strategy, which has been understudied in the modern era of multi-agent learning (Whiteson
et al., 2005).

As a concrete first step in this direction, one might implement robot soccer as an AHT
benchmark task in JAX, building on the infrastructure of Chapter [7] Soccer is a natural
task for studying human-robot coordination, has a long history as a multi-agent learning
testbed (Stone et all 2005; Whiteson et al., |2005), and can be instantiated with varying
numbers of agents. Such a benchmark should model the underlying dynamics of the robots
and should allow users to control the robots at two levels: the joint level, and the skill level,
in which the latter is accomplished by providing a library of parameterized skills (e.g. moving
to a target location, or kicking the ball towards a target). An initial effort could implement
2v2 soccer with homogeneous robot types, before scaling to larger teams and heterogeneous
robots.

9.2 Future Work: Long Term

This dissertation has explored agents that learn from and with other agents within
the scope of relatively small-scale games, with reinforcement learning agents trained from
scratch, and typically within fully cooperative settings. This section identifies three long-
term research directions that develop the ideas considered within this dissertation towards
realistic scenarios.
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9.2.1 Expanding AHT Beyond Homogeneous, Non-Adaptive, Fully Coopera-
tive Scenarios

This dissertation extends AHT to N-agent scenarios (Chapter , but realistic multi-
agent coordination additionally requires coping with heterogeneous, adaptive teammates
whose objectives might not be fully aligned with those of the ego agent. Each of these three
properties introduces a distinct challenge that should be separately addressed, before being
unified.

First, heterogeneous controlled agents invalidate the full parameter sharing architec-
ture that POAM relies upon to control a varying number of agents, because heterogeneous
agents have different action spaces and may not benefit from shared representations. To
address this issue, alternative architectures are required. Initial study could examine partial
or adaptive parameter sharing (Li et al., 2024), as a straightforward modification of the
default full parameter sharing. However, due to the challenge of controlling a changing num-
ber of agents, it is likely that diffusion or attention-based architectures will be necessary, as
discussed in Section [9.1]

Second, adaptive teammates require formalizing the objective under which the team-
mates adapt. For instance, teammates might maximize a known objective, subject to ra-
tionality constraints (Simon) [1955), or they might account for the learning of the ego agent
itself (Foerster et al., 2018a; (Camerer et al., [2004)). The first step should be to study the
case where teammates are return-maximizing, before considering constraints on teammate
behavior or recursive modeling. Interesting research topics would include how to train ego
agents against return-maximizing teammates, or how to generate such teammates.

Third, when teammate objectives are not fully aligned with those of the ego agent,
the ego agent faces an objective alignment problem, where it must discover which of its
teammates’ objectives are compatible with its own, and negotiate cooperation despite the
remaining conflicts. Initial exploration could consider how to design algorithms to achieve co-
operation in no-conflict games (Christianos et al., [2023)) or sequential social dilemmas (Leibo
et al., |2017)—two previously-identified game classes that feature interesting coordination
structure without being fully cooperative.

9.2.2 Open-Ended Generation of Co-Players and Environments with Genera-
tive World Models

The open-ended framework of Chapter [ generates a continual stream of teammates,
but holds the task fixed. However, real-world collaborative scenarios, such as human-robot
interaction and collaboration among LLM agents, vary along both axes at once—as rec-
ognized by the original definition of AHT which calls for generalization to both unseen
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teammates and unseen tasks (Stone et al., |2010]). Further, generalizable coordination behav-
ior emerges as a result of interaction with co-players within diverse environmental layouts
and dynamics, rather than only as a result of interaction with diverse co-players (Risi et al.,
2025; [Jha et al., [2025]).

Therefore, a natural extension of the ideas in this dissertation is an open-ended learn-
ing framework that jointly generates novel yet realistic co-players and environments. Recent
advances in generative world models, which learn to simulate the dynamics of rich environ-
ments from data, form a concrete substrate for such a framework (Bruce et al., 2024; Wang
et all 2026¢). A regret-driven generator in the style of ROTATE could propose both the
behavior of co-players and the task instances in which interaction occurs, with the world
model supplying realistic dynamics and observations. Such a framework would unify AHT
with unsupervised environment design (Dennis et al., [2020; |[Samvelyan et al. 2023).

Realizing this vision requires teammate generation methods with far better scaling
properties than those available today. Diversity-based teammate generation objectives (Lupu
et al., [2021; Rahman et al., |2023bj; Charakorn et al., 2023)), including ROTATE, have largely
been studied in small gridworld tasks featuring two agents and discrete action spaces, and
the benchmark study in Chapter [7] (Section already reveals scaling limits. Namely,
teammate generation and unified methods perform notably worse on the larger LBF 12 x 12
task than on LBF 7 x 7, whereas ego agent methods perform comparably on both tasks,
despite the teammate generation methods receiving substantially larger training budgets.
Because these methods are population-based and must train several policies at once, includ-
ing a best response to each population member, their compute requirements grow rapidly
with the size of the state space and the number of agents within the scenario.

Thus, progress is needed on two fronts. First, benchmark tasks are needed that use
generative world models as a substrate, yet remain computationally efficient enough to sup-
port population-based training. Second, more efficient teammate generation algorithms are
needed. One avenue is for agents within the population to share parameters or representa-
tions to amortize training costs, although care must be taken to avoid reducing the diversity
of the population (Christianos et al,2021)). Another avenue is to leverage pre-existing knowl-
edge, for instance through the generalized best response estimators discussed in Section [9.1]
so that each new co-player and best response need not be learned from scratch.

9.2.3 Realistic and Diverse Human Proxies from Large Language Models

This dissertation investigates coordination among reinforcement learning agents on
relatively small games, and develops techniques for improving the cooperative generalization
of such agents. One natural long-term direction is to investigate whether the same techniques

131



might be applied to LLM agents, which are deployed alongside humans in real-world settings
such as collaborative software engineering and customer service (Wu et al., [2025; |Barres
et al., 2025). In these settings, the partners with whom an LLM agent must coordinate
are humans. The AHT literature finds that coordinating well with a given type of partner
requires training partners whose behaviors cover that type (Mirsky et al., 2022; Bakhtin
et al| [2022), which suggests that the training partners of an LLM agent must resemble
actual, diverse human behavior. LLMs are themselves natural candidates for such human
proxies, as they produce human-like text, possess broad knowledge, and can be prompted to
exhibit a variety of behaviors (Horton, 2023 [Park et al.| [2024; Wang et al., 2026a)). However,
prompted LLMs fall short of this requirement in two ways. First, prior work has documented
systematic divergences between human and LLM behavior in strategic settings (Fan et al.
2024}, Seshadri et al., 2026; Zhou et al., 2026; Wang et al.| | 2026¢), so a prompted LLM is not
a faithful proxy for any individual human. Second, it remains unclear whether prompting
alone can induce the entire range of behaviors present in a human population.

The long-term problem is therefore to produce proxy populations that are both realis-
tic, in that their aggregate behavior matches the distribution of human behavior, and diverse,
in that the population covers the spread of human behaviors rather than collapsing to the
average human. Each requirement suggests a different tool. Realism might be pursued by
fine-tuning LLMs on human behavioral data through imitation learning or human-regularized
RL (Jacob et al., 2022)), and strategic games with existing human gameplay datasets offer a
natural starting substrate, because human behavior in such games is both recorded at scale
and measurable. Diversity is where the ideas of this dissertation apply most directly. The
population-based diversity objectives of the teammate generation literature (Lupu et al.
2021}, Sarkar et al.| |2023)), including the regret-based objective of ROTATE, might be adapted
to the fine-tuning of LLM populations, or proxies might be conditioned on latent play styles
inferred from human data.

9.3 Conclusion

This dissertation set out to answer the following question: how can reinforcement
learning agents that operate in a cooperative context with other agents, learn from and with
those agents, to efficiently solve shared tasks? The contributions of this dissertation address
the question along two complementary dimensions: learning from other agents by leveraging
their trajectory data for improved sample efficiency (Dimension 1), and learning with other
agents by coordinating with unknown teammates to perform shared tasks (Dimension 2).

Along the first dimension, Chapters [3] and [4] showed that suboptimal trajectory data
produced by other agents can be used to accelerate reinforcement learning in both single
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and multi-agent scenarios, when incorporated in a principled manner. In particular, D-
Shape (Contribution 1) demonstrated that a single, suboptimal, state-only demonstration
accelerates single-agent RL when treated as a sequence of goals and incorporated through
potential-based reward shaping, without altering the task-optimal policy. DM? (Contribu-
tion 2) extended the demonstration-based perspective to decentralized teams, establishing
that independently matching each agent’s component of a team demonstration is sufficient
for convergence to the demonstrated joint policy, and may be used to form an auxiliary
learning signal that improves both sample efficiency and coordination of learning.

Along the second dimension, Chapters[5}, [0 and[7]each relax the assumptions and con-
straints under which coordination with unknown teammates has traditionally been studied.
The N-Agent Ad Hoc Teamwork problem (Contribution 3) removed the assumption that a
single agent coordinates with a single unknown partner, and POAM (Contribution 4) provided
the first algorithm that enables a variable number of controlled agents to coordinate with a
variable number of unknown teammates, while additionally learning from the trajectory data
those teammates generate. The open-ended AHT formulation and ROTATE (Contributions
5 and 6) removed the assumption of a fixed, hand-designed population of training partners,
by casting AHT as a regret-driven game between a teammate generator and an AHT agent,
so that the training distribution of teammates continually adapts to the current weaknesses
of the agent while remaining learnable. Finally, JaxAHT (Contribution 7) addressed the
computational and methodological barriers that have constrained AHT research, providing
a unified, hardware-accelerated benchmark, a standardized suite of evaluation teammates,
and the first compute-controlled comparison of AHT algorithm classes.

Together, these contributions progress toward reinforcement learning agents that can
operate alongside other agents in the real world by designing algorithms that allow agents
to acquire knowledge from the behavior of others, share the resulting capabilities with the
teams they join, and continue to improve in the context of unknown teammates.
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Appendix A: Experimental Domains

This appendix provides full descriptions of the experimental benchmark domains used
throughout the dissertation, collected in one place to avoid repeating them in each chapter.
Each chapter gives a brief description of the domains it uses and refers here for complete
details. Section describes the gridworld navigation tasks used in Chapter [3] Section
describes the StarCraft Multi-Agent Challenge, used in Chapters [ and [5l Section de-
scribes the multi-agent particle environment, used in Chapter |5l Section describes Over-
cooked, and Section describes Level-Based Foraging; both are used in Chapters [6] and [7]
Finally, Section describes Hanabi, used in Chapter

A.1 Gridworld Navigation

The gridworld navigation domain supports the experiments of Chapter 3] The exper-
iments are conducted on gridworlds with side lengths s € {10,20,30}, in which the task is
for the agent to navigate from a fixed starting position to some goal position g. The starting
position is one corner of the gridworld, while the goal position is the opposite corner. The
state space consists of the agent’s current position, and the action space consists of moving
one square up, down, left, or right. If the agent attempts to move into the boundaries of the
gridworld, its position will not change. The reward function is r(s) = —1,.,, and episodes
terminate either when the agent reaches the goal position or when the episode time limit
(500 timesteps) is reached. The state and action spaces are discrete and finite. A stochastic
variant of this gridworld is also used, which is identical to the deterministic version except
that, with probability 0.1, a uniformly random action is taken in place of the action selected
by the policy.

A.2 StarCraft Multi-Agent Challenge (SMACQC)

The StarCraft Multi-Agent Challenge (SMAC; [Samvelyan et al.,|[2019| released under
the MIT License) supports the experiments of Chapters [4] and [f] SMAC features a set of
cooperative tasks, in which a team of allied agents must defeat a team of enemy agents
controlled by the game server. It is a partially observable domain with a continuous state
space and discrete action space. For each agent, the observation space is continuous and
consists of features about itself, enemy agents, and allied agents within some radius. The
action space is discrete, and allows an agent to choose an enemy to attack, a direction in
which to move, or to not perform any action. As the number of allies and enemies varies
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between tasks, the dimensionality of the observation and action spaces is particular to each
task. The observation space is normalized to be between [—1, 1], while the action space is one-
hot encoded. The maximum number of time steps per episode is also task-specific, although
early termination occurs if all enemies are defeated. At each time step, the team receives
a shaped reward corresponding to the damage dealt, and bonuses of 10 and 200 points for
killing an enemy and for winning the scenario by defeating all enemies, respectively. The
reward is scaled such that the maximal return achievable in each task is 20.

The SMAC tasks used across the dissertation are listed below. For each task, the
allied units are listed first and the enemy units second.

e 5v6: five allied Marines versus six enemy Marines (Chapters |4| and .

8v9: eight allied Marines versus nine enemy Marines (Chapters |4| and .

10v11: ten allied Marines versus eleven enemy Marines (Chapter |5)).

3svbz: three allied Stalkers versus five enemy Zealots (Chapters [4] and [f)).

3sv4z: three allied Stalkers versus four enemy Zealots (Chapter [4).

3sv3z: three allied Stalkers versus three enemy Zealots (Chapter |4)).

A.3 Multi-Agent Particle Environment (MPE)

The multi-agent particle environment (MPE; |Lowe et al., 2017, released under the
MIT License) supports the predator-prey experiments of Chapter . MPE is a setting in
which particle agents interact within a bounded 2D plane, equipped with a discrete ac-
tion space and continuous observation space. The observation space is 16-dimensional and
contains the agent’s own position and velocity, the relative positions and velocities of all
other agents, landmarks, and the prey. The action space consists of five discrete actions,
corresponding to the four cardinal movement directions and a no-op action. The observa-
tion range is normalized to [—1, 1], while the discrete action space is one-hot encoded. The
predator-prey task (mpe-pp) is a custom task implemented within the fork of the MPE envi-
ronment released by Papoudakis et al.| (2021b]) (MIT License). In this task, three predators
must cooperatively pursue a pretrained prey agent. The pretrained prey policy provided
by the ePyMARL MARL framework is used, which was originally trained by [Papoudakis
et al| (2021b) by using the MADDPG MARL algorithm to train both predator and prey
agents for 25M steps, and generally attempts to escape approaching predators. The team
receives a reward of 1 if two or more predators collide with the prey at a single time step,
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and no reward if only a single agent collides with the prey. A shaping reward consisting of
0.01 times the ¢y distance between each agent in the team and the prey is provided as well.
Since the prey policy is pretrained and fixed, the predator-prey task is fully cooperative from
the perspective of the predator (learning) agents. The maximum episode length is 100 time
steps.

A.4 Overcooked

Overcooked (Carroll et al., 2019) is a fully cooperative cooking domain that supports
the experiments of Chapters [6] and [7] Introduced by [Carroll et al] (2019), the Overcooked
suite is a set of two-player collaborative cooking tasks, based on the commercially successful
Overcooked video game. Designed to study human-Al collaboration, the original Overcooked
suite consists of five simple environment layouts, in which two agents collaborate within a
grid world kitchen to cook and deliver onion soups. While [Carroll et al.| (2019) introduced
Overcooked to study human-Al coordination, Overcooked has become popularized for AHT
research as well (Charakorn et al., 2023} Sarkar et al., [2023; Erlebach and Cook, [2024)).

The experiments of Chapters [0] and [7] use the JAX re-implementation of the Over-
cooked suite by Rutherford et al.| (2024b), which is based on the original implementation
by |Carroll et al| (2019). Later versions of Overcooked include features such as multiple
dish types, order lists, and alternative layouts, but this dissertation considers only the five
original Overcooked layouts: Cramped Room (CR), Asymmetric Advantages (AA), Counter
Circuit (CC), Coordination Ring (CoR), and Forced Coordination (FC).

The objective for all five tasks is to deliver as many onion soups as possible, where
the only difference between the tasks is the environment layout, as shown in Figure [A.]]
To deliver an onion soup, players must place three onions in a pot to cook, use a plate to
pick up the cooked soup, and send the plated soup to the delivery location. Each player
observes the state and location of all environment features (counters, pots, delivery, onions,
and plates), the position and orientation of both players, and an urgency indicator, which is
1 if there are 40 or fewer remaining time steps, and 0 otherwise. Each player has six discrete
actions, consisting of the four movement actions, interact, and no-op. The reward function
awards both agents 420 upon successfully delivering a dish, which is the return reported in
the experimental results. To improve sample efficiency, all algorithms are trained using a
shaped reward function that provides each agent an additional reward of 0.1 for picking up
an onion, 0.5 for placing an onion in the pot, 0.1 for picking up a plate, and 1.0 for picking
up a soup from the pot with a plate. An episode terminates after 400 time steps. Player
locations are randomized in each episode. In divided layouts such as AA and FC, a player
is spawned on each half of the layout.
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Figure A.1: The five classic Overcooked layouts. Each yellow circle is an onion, while white circles are plates.
Grid spaces with multiple yellow (resp. white) circles are onion (resp. plate) piles, which agents must visit
to pick up an onion (or plate). The green square is the delivery location, where finished dishes must be sent
to receive a reward. Black squares denote free space, while adjacent gray spaces are empty counters. A black
pot icon indicates pots, while agents are shown as red and blue pointers. The AHT agent is highlighted.

A.5 Level-Based Foraging (LBF)
Level-Based Foraging (LBF; Albrecht and Ramamoorthy), 2013)) is a cooperative grid-

world foraging domain that supports the experiments of Chapters [l and [} Originally intro-

duced by |Albrecht and Ramamoorthy| (2013), Level-Based Foraging is a cooperative logistics

problem in which N players interact within a rectangular grid world to obtain k& foods. All
players and foods have a positive integer level, where groups of one to four players may only
load (collect) a food if the sum of player levels is at least the food’s level. A food’s level is
configured so that it is always possible to load it.

Figure A.2: Level-based foraging environment. The apple icons denote food. The number on the icon
indicates each player’s and food’s level. The AHT player is indicated by the red box.

The experiments of Chapters [6] and [7] use the JAX re-implementation of LBF by
Bonnet et al.| (2023), which was based on the implementation by (Christianos et al.| (2020)).
The implementation permits the user to specify the number of players, number of foods, grid
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world size, level of observability, and whether to set the food level equal to the sum of player
levels in order to force players to coordinate to load each food.

Shared configuration. All LBF tasks in this dissertation share the following configura-
tion, and differ only in grid size and in how food levels are assigned. Two players interact to
collect the foods in the grid, and player and food locations are randomized for each episode.
Each player observes the full environment state, allowing each player to observe the locations
of other agents and all foods and the number of time steps elapsed in the current episode.
Each player has six discrete actions: up, down, left, right, no-op, and load, the last of which
is the special food collection action. A food may only be collected if the sum of player levels
is at least the level of the food. When a food is collected, both players receive an identical
reward, which is normalized such that the maximum return in an episode is 0.5. Where LBF
results are reported as the percent of food eaten, raw returns are converted by multiplying
by 200, so a return of 0.5 corresponds to 100% eaten. An episode terminates if an invalid
action is taken, if players collide, or when 100 time steps have passed.

Task variants. Two LBF task variants appear in this dissertation. The first variant, LBF
7x 7, uses a 7 x 7 grid containing three foods, and is shown in Figure[A.2] For simplicity, the
level of every food is set equal to the sum of the levels of both players, so all foods require
cooperation in order to be collected. Chapter [7| therefore refers to the task as LBF 7x7 (no
levels) to distinguish it from the second variant. This variant is the LBF task of Chapter @
and one of the two LBF tasks of Chapter [[] The second variant, LBF 12x 12, is used only
in Chapter [/l Compared to LBF 7x7, this variant increases the grid to 12 x 12, enlarging
the state space and the distances players must travel to coordinate, and additionally assigns
distinct levels to foods, so that the level mechanic affects which foods a pair of players may
load. The LBF human gameplay dataset of Appendix was collected on the cross product
of both grid sizes and both level settings.

A.6 Hanabi

Hanabi (Bard et al 2020)) is a fully cooperative, partially observable card game that
supports the experiments of Chapter [7] Proposed as a challenge problem for Al research by
Bard et al. (2020), Hanabi requires players to reason about the beliefs and intentions of their
teammates, and has become a standard benchmark for AHT and human-Al coordination
research (Nekoei et al., [2023; Dizdarevic et al., 2025). In the full game, the deck consists
of cards in five colors and five ranks, and the team’s objective is to play cards to the table
so that, for each color, the cards are played in ascending rank order. The defining feature
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of Hanabi is that each player sees the hands of all other players but not their own hand.
On each turn, a player chooses one of three action types: play a card from their own hand,
discard a card from their own hand to regain a hint token, or spend a hint token to reveal to a
teammate all cards of a given color or rank in that teammate’s hand. Playing an unplayable
card costs the team a life, and the game ends when the team runs out of lives, when all
cards have been played, or one full round after the deck is exhausted. The team score is the
number of cards successfully played, with a maximum of 25 in the full game.

The experiments of Chapter [ use the JAX re-implementation of Hanabi by Ruther-
ford et al. (2024b)) (Apache 2.0 License), which follows the Hanabi Learning Environment
of Bard et al. (2020). Two variants are used. The first is the full two-player game with five
colors and five ranks. The second is Mini Hanabi, a reduced two-player game with three
colors and three ranks, which lowers the computational cost of training and is used for the
benchmark study of Section [7.3.3] In both variants, each player observes an encoding of the
visible hands, the revealed hint information about its own hand, the fireworks played so far,
the discard pile, the remaining hint and life tokens, and the previous action, and selects from
a discrete action space consisting of all legal play, discard, and hint actions.
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Appendix B: Additional Details on D-Shape

This appendix provides supporting material for the D-Shape chapter (Chapter [3)).
Section gives the proofs of the supporting propositions and the main result stated in
Section [3.3] Section reports additional experimental results, including the full ablation
study, stochastic-environment experiments, and further types of suboptimal demonstrations
referenced in Section [3.4] Section details the experimental procedure, including the base
RL algorithm and the implementation of D-Shape and each baseline.

B.1 Proofs

The finite-horizon MDP M = (S, A, P,r,~) with horizon H and the goal-conditioned
version of M, MT = (S x G, A, PT,rT,7), are considered here. All terms are defined as
in Sections [3.1] and 3.2l Two supporting propositions are proven before the main result
(Theorem |3.4]).

Proposition [3.1  Let 7(- | s) be a policy defined in M, and let f(7)(- | [s,g]) be the
extension of 7(- | s) to MT. Then Vy(s;) = Vi) ([st,0:]) Vsi € S, 9. € G, and t € {1,... H}.

Proof. Let s{ denote a state-goal pair, [s;, g;]. Let 7, denote trajectories in M, i.e. 7, =
(8¢, as,...,5m,ax). Let 7¢ denote (goal-conditioned) trajectories in M, i.e. (s{,ay,...,s%,an).
The conditional probability of a trajectory is

H-1
pr(Te | sty a0) = H m(ay | sy )P(sp41 | sp,ar).

t'=t
The reward of a trajectory is defined as follows:

H-1

T(Tt) = Z ’yt,_tT(St/+1, Ay, St/),

t'=t

Notice that as the reward function does not depend on goals, r(7¢) = r(7;).
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Computing the value of f(7) at s{ from definition:

Vit (58) = Brgiy, [ () | o)

=3 [prmE 1 s ()]
TG )
t
 H-1
=S [(TT £ae | sOP (st | st00))r (7]
& =t
 H-1
=" [(TT #aw | s)Plssn | 0,
& T t=t
P(gi41 | [St’agt’]yat’)>r(7—t)]'
The outermost summation is over 7, representing summing over all values of (s{, as, . .., s, an)

— a summation over all possible trajectories in MT. These trajectories are organized
into sets where the variables {sy,ay}//-}! are fixed, and only {gy}/-} may vary. Let

7% = {sy,ap}/Z (state-action sequences) and Tglsa

{g¢ | su,ap}Z} (sequences of
goals). Thus, the outermost summation over 7 is split into two summations where the
outer summation is over 7;°* and the inner summation is over 77°*. Reorganizing the sum is
permissible by the commutative property of addition and the fact that the sums involved are
finite. Since the trajectory rewards, transition probabilities, and action probabilities only
depend on 7,7, it may be factored out of the inner summation. Continuing the derivation

from above:

H-1
Vi (si) Z Z [( H m(ay | sy)P(sps1 | v, ap)

glga t'=t

Plges | sv 9ol av) )r(m)]

— Z (( H m(ay | sy)P(spyq | St',at’)>7’(7t)>

t'=t
H-1

Z (H P(gy+1 | [St/7gt’],at/>),

/—
Tf\sa t'=t

In the innermost summation over 77'°*, only the product of conditional goal proba-

bilities remains. This product is precisely the probability of a goal sequence p(7; glsa ), given
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that the states and actions are fixed, which sums to 1. The remaining terms depend only on
the sequence of states and actions, and are precisely V;(s;), completing the proof.

Vf(w)(stg) = Zﬂ ((Iﬁﬂ(at’ | s¢)P(s141 | St',at')>7"(7't))
> p(r™)

glsa
Ti

= 2 ((Iﬁlﬂ(at/ | 5¢) P (541 | St’7at/))r(7t)>

= V(sy).

O

Corollary . Qi ([5t, 9¢), ar) = Qr(se,a0) for all s, € S, 9, € Gap € At € {1,... H}.
Proof. The proof follows the same method as the proof for Proposition [3.1] ]

Proposition Let 7*(- | s) be an optimal policy in M, and let f(7*)(- | [s,g]) be its
extension to MT. Then f(7*) is an optimal policy in MT.

Proof. The statement is proven by showing that the value of f(7*) is already maximal.
By Corollary , Qs ([s,9],a) = Qr(s,a). By definition of optimality, max, Q«(s,a) =
Vy+(s). By Proposition B.1} Vz(s) = Vi(re)(s). Applying these three facts,
max Q= ([s,9],a) = max Qr+(s,a)
= Vi (5)
= Vi) ([5, 9])-

Since max, Q=) ([s, g],a) = Vi@ ([s,g]), the value of f(7*)([s,g]) is already maximal for
all [s,g] € S x G. Thus, f(7*) cannot be improved and must already be optimal in MT. [

For reader convenience, the statement and proof of Theorem is reproduced below.

Theorem . Let (- | [s,g]) be an optimal policy in M'. Define an arbitrary
state-goal mapping I' : S — Gy C G, where Gy is the set of goals in MT that has positive
probability of being reached by any policy. Then wi*(- | s) == n™(- | [s,T(s)]) is an optimal
policy in M.

142



Proof. The statement is proven by considering the optimal state-action value functions
in M and MT. Denote the set of optimal actions at state-goal [s,g] € MT by A,, =
argmax, Q" ([s, g], a).

Let 7*(- | s) be an optimal policy in M, and let f(7*) denote the policy induced by 7*
in MT as in Proposition By Proposition , f(7*) is an optimal policy in M. Since the
optimal value function in M7 is unique, Q@+ ([s, g],a) = Q™([s, g],a) for all s € S, g € G,
and a € A. By Corollary B.2} Qg(x)([s, g],a) = Q+(s,a). Thus,

As,g = argmax QT*([Sv g]? CL)
= argmax Q= ([s, 9], a)

= arg max Q.«(s, a).

The computation shows that the set of optimal actions in MT at some [s,g] € S x G is
the same as the set of optimal actions in M at s — that is, the set of optimal actions is
independent of the goal g. Since the set of actions with positive probability under 7™ (- | s, g])
is a subset of A, for g € Gy, it follows that 7" (- | ) := 7*(- | [5,T\(s)]) C Asrgs) =
argmax, Q.+ (s,a) for all s € S. Thus, WF* is an optimal policy in M. ]

There is an alternative way to think about obtaining optimal policies in M from an
optimal policy in MT. Given that the rewards in M are agnostic to the goals, it could be
proven that an optimal policy in M is still optimal if the goal transition probabilities are
changed (while maintaining that the same [s, g] have positive support). Then MT could be
modified to an MDP that is equivalent to M by just changing the goal transition probabilities,
and thus an optimal policy in M would be obtained.

B.2 Supplemental Experimental Results

Figure reproduces the ablation study presented in Section [3.4] but with RIDM
as well. The remainder of this section provides further experiments supporting the results
in the main text.

B.2.1 Stochastic Environments

The main experiments were also run on a stochastic version of the gridworld environ-
ment from the main text, with similar findings. The results are shown in Figure [B.2 The
main difference from the deterministic setting is that the learning curves are higher variance,
demonstrating the validity of the approach even in stochastic environments.
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Figure B.1: D-Shape compared to all three ablations of D-Shape using the optimal demonstration. D-
Shape displays better sample-effiency than all ablations. The last ablation (D-Shape without PBRS or goal
relabeling, i.e. state augmentation only) is shown on this plot. Optimal task return is shown as a horizontal
line. Means and standard deviations are computed over 30 training runs.
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Figure B.2: Learning curves of D-Shape with optimal quality demonstrations as compared to baseline meth-
ods, on a gridworld with stochastic transitions, where with 0.1 probability, a random action will be taken
rather than that selected by the policy.

B.2.2 Further Types of Suboptimal Demonstrations

The experiments in Section [3.4.3| show that for the first type of suboptimal demon-
strations mentioned in the main text (those that go to an incorrect goal state), D-Shape’s
performance declines less than that of the Manhattan baseline. Further, D-Shape always
converges to the optimal return, unlike Manhattan. Here, whether D-Shape is robust to the
second type of suboptimal demonstrations (those that do not decrease their distance to the
goal at some timestep) is examined.

Two demonstration styles that satisfy this second type of suboptimality are considered
here. Figure shows how D-Shape handles demonstrations consisting of an optimal path
to the goal tile, where each state is repeated N times (N in {1,3,5}), as compared to the
Manhattan baseline. Similar to Figure D-Shape’s convergence and sample efficiency is
found to be more robust to suboptimal demonstrations than Manhattan.

Demonstrations that are missing states, an interesting type of suboptimality that
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may come up in real applications, are also considered (Figure . Interestingly, D-Shape
is found to be strongly robust to this type of suboptimality, showing almost no decline in
performance. This robustness is hypothesized to arise because D-Shape treats each state as
its own goal, so it is able to handle demonstration trajectories with missing states.

Robustness to Suboptimal Demonstrations

dshape, optimal
dshape, extend=3
dshape, extend=5
manhattan, optimal
manhattan, extend=3
manhattan, extend=5
—== Optimal return

Returns

0.0 0.5 1.0 1.5 2.0 2.5 3.0
le6
Timesteps

Figure B.3: Learning curves of D-Shape compared to Manhattan with suboptimal demonstrations that never

increase distance from the goal, but “linger” at each state for N = {1, 3,5} steps. Results shown are for the
20 x 20 gridworld.

Robustness to Suboptimal Demonstrations
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Figure B.4: Learning curves of D-Shape compared to Manhattan with suboptimal demonstrations that are
missing information (i.e. trajectories are missing states). Results shown are for the 20 x 20 gridworld.

B.3 Experimental Details

This section provides the implementation and hyperparameter details needed to re-
produce the experiments of Section [3.4. The base RL algorithm shared by all methods is
described first, followed by the treatment of potential-based reward shaping in the episodic
setting, and then the implementation of D-Shape and each baseline.
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B.3.1 Base RL Algorithm (Q-learning)

A custom implementation of Q-learning is used, with a tabular representation of the
value function, where updates are performed based on data sampled from a replay buffer.
Hyperparameters for baseline Q-learning are given in Table [B.I] Since all the methods in
this chapter use Q-learning as the base RL algorithm, these hyperparameters are also used
there.

Hyperparameter Value
training timesteps 250000
max timesteps per episode 500

€ 0.2

«Q 0.1

vy 1
updates per step 20
buffer size 5000

Table B.1: Hyperparameters for the baseline of Q-learning. « is the learning rate, € is the parameter for
e-greedy exploration, and +y is the discount factor.

B.3.2 PBRS in Episodic Settings

Ng et al. (1999) proved their result in the continuing setting. |Grzes (2017) showed
that in order for the policy invariance result to hold in the episodic setting, ¢(sy) = 0 must
be set for all terminal states sy. This recommendation is followed for all methods that use a

potential-based reward function (D-Shape, D-Shape ablations with potential-based shaping,
and SBS).

B.3.3 D-Shape

Transitions in the replay buffer are of the form, ([s:, ¢, at, ¢, [St41, gr+1]). One as-
sumption in the theory behind D-Shape is that g,y depends only on ([s;, ¢, a;). Goals in
the replay buffer come from two sources: the expert demonstration, or are sampled using the
goal sampling strategy. The implementation of D-Shape is argued below to approximately
satisfy the independence assumption.

Goals either originate from the goal-sampling strategy or are expert states. D-Shape
is implemented with a variant of the episode goal sampling strategy (Andrychowicz et al.
2017). The variant consists of uniformly sampling subsequent states at time k, (s, Sk+1)
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from the current episode to use as goal states at time t, (g, gs41). Since Sxi1 depends on
Sk, Gk, thus, g1 depends only on (g, ax). Alternative goal sampling strategies that do not
rely on the action a; are left to future work. The remaining transitions have time-aligned
expert states as goal states, i.e. (g¢, gr41) = (8§, 57,1). Since the implementation includes
timesteps as part of the state, sf,; can be determined from s;.

In the experiments, each sampled transition is relabeled with 3 goals. Relabeling with
more goals was found not to improve performance.

B.3.4 RIDM (Pavse et al., 2020)

Pavse et al.| (2020) implemented RIDM with CMA-ES, an evolutionary optimization
algorithm (Hansen and Ostermeier, 2001). Since the optimization technique is not funda-
mental to their method, for fair comparison, RIDM is instead implemented using the base
RL algorithm (Q-learning). This implementation turns out to be equivalent to Q-learning
with state augmentation. RIDM does not introduce any hyperparameters.

B.3.5 SBS (Brys et al., 2015)

The original SBS method defines a potential function in terms of a similarity measure
between states from the demonstration s¢, and the agent’s current state s, m(s?, s). Denote
the set of demonstrations by D. The potential function is of the following form:

D d
S$,a) = max mis,s ).
07(s,a) = max m(s, ")

This function computes the maximal similarity between agent states s and demonstration
states s? that come from samples with the same action as the agent. To implement SBS
with state-only demonstrations, the dependency on a is simply removed:

o7 (s) = ggggm(s,sd)-

The particular similarity measure used by Brys et al.| (2015) is a non-normalized
multi-variate Gaussian with mean s¢ and covariance ¥,

g(s, 5%, 3) = BT 6ms ),

In Brys et al.| (2015)), 3 := oI, where o is a constant, and state variables are mapped to [0, 1].
Thus, in practice, the similarity metric is the exponentiated negative Euclidean distance with
a scaling parameter o. Since the Euclidean distance metric is not a suitable distance metric
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for the discrete gridworld environments considered in these experiments, it is instead replaced
with the L; (Manhattan) distance. The state variables are also mapped into [0, 1], and o is
tuned for each gridworld task. As suggested by [Brys et al.| (2015]), demonstration states are
stored in a k-d tree and ¢ is computed by querying the k-d tree.

Hyperparameter search procedure: A hyperparameter search is performed over
o and a reward scaling parameter for the shaping reward, ¢, using the 10 x 10 gridworld
domain. The performance of each parameter combination is summarized by the sum of
all returns along the training curve, an evaluation metric that balances between sample
efficiency and asymptotic return.

The search range is given below, and the final hyperparameter choice is bolded:
o €[0.1,1,10]

ce0.1,1,10].

B.3.6 Q-learning + Manhattan

This baseline consists of running baseline Q-learning with the following hybrid reward
function:
1™ = cllse = sfall
The second term in the above reward function is the Manhattan distance of the
current agent state from the next expert state, and is scaled by c.

The hybrid reward function has three hyperparameters: «, 3,y € [0,1]. A hyperpa-
rameter search is performed over the following values using the same procedure as for SBS.
The final selected value is bolded:

¢ €[0.01,0.1,1].
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Appendix C: Additional Details on DM?

This appendix provides supporting material for the Chapter |4/ on DM?2. Section
states the remaining conditions for the theoretical analysis and gives the proofs of the sup-
porting lemmas and the main results stated in Section [4.3] Section reports additional
experimental results, including a description of the demonstration styles used in the ablation
study of Section [£.4.4] a behavioral cloning comparison, and an analysis of the distribution
matching reward in isolation. Section details the experimental procedure, including
implementation details and hyperparameters.

C.1 Convergence Proof Details

Section states three conditions for the theoretical analysis. One of these condi-
tions, that for every policy considered there is a minimal probability of visiting each state,
is formalized below.

Condition C.1. Let 0 < e < 1, and let p be the state visitation distribution induced by any
joint policy during training. For all agents i and all states s, suppose that p(s) > e.

The update scheme analyzed in this section is specified in Algorithm 4 Line [2]initial-
izes a separate discriminator and policy for each of the K agents. Learning then proceeds
in turn-by-turn fashion: for each agent k, Line [0] gathers M steps of environment data,
Line [7 updates agent k’s discriminator to convergence at the optimum 7y’ " of the GAIL ob-
jective (Equation, and Line |8 updates agent k’s policy with TRPO to minimize the same
objective. Unlike the practical Algorithm [2| the analyzed variant trains each discriminator
to convergence before updating the corresponding policy, matching the assumptions of the

single-agent convergence result of |(Guan et al.| (2021)).

Recall that the joint action-matching objective (Equation [4.4) is defined over the
expected state visitation as the probability that all agent actions match their corresponding
experts (plus a constant):

() =3 pals) [(K = 1) + Baur[1 ucar (9)]]

sES

Two properties of J(7r) are established first.

Lemma C.1. The objective J(m) is bounded by (K —1) < J(w) < K.
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Algorithm 4 Decentralized MARL with distribution matching (analyzed variant)
Require: Number of agents K, expert demonstrations Dy, ..., Dg, environment env, steps
per epoch M
for k=1,...,K do
Initialize discriminator parameters ¢, and policy parameters 6y,
end for
while any 7y, not converged do
for k=1,...,K do
Gather M steps (s™,a™,rD,) from env
Update discriminator r4, to maximize Equation until convergence to 7’;2 '
Update policy mp, using TRPO to minimize Equation
end for
end while
: return K agent policies 7y

—_ =
—= O

Proof. As shorthand, define f(m) = >~ s pr(5) Eann[ln 0,—q2(5)], so that J(mw) = (K —1)+
f(m). First, f(m) > 0 because it is a weighted sum of expectations over indicator functions
with non-negative weights, and it is precisely 0 if for all states the joint policy @ never
matches the expert actions. Thus J(7) is lower bounded by (K — 1). For the upper bound,
the outer summation is the expectation under the state visitation distribution p,, and each
inner expectation over the indicators is at most 1, so f(7r) is at most 1. Thus J(7) < K. O

Lemma C.2. Suppose the joint expert policy wg is deterministic. Then g is the unique
maximizer of J (7).

Proof. (Mazimization) Since g is deterministic, each term Eqory[1n 4,—0#(s)] = 1. Thus
J(mg) = K, which achieves the upper bound of J.

(Uniqueness) Suppose there exists another policy @ # g that also achieves the
upper bound, ie. J(w) = K. Let a¥ := 7g,(s). Then there must be an agent i such
that, with positive probability, a; ~ m;(s) with a; # aF. It is then immediate that at state
S, Eann[l a,—q#(s)] < 1. Combined with the non-zero probability of visiting every state
(Condition [C.1)), this inequality implies J(m) < K. By contradiction, 7 is the unique
maximizer of J. [

The next lemma establishes that an individual agent performing GAIL updates in-
creases its expected discriminator reward, leveraging the single-agent GAIL convergence result
of Guan et al.| (2021)).
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Lemma C.3. Lett be the time step at which agent i’s policy is updated, and for all agents j
denote the optimal discriminators of Equation by rg?t. Suppose agent v updates its policy
parameters from 0 to 0 such that L(07™, ¢ | 01 ) < L£(0L, ¢ | 01.). This decrease in
loss is equivalent to increasing agent i’s expected discriminator reward.

Proof. Updating a single agent’s policy while holding all discriminators fixed alters neither
opt

the expert value term V (7, 75" ") nor the regularizer (¢

) in the per-agent loss £. Thus,
the condition that agent i’s loss decreased is equivalent to its value increasing;:

VO, o | 0:2) > V(6] 67 | 07). (C.1)

For notational convenience, write agent i’s policy at time ¢ as 7, the ith discriminator r

with its action argument as ry, (s, a;), the state visitation distribution induced by it ot

i 0 =
as p1 and that induced by 7!, 7! as p'. Rewriting Equation in terms of these visitation
distributions and dropping the common factor ﬁ gives

E e [rg, (s, a;)] > Eqpt aimnt (74, (s, a)]. (C.2)

i 0

s~pttl g~

The following result, stated as Theorem in Section [4.3} shows that .J(7r) is lower
bounded by the sum of the individual action-matching rewards over all agents and states.

Theorem The joint action-matching objective J(7r) is lower bounded by the sum

et (9)]]

over individual action-matching rewards, L(m) := Y px(s) [Zfil Eo,r, [1

Proof. Rewrite J(7r) in terms of action mismatches:
J(m) = 3" pals) | (I = 1) + Eannll = 1y 0,05 (5)]
=" 0e(8) [ K + Eanal =1,z ()]

Applying the union bound to the mismatch event,

J(m) 2 pals) | K + ZEaMi[—ﬂaﬁéa;(S)]]

SES =
=D pa(s) | D Bar [l ﬂaiyéag(sn] = L(m) 0
SES | i=1
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Theorem relates the multi-agent imitation learning objective to a sum over single-
agent imitation learning objectives, which is important because each agent updates inde-
pendently to improve its own objective. The additive form of L(7r) is similar to the value
factorization assumption made by algorithms such as VDN (Sunehag et al. 2018). It is
difficult to say anything directly about the expected action-matching reward of an agent
j # i under the updated state distribution p'*!, since p*! may be a distribution over which
agent j makes more mistakes. While in general agent j’s expected reward may decrease as
a result of agent i’s update, the next result shows that, under Condition and Assump-
tion , agent i’s update increases a lower bound on L(7) that is independent of the state
distribution. This result is stated as Corollary in Section 4.3]

Corollary [4.2] Let ¢ be the minimum probability of visiting any state. For all p,
K
L(m) > 3 ses Dim1 € By [Lg,=a2 (5)] =1 Le(7).

Proof. The result follows from the definition of L(7) and the fact that, for all s € § and all
p encountered during training, p(s) > € (Condition |C.1]). O

Observation C.1. L.(7) is bounded by 0 < L.(m) < ¢|8|K.

Lemma C.4. Suppose the joint expert policy wg is deterministic. Then wg is the unique
mazximizer of Le(m).

Proof. The proof follows closely that of Lemma

(Mazimization) Since mp is deterministic, for each agent i, Eg,rp [14,25(s)] = 0,
and hence Eqry, [I — 1, 4,5(s)] = 1. Summing over all agents and taking the e-weighted
sum over all states, L.(mwg) = €|S| K, which achieves the upper bound of L.

(Uniqueness) Suppose there is at least one agent policy m; # 7g, such that the joint
policy 7 also achieves the upper bound. Then there must be a state s at which, with non-zero
probability, a; ~ m;(s) with a; # af. It follows that Eq, r, [L4,2a2(5)] > 0, 50 Le(m) < €[S[K.
By contradiction, g is the unique maximizer of L.. O

Lemma states that a single agent ¢ updating its policy to improve its own GAIL
loss is equivalent to increasing the expected action reward rg, (s, a), where the expectation
over states is with respect to some updated state visitation distribution p'™! (Equation |C.2)).
The following assumption, stated as Assumption [4.1]in Section [4.3] relates this action reward
to the action-matching reward.

Assumption [4.1] For all agents ¢ and all states s, an increase in the expected converged
GAIL discriminator reward implies an increase in the expected action-matching reward.
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This assumption is not as strong as it may first appear. The converged GAIL re-
ward consists of the negative discriminator prediction, 74,(s, a;) = —log D(s, a;), where the
discriminator predicts the likelihood ratio between the target visitation and the mixture of
target and agent visitation:

S’pigij%s’?) L)
() mla |

T (S,a;) = —log D(s,a;) = —log (PE(

= ~log (PE(S) me(ai | s)+ p(s)m(ai | s)
. pe(s) me(a; | s) =:r.(s,a;
& lg(pE(S) ) e

me(a; | s)+em(a; | s)

The minimal state visitation assumption (Condition |C.1)), p(s) > e, relates r4,(s,a;) to a
state-visitation-independent reward r.(s, a;). This quantity behaves similarly to the action-
matching indicator reward. To see this, first suppose a; # a¥, so the action-matching
indicator is 0. Since the expert policy is deterministic, 7g(a; | s) = 0, implying r.(s,a;) =0
as well. If instead a; = af, then r.(s,a¥) is non-zero, and the only way for agent i to
increase (s, aF) is to increase w(af | s), the probability of matching the expert’s action.
Thus, an increase in 74,(s, a;) implies an increase in r(s, a;), which behaves similarly to the

action-matching indicator.

The analysis so far establishes that each individual agent’s policy improvement under
the GAIL reward improves a lower bound on the joint action-matching objective J(7). The
following condition and lemma show that, within a finite number of updates, each agent can
independently improve its value function until it converges to the expert policy.

Condition C.2. Let V(w) denote the value of an agent following a single-agent imitation
learning algorithm, so that |V (my) — V(nE)| is the optimality gap at update t. Suppose
|V (7;) — V(7F)| < n(t), where n(t) = 0 as t — co.

Condition states that the single-agent imitation learning process converges to the
expert policy with convergence rate n(t). For the present setting, Guan et al.| (2021) show
that single-agent GAIL converges.

Corollary C.5. There exists H € Nt, H < oo, such that within H updates, agent i can
improve its policy to increase the probability of matching the expert’s action, summed over

all states:
S 2B, enlro(s, )] > 3 € [MEaentlra(s,0)]]

SES ses
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Proof. For a single agent 4, define V() = 3 s pr(5)[2Equr, [re, (s, a)]] and rewrite it as

C

V(ﬂ—) - % Z(Pn(s) - E) EaNWz‘ [T¢i(87 a)] + % Z E]anm. [T¢i<s7 a)]

sES SES

Define a(m) := £ > s(pr(s) — €) Eam, [14,(s,0)] and b(7) := 13" s € Bgor,[rg,(s, a)], where
b(m) is the quantity of interest. The properties of the max operation imply max, V(7)) =
max,[a(7) + b(7)] < max, a(m) + max, b(w). The expert policy 7r maximizes V(7) for any
single-agent imitation learning algorithm, and also maximizes both a(7) and b(7), so the
inequality is an equality for mg:

max V(rw) = V(rg) = a(rg) + b(7g) = max a(m) + max b(r).

™

Assume there is a policy m # mg such that b(w) < b(mg) and b(w) cannot be improved
within finite updates. This contradicts Condition [C.2] which establishes that the single-
agent imitation learning algorithm can improve the agent policy until its value converges to
that of the expert policy. O

Corollary implies that, within a finite number of policy updates by agent ¢, the
quantity L.(7r) increases, because the terms corresponding to agents j # i are unchanged.
By Lemma L.(m) is upper bounded by the constant €[§|K. Thus, by the monotone
convergence theorem, L () converges. The expert policy 7g is a maximizer of L(w), L.(7),

and J(m) (Lemmas and [C.4), which establishes Theorem [4.3]

C.1.1 Mixed Task and Imitation Reward

The following result, stated as Theorem [.4]in Section [.3] shows that combining the
task reward with the imitation reward preserves the expert Nash equilibrium.

Theorem Let Ry be the reward function used to train the expert policies g, and
let the expert policies be a Nash equilibrium with respect to Rr. Then mg are a Nash
equilibrium for reward functions of the form a Ry + SR;;, for any o, 8 > 0.

Proof. Let R.; = aRr + SRr;. The reasoning is on a per-agent basis, so the ¢ subscript
is dropped from R.; and R;; for convenience. For mp, not to be a Nash equilibrium with
respect to R., there would have to exist a policy 7; such that

E[R(7i(s) | me_,)] > E[Re(mg,(s) [ me_,)],
which implies
aB[Rp(7i(s) | mp_)] + BE[R(7i(s) | ma_,)] > «E[Rr(7g,(s) | me_)] + BE[R (g, (s) | me_,)].
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But by definition, for all 7g,(s),
E[Rr(7p,(s) | m5_,)] 2 E[Rr(7i(s) | m_,)]
because the expert policies are a Nash equilibrium with respect to Ry, and
ElR(mg,(s) | me_,)] = E[R(7i(s) | m6_,)]

because the expert policies are a Nash equilibrium with respect to the imitation reward
(Lemma [C.2)). Together these contradict the strict inequality above. O

C.2 Supplemental Experimental Results

This section provides further commentary on the results of Section 4.4 and presents
additional supporting experiments: a description of the demonstration styles used in the
ablation study of Section [£.4.4] a behavioral cloning comparison, and an analysis of the
distribution matching reward in isolation.

C.2.1 Demonstration Styles of the Ablation Study

The ablation study of Section [4.4.4] examines expert demonstrations that vary along
two dimensions: co-trained versus not, and concurrently sampled versus not. For co-trained
agents with non-concurrently sampled demonstrations, the demonstrations are sampled from
co-trained expert policies, but each agent’s demonstrations originate from disjoint episodes.
For agents that were not co-trained but whose demonstrations are sampled concurrently, the
demonstrations are obtained from expert policies that were each trained in separate teams
but then executed together in the same environment. To ensure that each such expert policy
is of similar quality despite not being trained together, the joint expert policies are trained
with different seeds of the same algorithm.

C.2.2 Behavioral Cloning Pretraining

Distribution matching is not the only way to use demonstrations. A more naive
approach is behavioral cloning (BC; Bain and Sammut}, [1999), a form of supervised learning
over the dataset of state-action pairs that learns to predict the maximum likelihood action
on the states present in the dataset, by minimizing the negative log likelihood of the expert
action. This experiment pretrains the agent policy with BC before the agents interact
with the environment, after which they continue learning with 1PP0O. BC typically suffers
from a covariate shift problem, in which the agent’s state visitation when interacting with
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the environment differs from the expert data distribution, leading to poor imitation even in
single-agent settings, and requires a dataset whose size grows quadratically with the problem
horizon (Ross et al. 2011). These issues are likely exacerbated with multiple agents: the
agents might minimize the supervised loss without learning to coordinate effectively, and any
coordination achieved is unlikely to persist once IPPO training proceeds. Figure confirms
that BC does not imitate the demonstrations well enough to recover their performance, and
that the benefits of BC vanish as IPPO training proceeds.

5v6 - Effect of BC Pretraining 3sv4z - Effect of BC Pretraining
1.0 1.0
] )
T T
x 0.8 x 0.8
c c
o o
= 0.6 = 0.6
Q Q
b= b=
c 0.4 © 0.4
m 28]
c c
$ 0.2 $ 0.2
= =
0.0 0.0
0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0
Timesteps le7 Timesteps le7
—— ippo baseline —— ippo w/bc pretrain - — demo —— ippo baseline —— ippo w/bc pretrain —— demo
—— dmz2, ippo demo (5m) —— dmz2, ippo demo (5m)

Figure C.1: 1PPO trained with 7,,;,, with and without behavioral cloning pretraining on the expert dataset.
Demonstration qualities are shown as horizontal lines. All experiments use demonstrations sampled from
IPPO at bm timesteps of training.

C.2.3 Effect of the GAIL Reward

DM? consists of IPPO trained with 7,,;,, a mixture of the environment reward and the
GAIL reward. Figure presents an ablation on this mixture. For both IPPO demonstration
qualities, IPPO trained on the GAIL reward alone achieves a far lower win rate than 1PPO
trained on the environment reward (the IPPO baseline) or DM?. This result provides further
evidence that the primary benefit of DM? comes from the coordination exhibited in the
demonstrations, rather than from individual imitation of expert behavior.

C.3 Experimental Details

This section provides the implementation and hyperparameter details needed to repro-
duce the experiments of Section[4.4] The code is available at https://github. com/carolinewang01/dm2.
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Figure C.2: 1PPO trained with 7¢.; and IPPO trained with 7., only, on the 5v6 and 3sv4z tasks. DM?
is shown for reference. Demonstrations are sampled from IPPO policies, and the win rates achieved by the
demonstrations are plotted as horizontal lines.

Implementation details. The algorithm implementations are based on the multi-agent
PPO implementation of Yu et al.| (2022b)) and the PyMARL codebase (Samvelyan et al.,2019),
which also provides the StarCraft environment. All decentralized MARL implementations
have fully separate policy and critic networks and optimizers per agent, with no parameter

sharing. For 1PPO agents, the policy architecture is two fully connected layers followed by
an RNN (GRU) layer, with 64 neurons per layer and ReLU activations; the critic shares
this architecture. For DM? agents, the policy and critic are identical to those of 1PPO,
and the discriminator consists of two fully connected layers with tanh activations. The
centralized MARL algorithms use parameter sharing across agent policy networks together
with a centralized value network. For QMIX, the policy architecture is the same except that
there is only a single fully connected layer before the RNN layer. Running QMIX with the
IPPO agent architecture was found to significantly degrade its performance (Figure ,
so the better-performing architecture was used for the QMIX experiments in the main text.
RMAPPO agents were trained directly using the code published by [Yu et al.| (2022b)).

Hyperparameters. For QMIX, the default parameters specified by Rashid et al.| (2018))
are used for all tasks. For 1PPO, and the IPPO component of DM?, mostly default param-
eters (Rashid et all [2018; [Yu et all [2022b]) are used; the parameters that varied between
tasks or were tuned are given in Table . To enable DM? to learn successfully from QMIX
demonstrations, it was sometimes necessary to inject a small amount of random noise into

the demonstration sampling process so that the demonstrations did not over-constrain the
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Figure C.3: QMIX is sensitive to the agent policy architecture. Performance on the 5v6 task suffers signifi-
cantly when an extra fully connected layer is added.

exploration of the learning policies. Specifically, the QMIX demonstrations were sampled
from e-greedy QMIX policies, with € chosen so that the win rate fell by no more than 10%;
the corresponding e values are given in Table [C.1] A hyperparameter search was conducted
over the GAIL reward coefficient, the number of discriminator epochs per IPPO update, the
buffer size, and the batch size; the final values are given in Table [C.2]

ov6  3svdz  3sv3z ovb  3svdz  3sv3z
epochs 10 15 15 gail rew coef 0.3  0.05 0.3
buffer size 1024 1024 1024 discr epochs 120 120 120
gain 0.01 0.01 0.01 buffer size 1024 1024 1024
clip 0.05 0.2 0.2 batch size 64 64 64
gmix epsilon 0 0 0.1 n exp eps 1000 1000 1000
Table C.1: 1PPO hyperparameters. Table C.2: GAIL hyperparameters.

158



Appendix D: Additional Details on N-Agent Ad Hoc
Teamwork

This appendix provides supporting material for Chapter 5| on NAHT and POAM.
Section describes how the team sampling procedure introduced in Section |5.1| may be
generalized to sample agents conditioned on the environment state. Section provides
the proofs of the claims made in the motivating example of Section [5.2 Section details
the experimental procedure, including the evaluation metrics and implementation details
supporting the experiments of Section Section [D.4]reports secondary analyses, including
empirical validation of the need for dedicated NAHT algorithms.

D.1 A State-Conditioned Generalization of the Team Sampling
Procedure

Section introduces the team sampling procedure X (U, C') and notes that it may be
generalized so that agents are sampled conditioned on the environment state. This section
describes the generalization explicitly.

Let g(k, ut, s) represent a function for randomly selecting k elements from a generic
set u, conditioned on a state s € 8. For instance, g might be the distribution Multino-
mial(k, ||, @(s)), for selecting k elements with replacement from the set p, parameterized
by the state-dependent probability logits ¢(s) € [0, 1], Allowing ¢ to depend on an initial
state enriches the representable open interactions.

Returning to the robot warehouse example of Section a state-dependent g might
model that robots suitable for heavy loads are more likely to be present near the loading
dock area. Similarly, if the time is included in the state, dynamic characteristics could
be modeled, e.g. that certain types of robots are only available during regular working
hours, when humans are available to supervise. In simple cases, of course, g might be
state-independent, recovering the procedure described in Section In full generality, for
s € §, X is a sampling procedure parameterized by the tuple (s, K, U, C, ¢k, gu, gc), where
¢k € [0,1]¥ represents the logits of a categorical distribution.

D.2 Proofs for the Motivating Example

This section provides proofs for the claims made in Section where the bit matrix
game is defined and used to argue that AHT policies are suboptimal for NAHT.
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Lemma D.1. For a team of K agents independently and identically selecting actions with
probability p, the p that mazximizes the probability of winning is p = %

Proof. The probability of winning, P(s = 1), may be computed as follows:
P(s=1) = K - P(agent i chooses 1 and the others choose 0) = Kp(1 — p)*~".

The global maxima of this expression with respect to p are found by considering the boundary
points p € {0,1} and the zeros of the first derivative. If all agents select 1 with probability
0, the team cannot win; thus, p = 0 is not a maximum. Similarly, if all agents select 1 with
probability 1, the team also never wins; thus, p = 1 is also not a maximum. The derivative
of P(s=1)is

dP(s=1 _ _
= K- - (& - opa -
= K[(1=p)"**[(1 = p) = (K = 1)p]].
The zeros of the above expression occur at p = 0 and p = % For p = %7 note that
P(s=1) = (£2)X71 > 0; thus, p = & must be the global maximum. O

Lemma D.2. In a team of three agents consisting of two uncontrolled agents that select 1
with probability p = %, and one controlled ad hoc agent that selects 1 with probability p.n,
the probability of winning is P(s = 1) = 3.

Proof. Let s, denote the sum of the bits chosen by the two uncontrolled agents, and b,
denote the bit value chosen by the controlled agent. The probability of winning can be
computed by partitioning the winning outcomes by whether s, = 1 and the ad hoc agent
selects 0, or whether the ad hoc agent selects 1 and both uncontrolled agents select 0 (i.e.
Sy = 0):

e
—~
V)
I
—_
~—
I

P(sy =1Abany =0) + P(sy = 0Abape = 1)
:2'%'§'(1_paht)+paht (%%)

_ 4 4 __ 4
— 9 'paht+§'paht_§'

Ol

]

Lemma D.3. In a team of three agents in which two ad hoc agents select 1 with probability

Paht and the remaining uncontrolled agent selects 1 with probability %, the mazximizing pon = %
4

and the corresponding winning probability is P(s = 1) = 3.

160



Proof. Let s.n; denote the sum of the bits chosen by the two ad hoc agents, and b, denote
the bit value chosen by the uncontrolled agent. The probability of winning may be directly
computed as follows:

P(s=1)= P(sant = L Aby =0) + P(Sant = 0Ab, = 1)

=2 * Paht * (1 _paht) ' % + (]- _paht)2 : %

= (1 - paht) [%paht + %(1 _paht)] = (1 - paht) (% +paht) .
The maximizing value is determined by computing P(s = 1) at the boundary points p.n; €
{0,1} and at the zeros of the derivative of P(s = 1). For pa,y = 0, P(s = 1) = 5, while for
Pant = 1, P(s = 1) = 0. The derivative of P(s = 1) with respect to paps is

dlP(s=1

M = (1 _paht> - (% +paht) - % - 2paht'
dpaht

The zero of the above expression occurs at pan; = %, which corresponds to P(s = 1) = %. O]

Lemma D.4. In a team of three agents in which one agent always selects 0, one agent selects

1 with probability %, and the last agent selects 1 with probability phane, the optimal ppon = 1
— 2

and results in a winning probability of P(s = 1) = 3.

Proof. Since one of the two controlled agents always plays 0, the game effectively becomes
a two-player game. Let a, denote the action selected by the uncontrolled agent, and let
anany denote the action of the controlled agent. The probability of winning may be directly
computed as follows:

P(s=1)= P(ay, = 1 A apant = 0) + P(ay = 0 A Gpane = 1)
= % . (1 _pnaht) + % * Pnaht = % + % * Pnaht-

Clearly, ppane = 1 maximizes P(s = 1), and the corresponding value is P(s = 1) = £.

wlN
Ul

D.3 Experimental Details

This section provides the details of the experimental procedure supporting Section [5.4},
including the evaluation metrics and the algorithm implementation.

D.3.1 Evaluation Details

This subsection provides details on how mixed teams are evaluated in the NAHT set-
ting, and how the cross-play scores, self-play scores, and uncertainty measures used through-
out Section [5.4] are computed.
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K-N score. Given a set of controlled agents C' and a set of uncontrolled agents U, the
goal of the K-N score is to quantify the performance when these two teams must cooperate
within the NAHT scenario. The K-N score is computed in a deterministic and exhaustive
fashion, by iterating over all possible values of N. Let N be the number of agents sampled
from set C, such that N < K. For N € {1,--- | K — 1}, the joint policy w*) is constructed
by selecting N agents uniformly from C' and K — N agents from U, and the resulting team
is evaluated on the task for F episodes. This results in (K — 1) - E episode returns, which
are averaged to form the K-N score.

Cross-play scores. The cross-play scores reported in this chapter are the average returns
of teams generated by algorithm A when coordinating with those generated by B. To
compute the cross-play score, multiple teams (by varying the seed) are first trained via both
algorithms A and B. The K-N score is then computed for random pairings of teams (seeds)
from A and B, following the procedure specified above, and summary statistics are computed
over the set of all such NAHT returns. For example, each algorithm (VDN, QMIX, IQL,
MAPPO, IPPO) is run k times with different seeds, to generate k teams of agents that may
act as uncontrolled teammates. For each pair of algorithms, a subset of the possible seed
pairs is sampled, and the teams that result from merging said seed pairs are evaluated. If
VDN and QMIX have seeds 1, 2, and 3, the cross-play evaluation might consider the seed
pairings (VDN 1, QMIX 2), (VDN 2, QMIX 3), and (VDN 3, QMIX 1). Given a pair of
seeds, the K-N cross-play score is computed as the average return generated by sweeping
N e {l,---,K — 1} and evaluating the merged team for E episodes. In these experiments,
E =128 and k = 5.

Self-play scores. The self-play scores reported in this chapter are model self-play scores,
rather than algorithm self-play scores (Albrecht et al., 2024), because the performance of
interest is that of agents when paired with known teammates.

Measuring uncertainty. Means and 95% confidence intervals are computed over all team
and seed pairings considered for any given score, treating each K-N evaluation as an inde-
pendent trial. For most experiments, five seed pairs are considered, in which seeds are
paired to ensure that all seeds participate in at least one evaluation. This pairing ensures
that the computational cost of the evaluation remains linear in N, rather than quadratic.
For the OOD experiments presented in Section [5.4.3] by contrast, all possible seed pairings
are considered for the most comprehensive evaluation.
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D.3.2 Algorithm Implementation

The experiments in this chapter use algorithm implementations from the ePyMARL
codebase (Papoudakis et al., |2021b) (released under the Apache License). The value-based
methods are used without modification (i.e. IQL, VDN, QMIX), while the policy gradient
methods (IPPO, MAPPO) are reimplemented based on the implementation of Yu et al.
(2022D)).

Parameter sharing. All methods employ recurrent actors and critics, with full parameter
sharing, so that all agents are controlled by the same policy, where the agent id is input to
the actor and critic networks to allow behavioral differentiation between agents. For POAM,
which also maintains encoder-decoder networks for agent modeling, parameter sharing is
used for the encoder and decoder networks to improve training sample efficiency. Further-
more, POAM’s decoder, which predicts observations and actions for all —i agents, employs
parameter sharing across agent predictions, to prevent the target dimensionality from scaling
with the number of teammates.

Optimizer and neural architecture. The Adam optimizer is applied for all networks.
For the policy gradient methods, the policy architecture is two fully connected layers, followed
by an RNN (GRU) layer, followed by an output layer. Each layer has 64 neurons with ReLLU
activation units, and employs layer normalization. The critic architecture is the same as the
policy architecture. The value-based methods employ the same architecture, except that
there is only a single fully connected layer before the RNN layers, and layer normalization
is not used, following the ePyMARL implementation.

Hyperparameters. For the value-based methods, default hyperparameters are used. The
hyperparameters of the policy gradient methods are tuned on the 5v6 task, and those param-
eters are applied directly to the remaining SMAC tasks. The hyperparameters considered
for the policy gradient algorithms are given in Table POAM adopts the same hyperpa-
rameters as IPPO where applicable. Additional hyperparameters specific to POAM are also
tuned (Table[D.2)). All methods are trained for 20M steps on all tasks.

D.4 Supplemental Analysis

This section contains secondary analyses and results intended to support the primary
analysis of the main text. For all results, the mean and 95% confidence interval over five
trials is reported, and all reported returns are test returns.
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Algorithm | Buffer size Epochs | Minibatches | Entropy Clip Clip
value
loss

IPPO 128, 256, 512 | 1, 4, 10 1,3 0.01, 0.01, 0.05, 0.1 | no, yes
0.03,
0.05
MAPPO | 64, 128, 256 4,10 1,3 0.01, 0.05, 0.1, 0.2 | no, yes
0.03,
0.05,
0.07

Table D.1: Hyperparameters evaluated for the policy gradient algorithms. Selected values are bolded.

Task | Algorithm | ED epochs | ED Minibatches | ED LR
5v6 POAM 1,5, 10 1,2 0.0005, 0.005
mpe-pp | POAM 1,5 1,2 0.0005, 0.001

Table D.2: Additional hyperparameters evaluated for POAM; ED stands for encoder-decoder. Selected

values are bolded.

D.4.1 The Need for Dedicated NAHT Algorithms: Empirical Evidence

Section argues theoretically that, with a population of uncontrolled teammates
that select 1 with probability % and 0 otherwise, an optimal policy learned in the AHT setting
is not optimal in the NAHT setting. This section presents experiments on the three-agent
bit matrix game that empirically verify the theory. Let N denote the number of controlled
agents. The episode length is 25, and the observation for each agent consists of the agent
index and the joint action at the previous time step. The team reward at each time step is
3- ]12:1 bi=1-

The optimal expected return in the N = 1 (AHT) setting is 33.333 (derived from
Lemma [D.3), and in the N = 2 (NAHT) setting it is 50.0 (derived from Lemma [D.4)).
The methods compared are POAM-AHT and POAM. Table [D.3]|shows the expected returns
achieved by POAM and POAM-AHT in the N =1 and N = 2 scenarios. Since any policy
is optimal in the N = 1 case, both methods achieve near-optimal returns, as expected. In
the N = 2 case, as expected, POAM outperforms POAM-AHT by a large margin, achieving
a near-optimal return of 48.858 4 1.092.
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D.4.2 Validating the Existence of Coordination Conventions

The experimental procedure detailed in Section generates diverse teammates
in SMAC and MPE by using MARL algorithms to train multiple teams of agents. Two
underlying assumptions of the procedure are that (1) teams trained by the same algorithm
learn non-compatible coordination conventions, and (2) teams trained by different algorithms
are also not compatible. Both assumptions are experimentally verified in this section.

Self-play with MARL algorithms. For the tasks under consideration, teams trained
using the same MARL algorithm, but different seeds, can converge to distinct coordination
conventions. Figure demonstrates this by depicting the return of teams trained together
(matched seeds) versus teams that were not trained together (mismatched seeds), across all
naive MARL algorithms (IPPO, IQL, MAPPO, QMIX, VDN) and tasks considered. Overall,
the returns of teams that were trained together are higher than those of teams not trained
together. This general phenomenon has been previously observed and exploited by prior
work in ad hoc teamwork (Strouse et all 2021), and is taken advantage of here to generate
a set of diverse teammates for the StarCraft II experiments. Tasks are selected where the
effect is significant, to ensure that there are distinct coordination behaviors for POAM to
model. Tasks that were considered but subsequently ruled out for this reason include 3m vs
3m, 8m vs 8m, 6h vs 8z, and the MPE Spread task.

Cross-play with MARL algorithms. Tables [D.4] [D.5] [D.6] [D.7, and display the
full cross-play results for all MARL algorithms and POAM-AHT, on all tasks. The tables
are reflected across the diagonal axis for ease of viewing. The values on the off-diagonal (i.e.

where the two algorithms are not the same) are the cross-play scores, while the values shown
on the diagonal are self-play scores, computed as described in Section The cross-
play and self-play scores displayed are means and 95% confidence intervals. The rightmost
column reflects the row average and 95% confidence interval of the cross-play (XP) scores
corresponding to the test set of VDN, QMIX, IQL, IPPO, and MAPPO, excluding the self-
play score. The rightmost column therefore reflects how well, on average, the row MARL

N=1 (AHT) | N=2 (NAHT)
POAM-AHT | 33441 + 0511 | 22.5 & 8.250
POAM | 33.483 & 0.485 | 48.858 & 1.092

Table D.3: Returns of POAM-AHT versus POAM on the three-agent bit matrix game, in the N =1 (AHT)
and N = 2 (NAHT) settings. POAM and POAM-AHT both achieve the optimal return for the N =1 case,
but POAM has a much higher return in the N = 2 case.
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Matched vs Mismatched Seed Self Play Evaluation
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Figure D.1: Agent teams that were trained together using the same algorithm (matched seeds) have higher
returns than teams that were not trained together but were trained with the same algorithm (mismatched
seeds).

or AHT algorithm can generalize to the test set used throughout this chapter. Overall,
MARL algorithms perform significantly better in self-play than in cross-play. There are a
few exceptions (e.g. IPPO vs QMIX on 8v9), and the cross-play and self-play scores are
much closer on 10v11, but overall the trend is consistent across tasks.

. - . mean xp
vdn gmix iql ippo mappo poam-aht score

VLUl 14.305 +/- (1.844) 8.657 +/- (2.925) 4.423 +/-(1.677) 2.374 +/-(0.730) 1.912 +/-(1.394) 8.101 +/-(1.164) 4.342 +/- (1.244)

P 8.657 +/- (2.925) 3.359 +/- (1.691) 2.692 +/- (1.522) 2.691 +/- (1.365) | 10.287 +/- (1.297) 4.350 +/- (1.255)

[|R 4.423 +/- (1.677) 3.359 +/- (1.691) 1.997 +/- (0.835) 1.520 +/- (0.820) 0.325 +/- (0.552) 4.809 +/- (1.924) 2.407 +/- (0.811)

o0 2.374 +/- (0.730) 2.692 +/- (1.522) 1.520 +/- (0.820) 8.776 +/- (1.244) 13.584 +/- (1.412) 3.840 +/- (1.056)

[yl -0 1.912 +/-(1.394) 2.691 +/- (1.365) 0.325 +/- (0.552)  8.776 +/- (1.244) 10.616 +/- (1.874) 8.809 +/-(2.012) 3.426 +/- (1.157)
PITTRAT] 5.101 +/- (1.164) 10.287 +/- (1.297) 4.809 +/- (1.924) 13.584 +/- (1.412) 8.809 +/- (2.012) |15.727 +/- (1.290) 9.118 +/- (1.068)

Table D.4: Cross-play results for the mpe-pp task.

. - - N mean xp
vdn qmix iql ippo mappo poam-aht score

NCURN VAR RSN 12.164 +/- (1.142) 11.851 +/- (0.988) 9.437 +/- (0.955) 8.791 +/- (0.786) 11.521 +/- (1.278) 10.561 +/- (0.585)

Clulhd 12.164 +/- (1.142) 9.857 +/- (0.672) 11.758 +/- (1.138) 10.623 +/-(1.188) 11.991 +/- (1.051) 11.101 +/- (0.565)

['|N 11.851 +/- (0.988) 9.857 +/- (0.672) ' 15.482 +/ (0.462) 9.106 +/- (0.622) 8.657 +/- (0.747) 10.340 +/- (0.971) 9.868 +/- (0.469)

[:1.. 9.437 +/- (0.955) 11.758 +/- (1.138) 9.106 +/- (0.622) 11.168 +/- (0.878) 11.373 +/- (1.154) 10.367 +/- (0.520)
PRee ™ 791 +/- (0.786) 10.623 +/- (1.188) 8.657 +/- (0.747) 11.168 +/- (0.878) 10.345 +/- (1.233)  9.810 +/- (0.518)
JE1 BTl 11.521 +/- (1.278) 11.991 +/- (1.051) 10.340 +/- (0.971) 11.373 +/- (1.154) 10.345 +/- (1.233) 10.502 +/- (0.585) 11.114 +/- (0.527)

Table D.5: Cross-play results for the 5v6 task.

D.4.3 Generalization to Unseen Teammate Types

As discussed and experimentally verified in Section [D.4.2] diverse coordination con-
ventions in StarCraft and MPE predator-prey can be generated by (1) running the same
MARL algorithm with various random seeds, or (2) running various MARL algorithms. In

166



mean xp
score

vdn qmix iql ippo mappo poam-aht

UL LR Rl £ R A (O TS I KGN RE DA (O 1oVAN 15.520 +/- (0.838) 16.899 +/- (0.571) 14.999 +/- (0.952) 14.330 +/- (1.002) 16.512 +/- (0.422)
1y D BN b BT A (L ) R KR I R YA ( Ve 15.754 +/- (0.819) | 17.588 +/- (0.477) 15.338 +/- (0.799) 14.815 +/- (1.004) 16.828 +/- (0.385)
[N 15.520 +/- (0.838) 15.754 +/- (0.819) 14.229 +/- (0.863) 12.995 +/- (0.878) 13.053 +/- (0.953) 14.625 +/- (0.463)
[1-7-1.4 16.899 +/- (0.571) 17.588 +/ (0.477) 14.229 +/- (0.863) 15.390 +/- (0.825) 15.197 +/- (0.922) 16.027 +/- (0.413)
[UCTol 0 14.999 +/- (0.952) 15.338 +/- (0.799) 12.995 +/- (0.878) 15.390 +/- (0.825) 13.965 +/- (0.999) 14.680 +/- (0.462)

[:LETLEELNE 14.330 +/- (1.002) 14.815 +/- (1.004) 13.053 +/- (0.953) 15.197 +/- (0.922) 13.965 +/- (0.999) 12.370 +/- (0.469) 14.272 +/- (0.450)

Table D.6: Cross-play results for the 8v9 task.

vdn qmix iql ippo mappo poam-aht mea;:::re

VLN 9.879 +/- (3.722) 13.742 +/- (3.270) 13.345 +/- (2.114) 8.061 +/- (1.981) 8.689 +/- (1.618) MENKIYAETAN{IIN 10.959 +/- (1.416)
Iy 13.742 +/- (3.270) 16.582 +/- (3.350) 15.780 +/- (2.290) 11.130 +/- (3.400) 14.541 +/- (2.466) 13.798 +/- (1.542)
[C1N 13.345 +/- (2.114) 15.780 +/- (2.290) 12.757 +/- (1.224) 11.704 +/- (1.275) 13.397 +/- (1.009)

[[:J:1) 8.061 +/- (1.981) 11.130 +/- (3.400) 12.757 +/- (1.224) 11.794 +/- (1.034) 11.291 +/- (1.297) RERERIENENEON 10.810 +/- (1.203)
[UET-l-.8  8.689 +/- (1.618) |14.541 +/- (2.466) 11.704 +/- (1.275) 11.291 +/- (1.297) 20.257 +/- (0.793) EENSEICRIIRG Nore)}

poam-aht 19.367 +/- (0.601) 19.333 +/- (0.814) 19.609 +/- (1.080) 20.257 +/- (0.793) 20.172 +/- (0.579) 19.139 +/- (0.480)

Table D.7: Cross-play results for the 3sv5z task.

vdn qmix iql ippo mappo poam-aht measrl:re
vdn 19.868 +/- (0.021) 18.980 +/- (0.260) NGRS OREEVAN 16.453 +/- (0.864) 16.328 +/- (0.714)
qmix 18.980 +/- (0.260) 19.884 +/- (0.034) [/ eiici o8 (] 18.608 +/- (0.370) RFElELRY AN (1 NT:2Y]
iql 17.348 +/- (0.453) REK-IRRETA (¥R 16.610 +/- (0.547) 16.206 +/- (0.692) 14.826 +/- (0.650) 17.110 +/- (0.282)

18.638 +/- (0.197)
16.453 +/- (0.864)
16.328 +/- (0.714)

16.610 +/- (0.547) BEK-VARTENOREPIR 17.048 +/- (0.559) 16.125 +/- (0.566) 17.622 +/- (0.247)

RN AN (R (O] 16.206 +/- (0.692) 17.048 +/- (0.559) pER:[»RIM(sNoki=)} 15.670 +/- (0.708) 17.079 +/- (0.351)

16.395 +/- (0.684) 14.826 +/- (0.650) 16.125 +/- (0.566) 15.670 +/- (0.708) 12.179 +/- (0.151) 15.869 +/- (0.308)

ippo

mappo

poam-aht

Table D.8: Cross-play results for the 10v11 task.

Section the out-of-distribution (OOD) teammates considered were generated by run-
ning MARL algorithms with different random seeds than those used to generate train-time
teammates, in other words by the first procedure specified above. Here, OOD teammates
are generated using the second procedure: the five MARL algorithms used to generate
teammates are divided into train and test sets. Figure shows the results of such an
experiment, in which POAM and IPPO-NAHT are trained with MAPPO, QMIX, and 1QL
teammates and tested with agents from IPPO and VDN. Similar to the results presented in
Section POAM generally outperforms IPPO-NAHT for the unseen teammate types on
all tasks.
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OOD Evaluation with Train/Test Set: MAPPO, QMIX, IQL / IPPO, VDN
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Figure D.2: Returns achieved by POAM and IPPO-NAHT, when trained on MAPPO, QMIX, and IQL, and
tested on IPPO and VDN.

D.4.4 Modeling Controlled and Uncontrolled Agents

POAM’s encoder-decoder models both controlled and uncontrolled agents. Since the
controlled agents are updated during the training process, the encoder-decoder must deal
with a “moving target”. In principle, therefore, the problem of modeling the controlled
agents is more challenging than modeling the uncontrolled agents. Figure shows the
probability of predicting the correct action for the uncontrolled agents and controlled agents
separately, on the mpe-pp task. The action probabilities shown in Figure (right) of
the main text would be the average of the two plots shown in Figure [D.3] For uncontrolled
agents (Figure left), the accuracy of action predictions increases much more consistently
as training progresses, and is higher than that for the controlled agents. As expected, the
encoder-decoder is able to model the uncontrolled agents more easily than the nonstationary
controlled agents.
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Figure D.3: Loss of POAM’s encoder-decoder on the mpe-pp task, separated by uncontrolled (left) and
controlled (right) agents.
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D.4.5 Performance as a Function of the Number of Controlled Agents

To provide more insight into how an NAHT team’s performance changes as the num-
ber of controlled agents increases, Figure displays the mean test returns of POAM and
POAM-AHT as a function of the number of controlled agents, where the evaluation returns
are averaged across five types of uncontrolled teammates: QMIX, VDN, IQL, MAPPO, and
IPPO. The self-play returns of POAM and POAM-AHT (i.e. where the number of controlled
agents is maximal) are shown as horizontal lines, while the performances at N = 0 corre-
spond to the averaged self-play returns of the five uncontrolled team types. Recall that
POAM-AHT was trained on the N = 1 scenario only, while POAM is trained on the full
NAHT setting. As expected, POAM outperforms POAM-AHT for all values of N > 1,
while for N = 1 the methods perform similarly. POAM-AHT’s performance declines as the
number of controlled agents increases, which likely occurs because the evaluation setting
becomes further from the training setting as N increases.

Varying Number of Controlled Agents
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Figure D.4: Comparing the performance of POAM versus POAM-AHT as the number of controlled agents
varies. POAM and POAM-AHT agents are evaluated with the following set of uncontrolled agents: QMIX,
VDN, IQL, MAPPO, and IPPO.
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Appendix E: Additional Details on ROTATE

This appendix provides supporting material for Chapter [flon ROTATE. Section
presents an illustrative example and the proofs of the competence bounds stated in Sec-
tion [6.3] Section derives the policy gradient of the per-state regret objective, support-
ing the practical algorithm of Section [6.4 Section presents the full pseudocode for
ROTATE. Section [E.4] provides supplemental experimental results supporting Section [6.5]
Section formalizes ROTATE as an open-ended system and discusses the relationship be-
tween ROTATE and CoMeDi’s mixed play. Finally, Section provides the experimental
details needed to reproduce the experiments of Section [6.5] including baseline descriptions,
implementation details, hyperparameters, and the construction of the evaluation teammate
set. The code for ROTATE is available at https://github.com/carolinewang0l/rotate.

E.1 Theory

This section supports the theoretical claims of Section [6.3] first with an illustrative ex-
ample (Section|E.1.1)) and then with the proofs of the two competence bounds (Section [E.1.2)).

E.1.1 TIllustrative Example

In this section, we present a simple matrix game to illustrate that a teammate that
maximizes regret is not guaranteed to be competent, as claimed in Section [6.3.1] In fact, it
can even be the case that a teammate that maximizes regret also minimizes return with all
ego agents.

Table E.1: Simple matrix game where maximizing regret minimizes return.

X Y
A5 |1
B{5 |0

For the payoff matrix in Table [E.1], the row player is the ego agent and the column
player is the teammate agent, so the ego agent has actions {A, B} and the teammate has
actions {X,Y}.

If the teammate maximizes cooperative regret
CR(7*®°, 77 ") = V(r ", BR(r™")) — V(x ", 7°°),
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then the teammate will actually minimize return with all ego agents.

To see this, suppose 7°° plays A with probability p and B with probability 1 — p. If
the teammate plays X, then
CR(m*®°, X) =V (X,BR(X)) - V(X,7%°)=5—(px5+ (1 —p)x5)=5—-5=0, (E.I)
whereas if the teammate plays Y, then
CR(m*®°)Y)=V(Y,BR(Y)) - V(Y,7®)=1—(px1+ (1 —p)*0)=1—p. (E.2)

Thus CR(7m®°, X) < CR(7*®°,Y) for all 7°°, so the teammate that plays Y maximizes
regret with all ego agents. However, playing Y also clearly minimizes return with all ego
agents.

E.1.2 Proofs

This section proves the two competence bounds stated in Section [6.3] Theorem [6.1
bounds the competence of a teammate maximizing competence-bounded per-trajectory re-
gret (Eq. , and Theorem bounds the competence of a teammate maximizing the
ROTATE objective (Eq. . Each theorem is preceded by a proposition relating the

regret and return components of its objective.

Throughout, 7 is fixed. For any teammate policy 7/, we write V5F (so) := V (so|7’, BR(7"))
for the return of 7/ with its best response and V¥ (sq) := V (so|n’, 7%°) for its return with
the ego agent. As mentioned in Section [6.3.2) BR(7’) denotes the best response to 7’ at
every state, so V5P (sq) is the best return that some partner can achieve with 7’ from s,
whether or not sy is reachable under self-play from p,.

E.1.2.1 Competence-Bounded Per-Trajectory Regret

Recall the competence-bounded per-trajectory objective of Section [6.3.1

max Ky, p, [CR(7°8, 7", 50) + AV (so|7 ", BR(77"))] . (6.9)

Proposition E.1. Let A € R™Y. If the teammate 7" mazimizes Eq. then

Eoppo [CR (19,77 50) | 2 A (B = Bagmp [Vii(50)])

™
where R™ = max Byonp, [V (50)].
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Proof. Because cooperative regret is always non-negative, we get
max By, [CR (7%, 7, 50) + AV (s0)] > max By, [AVSF (s0)] = AR,
™ K
Because m~¢ maximizes the left-hand side,

ESONpO [OR (ﬂ-ego7ﬂ—_i7 80)} + A]ESUNPO [VSE(SO)] Z ARE}J&X’

™

and rearranging shows that the proposition holds. O

This proposition states that cooperative regret, which is the gap between the SP value
and the XP value, must be larger than A times the gap between the best possible value and
the SP value. For larger A, in order for the inequality to hold, either the cooperative regret
has to be larger or the teammate must be more competent (so as to achieve returns closer
to R)*). We leverage this proposition along with the recognition that cooperative regret
may be bounded above to prove the following theorem:

Theorem 6.1 (Per-Trajectory Competence Lower Bound). Let A € R>°, and let Ry =
maxy Eoyp, [V (sol7’, BR(7'))] and Rp™ = ming By, [V (soln’, 7)), If 7= mazimizes

Eq. then
—1i —1 A max 1 min
EsoNPo [V (80|7T ’BR(W ))} > —)\ n 1Rp0 + /\—HRPO .

Consequently, for any C' € [R™, Ri™), choosing A > % guarantees 7 € TI'(po).

Proof. By Proposition and the definition of cooperative regret,
1

ESONﬂO |:V7I'SE(SO):| > Rg;ax - XESONﬂO |:V7TSE(SO) - VW)SE?(SO)}
max 1 SP 1 min
= RPO - XESONPO [Vﬂ_i(s())} + XRpo )

where the second inequality holds because 7= is one of the teammates over which the

minimum defining R;‘gn is taken. Collecting terms gives %ESONPO [VWSE (30)} > Rrp%aqu%Rg‘Oin,

and multiplying by ALH yields the stated bound.

For the second claim, rewrite the right-hand side of the bound as

A max 1 min min
Yo Tyt = f F

A

)\_—H (R;r(l)ax o R;r;in) ]
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Because C' < R, this quantity is at least C' if and only if

A C — Rmin
> £0o
A+1 = Rmax_ Ruin
— MR —R¥M) > (A+1) (C— R
= A (R;‘;ax — C) > C — R™n

Po 7

and dividing by R —C" > 0 gives A > Rmax
C, so m7" € I (po). O

. Therefore, any such A yields IE ., [VSE( )] >

™

E.1.2.2 Competence-Bounded Per-State Regret

The ROTATE teammate generation objective (Section [6.3.2] Eq.[6.11)) has two com-
ponents, and is restated below for convenience. One component is the cooperative regret

maximization over U (7 ~*), defined below. The other component is the BR-teammate return
maximization over pxp(m~%) and pgp (7).

J(W_i7 %) = 2B, ~u(pxp, psp) [CR( 0, _ia 50)}
+ AlESONpXP [ (So|7T Z, BR(?T ))}
+ XoEyggapse [V (solm™", BR(77))] . (6.11])

Following the same strategy as for the per-trajectory regret results, we first give a
proposition stating the relationship between these two components of the teammate gener-
ation objective to prove the theorem in Section [6.3.2]

For any teammate 7', the XP and SP state visitation distributions are pxp(7’) :=
d(m’, 7% po) and psp(7’) := d(7',BR(7’); po). Let A := A; + A2 > 0, and define the three
mixtures

U(r') = %pxp(ﬂl) + %pSP(ﬂJ)a

p(n') = ﬁJDXP(W/) + ﬁpsp( ",

v(r') = R pxe(n) + g pse(r),

so that U(7™") is the distribution over which regret is maximized in Eq. [6.11} u(7’) is the
A-weighted mixture obtained by combining the two return terms of Eq. into a single
expectation, and v(r’) is the mixture appearing in Theorem
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Proposition E.2. Let A\j, Ay € R=? with A > 0. If the teammate 7 mazimizes Eq.
then

A
Buyesees [CR (19,17, 50)] 2 5 (R ~ Bupmyires [V o))

where

R} = max Esomu(ry [V (50)]

denotes the mazimum p-weighted return that any teammate achieves with its best response
on the states that teammate induces.

Proof. First, for any teammate 7" and function F(s),
AlESONPXP(ﬂ'/) [F(SU)] + )\QESONPSP( ") [F(SO)]

—A (?C so~pxp () [F1(s0)] + )X]ESONPSP( " [F(So)])
= ABsompu(m) [F(s0)]

Because cooperative regret is always non-negative, we may obtain
max [2E;, v [CR (7%, 7, 50)] + MEsgmpyn () [V (50)] + MoEsgmpennr) [V (50)] ]
2 max [MEsyapse(e) [V (50)] + ABagapsp (e [Vir (50)]]
= max [A By Vi (s0)]]
= AR;™,
where the last line is the definition of Rjj**.

Because 7% maximizes this equation, we get

2B, t(r-i) [CR (7%, 77", 50) ]
2 AREMX - AlESONpXP(Wii) [VSE (50)] - )\QESONPSP [VSP (30)}

™

= A (B = Baopnny [Vi5(50)]) -

Dividing by 2 shows that the proposition holds. O

This proposition states that, for any teammate that maximizes the ROTATE team-
mate generation objective, it must be true that the cooperative regret on U(m™") is at least
as large as % times the gap between the overall best possible p-weighted return R, and
the best possible return with 7= on the state distribution pu(7~*). The following theorem
relies on the proposition to show that the guaranteed minimum competence of the teammate
increases as Ay and Ay increase.
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Theorem 6.2 (Per-State Competence Lower Bound). Let A\, Ay € RZ0 with A := \; + Ay >
let pxp(n’) and psp(n’) denote the XP and SP state wvisitation

0. For any teammate w,
distributions induced by 7', and define the mixtures

p(m')

U(r') :== Wpxp(r'), psp(')),
/J,(ﬂ'/) = %pxp( )+ ApSP( )
v(n') == 35 pxr(r') + R pse(n).
(Soln’, wo°)). If

[ (50‘71' BR(?T,))] and R?}in = min,r/ ]ESONU(ﬂ'/) [

Let R™a* = maXqys Esow,u(

7' mazimizes Eq. then
E ~p(m=t) [V (Soy’ﬁ_i BR(’/T_))} > LRH’I&X + LRmm
oy ’ “AL2H A+2
Proof. By Proposition [E.2
Esouta—) [Vieri(s0)]
max 2 ego -
2 RM - A SONU [CR( ¢ 80)}
2
= Rmax — K so~U [Vﬂs 7, VX_I?(SQ)]
max 2 SP 2 XP
=R - K SONU |:V7r i ] + AESONU( ) [Vﬂ'*i (80)}
max 2 2 min
RS - A ot/ [Vfrs i } ARU ’
where the last inequality holds because 7* is one of the teammates over which the minimum
defining RM™ is taken.
This implies that:
2 max min
Bagptr=) [Vt (50)] + FEagnves) [Vini(s0)] = RY™ + T Ry™.
Multiply both sides with AT to obtain:
A Sp 2 SP
A—HEsow(w*i) V% (s0)] + 355 Bsonvtrsy [Vii(s0)]
A 2
Rmax len
“Ai2 TRt
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Then
SP
SONZEEPXP(W44)+X%%pSP(WfiYFK%EUfﬂfi)[V;ﬁi(sox
2

> Rmax Rmin .
“Agai Tage'v

Combining the distributions, we can rewrite the above inequality as

]ESONV(W_i) [VEE(S())} > L}%max +

Rmin‘
— A2 H A+2° Y

m
Theorem certifies competence with respect to v(7~*), which places weight ’X—:_’QI

on the XP state distribution pxp(7~*). By contrast, Theorem certifies competence only
with respect to pp, so a teammate maximizing Eq. can become incompetent at states
visited only with 7°° without weakening its guarantee, which is the incentive to sabotage
described in Section [6.3.2 Under the ROTATE objective, becoming incompetent at such
states lowers Vﬁsﬂ on the XP state distribution, and is therefore penalized by the return

terms of Eq.[6.11}

E.2 The Policy Gradient of Per-State Regret

This section supports Section [6.3], showing how a teammate policy is trained to max-
imize the ROTATE per-state regret objective using the standard policy gradient theo-
rem (Sutton et all [1999; |Williams, 1992)). First, the gradient of the cooperative regret
objective is expressed as a difference of two standard policy gradients. Next, the section
describes how optimizing this objective differs from standard return maximization. The
section ends by describing gradient estimators that trade off bias and variance.

The full ROTATE teammate generation objective (Eq. augments the cooper-
ative regret (CR) term with A-weighted teammate return terms that enforce competence.
Because those return terms are maximized by a standard policy gradient, the analysis be-
low focuses on the policy gradient for the per-state regret term, and drops the A\-weighted
competence term.

Reduction to standard policy gradients. Let p.,; denote the state distribution under
which cooperative regret is maximized, which corresponds to the mixture U(pxp, psp) used
in Eq.[6.11} The expected cooperative regret from starting states sy ~ popt, is defined as:

Es~popt [CR(WegO,W*i, 30)} = Egympopt [V(solﬂ*i, BR(W*i)) - V(30|7r*",7reg°)} , (E.3)
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where the value functions on the right-hand side are respectively defined as:

[ oo
V(so|m ", BR(r™")) = E ainm, nytR(st,at) So| s
a?artnerwﬂ'BR,T L t=0

[ oo
Viso|m ™", ) =K i, thR(st,at) So| s (E.4)
agartner/\/ﬂ_ego’T L t=0 |
where a™™" denotes the action of the teammate’s partner (BR(7~) in the first value
function, and 7% in the second), and a; = (a; 7, a?***") denotes the joint action.

The teammate policy 7~ is a neural network parameterized by 6~¢. Note that during
teammate policy learning, the ego agent policy 7°8° is fixed. We assume that the distribution
Popt and the best-response policy 7B} are fixed with respect to 6% (justified below). By
linearity of the gradient, Vy-i applied to Eq. splits into a difference of the gradients of
two expected returns. Each expected return is an instance of the standard policy gradient
setting, in which 7T9_ji is the only learnable policy. Concretely, because the partner policy in
each term (75% in the first term, and 7°8° in the second) is fixed, the partner can be absorbed
into the environment dynamics from the perspective of 7%, so each term can be treated as
the expected return in a single-agent Markov decision process. Applying the policy gradient
theorem (Sutton et al.l 1999; Williams, 1992) to each term therefore yields:

VG_i ESONpopt [CR(Wegovﬂ-_i7 50)] = ESO"’popt ET"‘PSP(“SO)

Z Vy-ilog (ﬂe__ii(aj_ﬂsj)) F;OO(T)]

J=0

_ETNPXP('|SO) [Z Vy-ilog (ﬂ-e_—zz (aj_z|sj)) Fjoo(7_>] ] ’
=0

(E.5)

i t . . .
where 7 = ((s4,a; ", al™""))2, denotes an interaction trajectory between the teammate

and a partner, and F7,(1) = S.0__ ~'R(s;,a;) denotes the discounted return accumulated
between timesteps a and b along trajectory 7. The distributions Pgp(+|sg) and Pxp(-|sq) are
distributions over trajectories that begin at the given starting state sg, generated by rolling
out 7~ alongside 7R (self-play) and 7°8° (cross-play), respectively:

Psp(7]s0) = H (7 (a; " |s) %@’ s) T (504150, 077 a”™))

t=0
oo

Pxp(rlso) = [ [ (w77 (a;"|s0) 70 (ai®|s0) T(sp4] 50, a7, a*)) - (E.6)

t=0
Note that Psp and Pxp are distributions over trajectories, distinct from the state-visitation
distributions psp and pxp defined in Section [6.3]
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Estimating the policy gradient of per-state regret. Exactly evaluating Eq. is
intractable in most applications, because it is often not possible to evaluate Pgp(7|sg) and
Pxp(T|sg) for all plausible trajectories. The gradient is therefore estimated from samples
using the following three steps. First, sample starting states from the distribution under
which regret is maximized, sy ~ popi. Second, sample trajectories to estimate the two
expectation terms on the right-hand side of Eq. [E.5] The first term is estimated by rolling
out 7" with BR(7™") from sy to sample from Psp(+|sy), while the second is estimated by

rolling out 7~" with 7°¢° from sy to sample from Pxp(-|sg). Third, the log-likelihood and

return terms of Eq. are evaluated on the sampled trajectories.

The error of this estimator, relative to the exact gradient, is governed by its bias
and variance, which are controlled by the choice of return estimator for F_ (7). Standard
choices span the bias-variance spectrum, from the unbiased but high-variance Monte Carlo
return-to-go, to the high-bias but low-variance value or advantage network estimators, to
the generalized advantage estimator (GAE) (Schulman et al., 2015)), whose A parameter
interpolates between these extremes. ROTATE relies on the GAE to estimate the per-state
regret, as described in Section [E.3.1]

Assumptions. The derivation of Eq. treats two quantities as fixed with respect to 6~
in order to apply the standard policy gradient theorem, although neither is truly independent
of it: the best-response policy 7B® and the starting-state distribution poy. Each assumption
is justified below.

Regarding treating 75% as fixed with respect to =% the exact best response depends
on 6~% through the best-response operator, but is treated as fixed at each update because it is
approximated by a separately trained network (as described in Section . Consequently,
Eq. omits the gradient flowing through the best response, introducing bias relative to
the gradient of the true regret. Nonetheless, treating the other agents’ policies as fixed
during each update is the standard assumption underlying independent learning algorithms
in multi-agent reinforcement learning, such as independent PPO (IPPO), which achieves
strong empirical performance in cooperative tasks (Yu et al. 2022b). Sun et al. (2023)
provide theoretical support for this practice, proving that despite the non-stationarity each
agent faces when the other agents’ policies update concurrently, a monotonic improvement
guarantee is retained as long as every agent’s policy update remains within a trust region of
the joint policy, a constraint that PPQO’s ratio clipping enforces. Because ROTATE trains
the teammate and best-response policies with PPO losses (Algorithm, the same mechanism
is expected to mitigate the non-stationarity introduced by the concurrently trained 7BR,
although the formal guarantee of Sun et al.| (2023) is established for a shared-return objective
rather than for regret.
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Regarding treating pop as fixed with respect to 6~%: the starting-state distribution
Popt 1 the key difference between per-state regret maximization and standard return maxi-
mization. In the standard setting, trajectories begin at the environment’s initial state distri-
bution pg, which does not depend on the learned policy. By contrast, po,e = U(pxp, psp) is a
mixture of the XP and SP state-visitation distributions, both of which are induced by 7r9_fi
and therefore shift whenever #~% is updated. The objective is thus self-referential, because
0~% appears both in the regret being averaged and in the distribution the average is taken
over. Compared to Eq. the exact gradient of this objective contains an additional term
capturing the sensitivity of pop to 677

Although Eq. is not the exact gradient of the per-state regret objective, it may
be understood as the exact gradient of a surrogate objective in which pp is frozen at the
distribution induced by =% at the most recent data-collection step. Computing the gradi-
ent with respect to a frozen distribution is a common technique in reinforcement learning
to simplify the computation of gradients and sometimes stabilize the optimization process.
In particular, this idea appears in semi-gradient temporal-difference methods (Sutton and
Barto| [2018), target networks in deep reinforcement learning (Mnih et al., 2015)), and the
PPO objective (Schulman et al.; 2017). Among these examples, PPO is the closest analogue,
because it likewise evaluates its loss on states and actions drawn from a policy-induced dis-
tribution frozen at the parameters from the previous data-collection step. Consequently, the
trust-region reasoning applied above to 72® is expected to extend to ROTATE’s treatment
of popt- Because each update changes 6~ by a bounded amount, and fresh XP and SP data
are collected before every round of updates, the frozen distribution is expected to remain
close to the pop distribution that the current 0~ induces.

E.3 ROTATE Pseudocode

This section presents the pseudocode for ROTATE, which follows the open-ended
framework specified by Alg. [3] Section described an open-ended training framework for
training an ego agent that can effectively collaborate with previously unseen teammates,
which is detailed in Alg. [3] In the open-ended training framework, a TeammateGenera-
tor function determines a buffer of teammate policy parameters, B2®", that acts as support
for the distribution from which teammate policy parameters are sampled. The teammate
generator function considers the ego agent’s current policy parameters, §°¢°, and the previ-
ous buffer of teammate policy parameters, B,. Ideally, the teammate generation function
generates and samples teammates that induce learning challenges for 7°°. An EgoUpdate
function specifies a procedure that updates the ego agent’s policy parameters based on the
BX*" designed by the teammate generator.
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E.3.1 ROTATE Teammate Generation Algorithm

The ROTATE teammate generation algorithm is detailed in Algorithm [5] As de-
scribed in Section this teammate generation algorithm jointly trains the parameters of
a teammate policy and an estimate of its best response (BR) policy, based on a provided
ego agent policy. The two policies optimize distinct objectives. The BR policy performs
standard return maximization, while the teammate policy follows the sampled regret pol-
icy gradient derived in Section augmented with the A-weighted competence terms of
Eq. [6.11] Accordingly, this subsection first describes the initialization and data collection
steps shared by both policies, then defines the three PPO loss functions from which the
updates are constructed, and finally presents the BR policy, teammate policy, and critic
updates separately.

Initialization of policy and value function networks. The parameters of the team-
mate and BR policies, #~ and #5R| are initialized in Line[3] The parameters of the BR critic
i,BR

network, oB®, are initialized in Line , while those for the teammate, o~ and 0~"°8° are
initialized in Line[5] Note that the teammate maintains two critics, for separately estimating

returns when interacting with the BR and ego agent policies.

Data collection. The training of the teammate and BR policies is based on the SP,
XP, XSP, and SXP interaction data gathered in Lines which Section motivates
and describes. Recall that an SXP interaction requires resetting an environment to start
from an available XP state, and an XSP interaction analogously requires resetting to an
SP state. Since resetting from all available XP states for SXP interaction is impractical,
ROTATE samples from XP states to obtain start states for SXP interactions (and simi-
larly for XSP). Experiences from SP, XP, SXP, and XSP interaction are stored in buffers

DSP7 DXP, DSXP; DXSP in the form of a collection of tuples, D= <(Sk, A, Tk, 82»‘;11

Note that the data collection lines realize the first two steps of the regret policy
gradient estimation procedure described in Section [E.2] Specifically, Line realizes the
first step by sampling start states from the recently collected buffers, thereby freezing the
start-state distribution p,p at the distribution induced by the current policies, as discussed
in the assumptions paragraph of Section [E.2] Lines and realize the second step by
rolling out the teammate policy alongside the BR and ego agent policies from the sampled
states. Finally, Lines [16|to [25| realize the third step by evaluating the policy and critic losses
on the stored experiences, as detailed in the remainder of this subsection.
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Algorithm 5 ROTATE TeammateGenerator Function

1:

Input: Environment Env, ego agent policy 7mgeso, teammate policy parameter buffer B,
number of updates Nypdates; PPO clipping parameter e, PPO update epochs Nepochs,
competence weights A\, Ao.

Output: Updated teammate buffer B;.

6~ 68% « Randomlnit(r), RandomInit(r)

R + RandomlInit(V)

o BR g=iceo « RandomlInit(V), RandomlInit(V) {Init teammate and BR critic
parameters}

6: for typdate = 1 t0 Nypdates dO

7. Dgp < Interact(mgsr, m5—i, pi™)

8:  Dxp < Interact(mgeso, mg—s, po™)

9:  sxp < SampleStates(Dxp)

10:  ssp < SampleStates(Dgp) {Sample XP/SP states}

11: DSXP — Il’lteI'aCt(ﬂ‘gBR, To—i, U(Sxp))

12:  Dxgp < Interact(mpeso, mp—i, U(ssp)) {Gather SP, XP, SXP, and XSP data}
13: OBR 67 < PR g~

14:  oBR g LBR aoléego + oBR g7#BR g=iego {Store old model parameters. }

15:  for kypdate = 1 t0 Nepochs do

16: Lpr(05R) + Eq. {BR policy loss: standard PPO loss on Dgp U Dgxp}
17: Lrea(0™7) + Eq. {Teammate policy loss: per-state regret, competence, and

entropy }

18: Lv<O'BR> — L'\/AL ( , old , DSP U DSXP)

19: Lv(O'_i’BR> +— LvaL (O’ Z’BR OléBR Dgp U DSXP)
20: Lv<0'_i’ego> — LVAL (O.—i,ego Oléego DXP U stp)
21: 5% « GradDesc (0", Vgsr Lpr (0°%))
22: 0 <— GradDesc (07, Vy-iLrrc(07)) {Update policies}
23: R+ GradDesc (o BR,VUBR.LV( BRY)
24: a‘i’BR < GradDesc (0 7"B% V _isr Ly (0 7"BR)
25: o740 < GradDesc (075%° V ,—i.ee0 Ly (0758°)) {Update critics.}
26: end for
27: end for

28: B, « B, U (67") {Add generated teammate policy parameter}
29: Return: B,
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Generalized PPO loss functions. The policy and critic updates of Algorithm [5| are
constructed from three loss functions: a generalized PPO clip loss, Lcrip, an entropy loss,
Lgnt, and a value function loss, Lyar,. The clip loss receives (6, 6,14, 0ola, D, €, w,<) as input
and evaluates

[JCLIP (97 901d7 Oold, D; €, w, §) =
E.7
E en [—min <Mgwt14t, clip (M, 1—¢€1+ €> §tht):| ; (E1)
€

(St,atﬂ't,st-&-l 7T001d (at ’St) ﬂ—@old (at | St)

where A; denotes an estimate of the advantage function computed from the critic parameter-
ized by 0.4 via the Generalized Advantage Estimation (GAE) algorithm (Schulman et al.|
2015). The final two arguments generalize the standard PPO clip loss and are introduced
solely to express the teammate update: w; is a per-transition weight applied to the advan-
tage, through which the teammate update implements the per-state regret estimator, and
¢ € {+1,—1} is a sign applied to the advantage, through which the teammate update im-
plements the subtraction within the regret policy gradient. The entropy loss receives (6, D)
as input and evaluates

Lext (0, D) = E [mo(as|st)log (ma(als:))] (E.8)

(st,at,rt,8t41)ED

whose minimization increases policy entropy. With unit weights (w = 1) and a positive sign
(¢ = +1), the sum Lcpp + Lent is exactly the standard PPO loss (Schulman et all 2017),
whose minimization maximizes returns while encouraging sufficient exploration. Finally,
the value function loss trains a critic network parameterized by o. The function receives
(0,004, D) as input and computes the standard mean squared Bellman error (MSBE) loss:

Coar, (0,000, D) = B |(Vols) = ViE(s))] (E.9)

(s,a,r’,s")YeD Told

where VIa8(s) := AJAE 4V (s) is the target value estimate.

Best response policy update. The BR policy is trained by standard return maximiza-
tion. Accordingly, Line computes the BR loss by instantiating the standard PPO loss
with unit weights and a positive sign:

Lr(0°%) = Lo (0°F, 004, 05d, Dsp U Dsxp, €, 1, +1) +Lpnr (0°%, Dsp U Dexp) . (E.10)

The loss is evaluated on the merged dataset Dsp U Dgxp, with advantages estimated by
the BR critic oPR. Including the SXP data ensures that the BR policy learns to maximize
returns not only from initially reachable states, but also from states visited by the ego agent,
so that the BR policy remains a meaningful best response on the start-state distribution
over which regret is estimated.
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Teammate policy update. The teammate policy update instantiates the sampled es-
timator of the regret policy gradient (Eq. , augmented with the competence terms of
Eq. Line computes the teammate loss Lrrg, which combines six instances of the
clip loss L¢pp with a single entropy loss:

Lrua(0™") =
0 (Dsp, 055" wis, +1) + £ (Dsxp, 0™ 1, 4+1)

J/

~
SP side of the regret gradient (Eq. [E.5)
—1,eg0 —1,eg0
+€(DXP)0-01d 7th7_]-) +£(DXSP7aold a]-u_]-)
N y (E.11)
XP side of the regret gradient (Eq. [E.5)

X2 € (Dsp, 0™, wi, +1) + 2 € (Doxp, 0%, 1,+1)

J/

-~
competence terms of Eq.
+ Lent (07, Dsp U Dxp U Dgxp U Dxsp) ,

where ¢ (D, o, w,<) abbreviates Lcrip (H*i, 90_13, o,D, e, w, g), and the timestep weight wyg is
defined below. The first four terms of Eq. form a surrogate loss whose gradient is the
sampled regret policy gradient of Eq. with two standard substitutions. First, the GAE
replaces the return estimate F;) (7), trading variance for bias as discussed in Section .
Second, the PPO clipped surrogate replaces the vanilla score-function estimator, encouraging
each update to remain within a trust region (Schulman et all 2017).

The structure of the four regret terms mirrors the structure of Eq. [E.5], which expresses
the regret gradient as the difference of two standard policy gradients, namely an SP side,
in which the teammate is partnered with 7%, and an XP side, in which the teammate is
partnered with 7°°. The sign argument ¢ carries the minus sign of this difference. Because
the same teammate log-probability ratio multiplies the return estimates of both terms of
Eq. [E.F] negating the advantages of the XP-side terms (¢ = —1) implements the subtraction
of the XP-side policy gradient. Consistent with this decomposition, the XP-side terms
use advantages estimated by the ego-interaction critic o=%°°, while the SP-side terms use
advantages estimated by the BR-interaction critic ¢~ *BR. Furthermore, each side of the
regret gradient is evaluated over start states drawn from the mixture po,e = U(pxp, psp),

so each side contributes one loss term per start-state distribution, yielding the four regret
terms of Eq. [E.11] Table |E.2[ summarizes this correspondence.

The dataset and weight in each cell of Table follow from how the corresponding
expectation is estimated. We use two different strategies for estimating the diagonal and
off-diagonal cells of the table; each is described below.
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Table E.2: Correspondence between the four regret terms of Eq. and the two sides of the regret policy
gradient (Eq. [E.5)), evaluated over the two start-state distributions composing popt-

Start states ~ pxp Start states ~ pgp

SP side (¢ = +1, partner 7R, critic 0=%BR) Dgxp, weight 1 Dgp, weight wig

XP side (¢ = —1, partner 7°°, critic =€)  Dxp, weight ws Dxgp, weight 1

Consider first the two off-diagonal cells, in which the rollout partner matches the
origin of the start-state distribution: the XP side evaluated over start states drawn from
pxp, and the SP side evaluated over start states drawn from psp. Focusing on the XP cell,
the estimated quantity corresponds to the XP side of Eq. [E.5] restricted to the pxp half of
the mixture pop:

gxp ‘= _ESON])XP ETNPXP(~|50) ZV@*iIOg (71.077 ( | 8])) F"/ ( ) (E12)

J=0

Estimating gxp requires start states sampled from pxp and, for each sampled start state,
an XP rollout continuing from that state. The dataset Dxp supplies both requirements at
once. First, by the definition of the state-visitation distribution, the state s, visited at the
t-th timestep of an XP episode is a sample from pxp. Second, because the episode continues
from s; under the same partner 7°°, the remainder of the episode serves as the rollout for
s¢, so no additional rollouts are needed. Treating each visited state s; of an episode as a
start-state sample may therefore contribute one copy of the sum inside Eq. taken over
the transitions at timesteps j > t of that episode. Consequently, averaging these copies
over the start-state samples replaces the two expectations of Eq. with a double sum of
terms, >, > sty I which the outer sum ranges over the start-state samples s; and the inner
sum ranges over the transitions of the rollout beginning at s;. Replacing the return estimate

FY (1) with the GAE, the resulting estimator of gxp is:

gxp = ZZ [ o-ilog (m," (a5 | s5)) AGzEego(Sjaaj)]- (E.13)

t=0 j=t

Based on the observation that the tth transition in an XP trajectory appears ¢ + 1
times in Eq. [E.13] and leveraging the finite-horizon nature of the experimental tasks, we can
collect terms to express the estimator as a single sum over timesteps, in which each transition
is weighted by its timestep:

gxp = —
old

Z (t+1) AGﬁE:;go(st,at) Vi log my—i(ay | st)] : (E.14)
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Thus, for each zero-indexed transition, the weight ws is set to ¢t + 1. The SP-side cell on
Dgp follows analogously, with 7% as the rollout partner and a positive sign.

By contrast, estimating a side of the regret gradient on start states drawn from the
other side’s visitation distribution requires fresh rollouts with the corresponding partner,
which is precisely the role of the SXP and XSP data. Each such branch rollout estimates
the value of only its single start state, so the Dgxp and Dxsp terms receive unit weight 1.

The two A\-weighted terms of Eq. maximize the \-weighted returns of the team-
mate when partnered with the BR policy, enforcing the competence constraint of Eq. [6.11]
Because these competence terms coincide with the SP-side regret terms up to their coef-
ficients, collecting terms shows that the Dgp and Dgxp losses enter Eq. with total
coefficients (1 4+ A\2) and (1 + A;), in which the unit portion belongs to the regret surrogate
and the A portion enforces competence. Finally, the entropy loss enters Lrgg exactly once,
evaluated over all four interaction datasets, rather than once per Lcpp instance. Line
then updates the teammate policy parameters via applying gradient descent on Eq. [E.11]

Value function updates. Lines train the three critic networks by evaluating the
value function loss Lyar, of Eq.[E.9] which measures returns from the interaction between the
generated teammate policy and its best response or ego agent policy. Each critic is trained
on the same interaction data for which it supplies advantage estimates in the policy losses.
Specifically, the BR critic ¢®® and the teammate’s BR-interaction critic o~*B® are trained

—1,ego

on Dsp U Dgxp, while the teammate’s ego-interaction critic o is trained on Dxp U Dxgp.

The previously defined loss functions can be minimized using any gradient descent-
based optimization technique, as we indicate in Lines 21] to 25 In practice, our implemen-
tation uses the Adam optimization technique (Kingma and Baj, 2015). At the end of this
teammate generation process, Lines [28 and [29] indicate how the generated teammate policy
parameter is added to a storage buffer, which is subsequently uniformly sampled to provide
teammate policies for ego agent training.

E.3.2 ROTATE Ego Agent Update Algorithm

The ego agent policy’s training process proceeds according to Algorithm [} Line
illustrates how ROTATE creates different teammate policies by uniformly sampling model
parameters from the B, resulting from the teammate generation process. Using the ex-
perience collaborating with the sampled policies outlined in Line [6], the ego agent’s policy
parameters are updated to maximize its returns via PPO in Line [0} The ego policy loss
Lgco reuses the Lcopp and Lyt functions of Section with unit weights and a positive
sign, since the ego agent performs standard return maximization from the environment’s
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Algorithm 6 ROTATE EgoUpdate Function

1: Input: Environment Env, ego policy parameters 8°°, teammate policy buffer B, num-
ber of updates Nypdates; PPO clipping parameter ¢, PPO update epochs Nepochs-

2: Output: Updated ego policy 6°°.

3: 0°8 < Init(V') {Initialize critic for ego policy}

4: for tupdate = 1 t0 Nypdates do

5 07"~ U(B,) {Sample teammate parameters uniformly}

6: D « Interact(my-:, Tpeso, pb™)

7o O, oo < 08, g°8°

8:  for kypdate = 1 t0 Nepochs do

9: Lrco(0°°) < Lo (0°2°,05], 00y, Dy e, 1, +1) + Lent (0°%°, D) {Ego policy loss}
10: Ly (0°8°) <= Lyar, (0%, 001y, D) {Ego critic loss}

11: 0°8° + GradDesc (0°¢°, Vgezo Lo (0°%°)) {Update policy}
12: 0°° + GradDesc (0°8°, V ezo Ly (0°8°)) {Update critic}
13:  end for

14: end for

15: Return: 6°°

initial state distribution. The single difference from the teammate generation setting is
that the input dataset, D, stores the historical sequence of observed states and executed
actions, h, rather than states. Likewise, the critic loss Lyar, in Line is assumed to be
computed on the observation-action history rather than states. Like recent AHT learning
algorithms (Zintgraf et al., 2021} Rahman et al., 2021} [Papoudakis et al., [2021al), 7°¢° and
V& are conditioned on the ego agent’s observation-action history to facilitate an adaptive
7°° through an improved characterization of teammates’ policies. The history-conditioned
ego architecture and other practical implementation details are described in Section [E.6.2
Because the population buffer grows over the course of training, the ego agent faces a non-
stationary training distribution. Experimentally, the ego agent learns effectively against this
nonstationary distribution only with a lower entropy coefficient and learning rate than those
used to train the teammate and best response agents (typically on the order of 107 for the
entropy coefficient and 107 for the learning rate). Finally, the ego agent update function
returns the updated ego agent policy parameters, which are provided as part of the inputs
for the next call to ROTATE’s teammate generation function.

E.4 Supplemental Results

This section provides additional experiments examining the ROTATE teammate
generation objective and population buffer in further detail. It also provides supplemental
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material supporting the main results of Section [6.5 Specifically:

e We present additional analyses of the main result: unnormalized returns, per-task
interval estimates, probability of improvement, worst-case returns, and a breakdown
by individual evaluation teammate (Section [E.4.1]).

e We discuss optimal behavior in the Asymmetric Advantages layout (Section [E.4.2]).

e We provide a human proxy evaluation of ROTATE and all baselines on the Over-
cooked tasks (Section [E.4.3]).

e We provide evaluations of ROTATE when extended to a partially observable variant
of LBF (Section [E.4.4) and an N-agent variant of LBF (Section [E.4.5)).

e We analyze the impact of competence weights on sabotage rates for per-state and
per-trajectory regret (Section [E.4.6]).

e We analyze the generalization performance of ROTATE as competence weights are

varied (Section [E.4.7)).

e We compare ROTATE to variants that use trajectory regret modulated by return,
and CoMeDi-style mixed-play return maximization (Section [E.4.8]).

e We examine whether the population generated by ROTATE is useful for training an
independent ego agent (Section [E.4.9)).

e We analyze the teammates generated by ROTATE for their conventions, presence

of handshake conventions, competence, and the regret they induce on the ego agent
(Section [E.4.10). We also assess the quality of the co-trained best responses (Sec-

tion |E.4.11)).

e We present the learning curves for all variants of ROTATE tested in this chapter

(Section [E.4.12)).

E.4.1 Additional Analyses of the Main Result

This subsection presents five additional views of Fig. [6.3al, which compares the mean
normalized evaluation return of ROTATE to all baselines on all tasks. Here, the same
comparison is performed with unnormalized return units, aggregated by various summary
statistics (IQM, median, probability of improvement), by worst case returns, and broken
down by individual evaluation teammate.
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Unnormalized returns. Table reports the unnormalized evaluation returns corre-
sponding to Fig.[6.3al Under unnormalized evaluation returns, ROTATE remains the best
method on five of six tasks with the exception of AA, where Minimax Return attains a higher
return. The per-teammate upper bounds used for normalization are reported in Table [E.21]
and per-teammate performance is shown in Fig. [E.3]

Table E.3: Unnormalized mean evaluation returns with 95% stratified bootstrapped CI’s. For LBF, the
percent eaten is shown, while for Overcooked, the base return is shown.

LBF CR AA cc CoR FC
ROTATE 89.5 [88.9,90.1] 175.1 [173.6, 176.7] 251.7 [248.2, 255.1] 83.2 [82.2, 84.1] 115.5 [114.2, 116.8] 107.0 [105.5, 108.5]
Minimax Return  19.0 [18.4, 19.7]  107.9 [106.7, 109.1]  258.6 [256.6, 260.5] 64.6 [63.6, 65.6]  77.9 [76.6, 79.2] 36.3 [35.5, 37.0]
COLE 82.5 [81.7,83.4]  127.1 [125.6, 128.6]  172.7 [169.4, 176.0]  50.0 [48.9, 51.1]  101.6 [100.5, 102.8]  77.7 [76.1, 79.3]
PAIRED 63.8 [62.8, 64.8]  85.8 [84.6,87.1]  186.2 [183.1, 189.3]  75.3 [74.3,76.2]  101.6 [100.4, 102.9]  50.5 [49.6, 51.4]
FCP 77.9 [77.0, 78.8]  129.0 [127.4, 130.5]  181.6 [178.9, 184.2]  72.1 [70.8, 73.4]  78.3 [77.0, 79.5] 83.1 [81.5, 84.8]
BRDiv 77.2[76.2, 78.1]  100.3 [98.3, 102.5]  175.0 [172.5, 177.7] 44.8 [43.8,45.7]  66.8 [65.8, 67.9] 87.2 [85.4, 89.0]
CoMeDi 85.8 [85.1, 86.6]  145.2 [143.1, 147.4]  168.3 [164.9, 171.7] 717 [70.5, 72.8]  111.6 [110.1, 113.1]  103.5 [101.8, 105.2]

Additional statistics. The main comparison of Section |6.5.2] reports mean normalized
returns with 95% stratified bootstrapped CI’s. Following the recommendations of |Agarwal
et al.| (2021), Fig. reports the median, interquartile mean (IQM), and mean normalized
return per task with 95% stratified bootstrap CI's. ROTATE attains the highest value of
all three statistics on five of the six tasks, with the sole exception of AA. The one near-tie is
the CC median, on which ROTATE and PAIRED are indistinguishable (0.635 each).
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Figure E.1: Median, IQM and mean normalized return per task, with 95% stratified bootstrap CI’s over six
trials.
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Fig. also reports the probability that, for each task and baseline, a randomly
selected ROTATE run outperforms a randomly selected baseline run on a randomly selected
evaluation teammate. ROTATE is favored (P > 0.5) in 35 of the 36 (task, baseline) pairs;
the exception is Minimax Return on AA (0.44 [0.36, 0.52]). Of the 35 favorable comparisons,
all but three have confidence intervals that exclude 0.5: PAIRED on CC, CoMeDi on CoR,
and CoMeDi on FC.

LBF CR AA CC CoR FC

| | | | | | | | | :| CoMeDi

u (o m | [ | | [ | [ | | HE B8ROV

| L L O i [ B S

I ‘ I ‘ | - | ‘ |PAIRED

m | | | | | m . | Bl COLE
f I | | | | | Minimax

00 G T.0 0.0 o5 7.0 0.0 o5 10 00 05 T0 00 5 T.0 0.0 o5 7.0

P(ROTATE > Baseline)

Figure E.2: Probability that ROTATE improves over each baseline for each task, with 95% stratified
bootstrap confidence intervals over six trials. The dashed line marks P = 0.5.

Worst-case returns. Because the goal of ROTATE is robustness to I1°*, all methods
are also compared on the minimum normalized return achieved against any member of T1¢¥2,
Table[E.4shows that ROTATE attains the highest worst-case return on five of six tasks with
the sole exception of AA, where ROTATE is the second-best method. This result indicates
that ROTATE demonstrates better-rounded cooperation with all evaluation teammates by
avoiding performance collapse against any particular teammate.

Table E.4: Worst-case (minimum) normalized return achieved by a method with any evaluation teammate.
95% stratified bootstrap CI’s over six trials displayed.

LBF CR AA cc CoR FC
ROTATE 0.79 [0.71, 0.87] 0.34 [0.32, 0.36] 0.56 [0.51, 0.63] 0.39 [0.36, 0.43] 0.42 [0.39, 0.45] 0.47 [0.44, 0.51]
Minimax Return ~ 0.15 [0.11, 0.20]  0.28 [0.25, 0.30]  0.64 [0.57, 0.70]  0.31 [0.27, 0.35] ~ 0.26 [0.22, 0.30]  0.16 [0.14, 0.19]
COLE 0.72 [0.66, 0.77]  0.27 [0.26, 0.28] ~ 0.34 [0.28, 0.40] 0.28 [0.25, 0.32]  0.22 [0.19, 0.25] ~ 0.32 [0.23, 0.44]
PAIRED 0.53 [0.45, 0.64]  0.27 [0.24, 0.30]  0.40 [0.34, 0.46]  0.38 [0.33, 0.43]  0.33 [0.26, 0.39]  0.26 [0.21, 0.31]
FCP 0.62 [0.55, 0.68]  0.25 [0.19, 0.31] ~ 0.40 [0.30, 0.51]  0.30 [0.28, 0.32]  0.22 [0.19, 0.24] ~ 0.37 [0.34, 0.39]
BRDiv 0.64 [0.59, 0.70]  0.19 [0.13, 0.27]  0.44 [0.41, 0.47]  0.16 [0.14, 0.18] ~ 0.13 [0.10, 0.16] ~ 0.43 [0.36, 0.51]
CoMeDi 0.78 [0.73,0.83]  0.27 [0.22, 0.35]  0.37 [0.35, 0.39]  0.24 [0.18, 0.32]  0.28 [0.25, 0.33]  0.42 [0.40, 0.44]

Per evaluation teammate performance breakdown. We break down the performance
of ROTATE and all baseline methods by individual evaluation teammate policies as radar
charts in Fig. [E.:3] The radar charts show that ROTATE achieves higher performance
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across a larger number and variety of evaluation teammates than baselines. The best base-
line, CoMeDi, achieves unusually high returns with the IPPO teammates on CC and CoR,
and with BRDiv teammates on CR and FC, which explains CoMeDi’s high mean return on
these tasks. The radar charts also show that the second-best baseline, FCP, is strong specif-
ically against IPPO teammates and relatively weaker on heuristics and BRDiv teammates,
especially in CR and CC. As mentioned in Section [6.5.2], we attribute FCP’s relative strength
on IPPO evaluation teammates to the fact that the IPPO evaluation teammates are closer to
the training teammate distribution constructed by FCP. While FCP is not especially strong
against the “IPPO pass” agents in CC, these agents were trained via reward shaping to solve
the task by passing onions across the counter rather than navigating around the counter,
which is the policy found by IPPO without reward shaping (denoted as “IPPO CC” in the
figures). COLE is also strong against IPPO teammates on CR, CC, CoR, perhaps because
it relies on a pure return-maximization objective to generate novel teammates. Finally, on
AA, Minimax Return is strong against the role-based heuristic teammates and somewhat
adversarial BRDiv teammates, while being weaker against the cooperative IPPO teammates.
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Figure E.3: Normalized mean returns of ROTATE and all baselines across all tasks, broken down by
evaluation teammate in I1°¥®. Legend shown for LBF applies for all plots.
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E.4.2 Optimal Behavior in Asymmetric Advantages

This subsection supports the discussion of the Asymmetric Advantages (AA) results
in Sections [6.5.2] and [6.5.5] Optimal behavior in AA still requires effective coordination due

to layout asymmetry. In the “left” kitchen, the delivery zone is adjacent to the pots while
the onions are farther, while in the “right” kitchen, the opposite is true. Thus, an optimal
team consists of the “left” agent delivering finished soup, and the “right” agent placing
onions in the pots—and indeed, we observe that teams of IPPO agents converge to this
behavior. In Section we observed that Minimax Return performed surprisingly well on
this task. Visualizing the trained Minimax Return policies on AA reveals that the adversarial
teammate trained by Minimax Return cannot drive the ego agent’s return to zero, and does
not prevent the ego agent from learning how to perform the task independently.

E.4.3 Human Proxy Evaluations

The results in Section [6.5.2] show that ROTATE is better able to generalize to unseen
partners compared to baseline methods. Here, we evaluate the ability of ROTATE to gen-
eralize to human partners, compared to baselines. The evaluation is conducted with human
proxy teammates generated by behavior cloning on the human gameplay dataset published
by |Carroll et al. (2019). Returns are normalized by the self-play performance of the hu-
man proxy teammates. Table shows that ROTATE matches or exceeds the strongest
baseline on all five Overcooked layouts. No baseline attains a significantly higher return
than ROTATE on any layout, and ROTATE holds the highest mean return on CoR and
FC. ROTATE is also the most consistent across layouts, with the other strong baselines
collapsing in performance on at least one layout. CoMeDi collapses to 0.43 on AA, Minimax
Return to 0.25 on FC, and PAIRED to 0.32 on FC, while ROTATE does not fall below
0.61. This pattern mirrors the main result with the default evaluation teammates, in which
ROTATE’s advantage similarly comes from consistently avoiding cooperative failure with
particular teammates.

E.4.4 Extension to a Partially Observable Scenario

This subsection supports the discussion of partially observable settings in Section [6.4]
We consider a partially observable LBF variant where agents have a field of view limited
to radius 2 in the 7 x 7 grid. A naive extension of ROTATE that simply uses recurrent
networks for teammates and BR policies leads to a problem in SXP and XSP trajectory
collection. Specifically, under recurrent policies, the BR’s hidden state at the switching
point is not meaningful to the ego agent.
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Table E.5: Normalized evaluation return with the human proxy teammate (95% stratified bootstrap CI’s
over six trials shown).

CR AA cC CoR FC
ROTATE 0.84 [0.82, 0.87] 0.70 [0.68, 0.71]  0.87 [0.83, 0.92] 0.68 [0.66, 0.73] 0.61 [0.58, 0.65]
CoMeDi 0.86 [0.86, 0.86] 0.43 [0.42, 0.44] 0.89 [0.82, 0.96] 0.65 [0.63, 0.68]  0.57 [0.45, 0.68]
Minimax Return  0.53 [0.39, 0.64]  0.73 [0.67, 0.76] 0.80 [0.75, 0.84]  0.40 [0.32, 0.53] ~ 0.25 [0.22, 0.30]
PAIRED 0.49 [0.43, 0.58]  0.61 [0.59, 0.62] ~ 0.89 [0.78, 0.98] 0.50 [0.45, 0.56] 0.32 [0.30, 0.33]
FCP 0.24 [0.16,0.32]  0.62 [0.55, 0.66] 0.66 [0.62, 0.72] 0.43 [0.37, 0.52] 0.5 [0.51, 0.57]
BRDiv 0.63 [0.62, 0.64] 0.57 [0.52, 0.61] 0.62 [0.47, 0.70]  0.59 [0.55, 0.61] ~ 0.50 [0.42, 0.58)]
COLE 0.69 [0.66, 0.71]  0.45 [0.42, 0.46] 0.57 [0.55, 0.61] 0.67 [0.66, 0.67] 0.5 [0.53, 0.57]

Instead, we train a recurrent belief model inspired by Off-Belief Learning (Hu et al.,
2021). The belief model is an LSTM encoder-decoder that takes partial observations as
input and predicts the full environment state. The use of a belief model allows all agents
to condition on a shared state estimate, sidestepping the hidden-state incompatibility. The
belief model is trained via supervised learning on rollouts collected from a population of
self-play IPPO teams, achieving prediction accuracies of ~42% and ~36% for hidden foods
and teammate position, respectively (in contrast to ~9% accuracy for a random model).

Table E.6: ROTATE outperforms CoMeDi on partially observable LBF. Mean returns and bootstrapped
95% CI’s are shown.

Method PO LBF

ROTATE + belief model 0.89 [0.87, 0.90]
ROTATE (recurrent) 0.75 [0.72, 0.77]
CoMeDi (recurrent) 0.70 [0.68, 0.72]

Table shows that ROTATE achieves higher returns on partially observable LBF
compared to CoMeDi. Even the naive recurrent extension of ROTATE already outperforms
CoMeDi under partial observability. The belief-model variant improves further.

E.4.5 Extension to N-Agent Scenario

We consider an N-agent variant of LBF with 2 ego agents and 2 teammates. The
extension of ROTATE and CoMeDi is performed using the most straightforward strategy
of parameter sharing (Christianos et al., 2021)), in which the agent ID is appended to the
observation to permit behavior differentiation between agents. The ego agents are considered
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one subteam, and the teammates another. Table [E.7] shows that ROTATE achieves higher
returns on N-agent LBF compared to CoMeDi.

Table E.7: ROTATE outperforms CoMeDi on N-agent LBF. Mean returns and bootstrapped 95% CI’s are
shown.

Method N-agent LBF
ROTATE 0.887 [0.871, 0.902]
CoMeDi 0.672 [0.651, 0.692]

E.4.6 Impact of Competence Weights on Sabotage Rates for Per-State and
Per-Trajectory Regret

This subsection analyzes the influence of competence weights on the rate of sabotage
in the sabotage game specified in Table[6.1|for ROTATE with both per-state regret and per-
trajectory regret, extending the analysis of Section [6.5.3] We show that as the competence
weight increases, the probability of the sabotage action decreases for both per-state and
per-trajectory regret, with a much stronger effect observed for per-state regret. Further, the
competence-bounded per-trajectory regret objective of Section (Eq. does not fully
reduce the probability of the sabotage action.

Recall that Eq. (competence-bounded per-trajectory regret) differs from the full
ROTATE teammate generation objective only in the distributions over which the regret and
teammate-BR return are maximized, and that its competence guarantee (Theorem [6.1]) is
with respect to the initial state distribution py.

Fig. [E.4] displays the mean probability of sabotage, aggregated across non-terminal
states for per-trajectory regret (right) and per-state regret (left), as the competence weights
vary from 0 to 5. For per-state regret, the mean probability of sabotage rapidly decreases
to 0 as the competence weights increase. The effect of \; is somewhat stronger than that
of Ay at combating sabotage, with A\; = 3, Ay = 0 leading to a zero probability of sabotage,
whereas A\ = 0, Ay = 5 still corresponds to a sabotage probability of 0.08. However, high
enough values of either weight can lead to a zero probability of sabotage. For per-trajectory
regret, increasing the competence weight similarly decreases the probability of sabotage, but
the effect is much weaker than for per-state regret. In fact, even with A = 5, the probability
of sabotage is still 0.21.
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Figure E.4: Mean probability of the sabotage action, aggregated across non-terminal states in the sabotage
game, as the competence weights are varied. (Left) ROTATE with competence-bounded per-state regret.
(Right) ROTATE with competence-bounded per-trajectory regret.

E.4.7 Generalization Performance as Competence Weights are Varied

Figures and show the training and evaluation returns of ROTATE as the
competence weights A, Ay are varied, on all tasks, supporting the discussion of Section [6.5.4]
As the competence weights increase, the training returns tend to increase. For evaluation
returns, intermediate competence weights perform best on CC, AA, and FC, while higher
competence weights perform best on LBF, CR, and CoR. Therefore, the optimal competence
weights for improving cooperative generalization are task-dependent.

E.4.8 Ablations of Teammate Generation Objective

We consider two alternatives to the teammate generation objective of ROTATE
within the ROTATE framework. First, we consider competence-bounded per-trajectory re-
gret. Second, we consider a version of ROTATE in which expected returns are maximized in
states sampled from CoMeDi’s mixed-play state distribution, pyp (defined in Section ,
rather than from SXP states, which resembles the mixed-play objective of CoMeDi (Sarkar|

7‘

Competence bounded trajectory regret. The ROTATE teammate generation objec-
tive consists of competence-bounded per-state regret. A natural question is how competence-
bounded per-trajectory regret (Eq. might compare in terms of training strong ego agents.
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Figure E.5: Train returns of ROTATE as the competence weights are varied.

As shown in Fig. ROTATE outperforms per-trajectory regret (A = 0) on every task
except AA. Because AA is also the task where adversarially robust behavior is optimal, this
provides indirect evidence that per-trajectory regret induces adversarial behavior. Bounding
competence by adding the same per-task A\ values used by ROTATE to the per-trajectory
objective raises its return on most tasks relative to A = 0, and reduces the gap to ROTATE
on 4/6 tasks. Therefore, for these benchmark tasks, placing a py competence bound on per-
trajectory regret is sufficient to reduce sabotaging behavior of plain per-trajectory regret.
We still expect competence-bounded per-state regret (the ROTATE objective) to produce
stronger cooperative generalization in broader tasks. As discussed in Section [6.3.2] enforcing
competence on a per-state rather than per-trajectory basis is important for reducing the
teammate’s incentive to sabotage, which is demonstrated on the sabotage matrix game in

Section [E.4.6

Mixed play ablation. For fair comparison, the mixed-play variant uses the same hyper-
parameters as ROTATE and CoMeDi’s tuned mixed-play weights. ROTATE’s teammate
generation objective leads to higher normalized returns than maximizing CoMeDi’s mixed-
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Figure E.6: Normalized evaluation returns of ROTATE as the competence weights are varied.

play objective in all environments except for Overcooked’s Asymmetric Advantages (AA)
setting (Fig. . Following the difference in starting states of trajectories for which these
two maximize self-play returns, we conjecture that this is because ROTATE generates com-
petent teammate policies in states from XP while the CoMeDi-like approach imposes the
same thing in states from pysTarr. Imposing good faith within policies in pxp is likely
more important for training an ego agent that initially interacts with 7= during training by
visiting states from pxp.

E.4.9 Training an Independent Ego Agent on the ROTATE Population

Two-stage AHT algorithms first generate a population of teammates, and next train
an ego agent against the population. Although ROTATE’s teammate generation mechanism
relies on the learning process of a particular ego agent, here, we investigate whether the
population generated by ROTATE is useful for training independently generated ego agents.
Fig. compares the mean evaluation returns of the ROTATE ego agent against the mean
evaluation returns of an independently trained PPO ego agent that was trained on the full,
final ROTATE population, using the same configuration as ROTATE. In 3/6 tasks (CC,
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Figure E.7: The mean normalized returns of ROTATE and ablations designed to evaluate the effectiveness
of ROTATE’s per-state regret-based teammate generation objective. 95% stratified bootstrapped CI’s over
three trials are shown.

CoR, and FC) the ROTATE ego agent outperforms the independently trained ego agent
with non-overlapping confidence intervals, and on the remaining three tasks (LBF, CR, and
AA) the two perform similarly. This result suggests that the ROTATE population is a
useful population of teammates even independent of the particular ego agent generated.

Note that because the population used to train the independent ego agent was itself
produced by ROTATE’s coupled generation, this experiment isolates the ego agent’s train-
ing regime—the curriculum induced by coupled teammate generation versus joint training
on the full, final population—rather than the value of coupled generation itself. In continual
learning, joint training on all tasks is often considered an oracle upper bound for sequential
training (Liu et al., 2023). Viewed this way, the independently trained ego agent’s strong
performance is unsurprising: it faces a stationary training distribution and interacts with all
teammates uniformly throughout training, whereas the ROTATE ego agent faces a nonsta-
tionary, growing population and trains against later teammates for fewer iterations. Closing
the remaining gap to joint training (e.g., via curated buffer sampling) is left to future work.

E.4.10 Inspection of ROTATE Generated Teammates

This subsection analyzes the ROTATE teammate populations on LBF and CC for
the learned conventions, presence of handshake conventions, competence and diversity (as
measured by XP matrices), and the regret induced on the ego agent during training. Results
are in unnormalized return units. For reference, the maximum return on LBF is 0.5 (equiva-
lent to 100% of food eaten; see Appendix , while CC has no well-defined maximum but
awards 20 points per delivered dish.
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Figure E.8: The mean normalized returns of ROTATE compared to an independently trained ego agent on
ROTATE’s population and an ablation of ROTATE without the population. 95% stratified bootstrapped
CT’s over three trials are shown.

Conventions. On CC, the behavior of ROTATE teammates is characterized by using 38
features to create embedding vectors that characterize interactions between each teammate
and its co-trained BR. The features track handoffs, region occupancy, resource usage, role
specialization, and routing. The resultant embedding vectors are clustered by cosine distance
in feature space using agglomerative clustering (Murtagh and Contreras, 2012). Because
competence and conventions could jointly influence cluster structure, we verified that similar-

return teammates do not always share clusters.

To analyze the conventions contained in the ROTATE teammate population, we
visualize the teammate-BR corresponding to each cluster medoid, to find that the population
includes the following 7 conventions:

e Handoff giver: passes onions across the counter, and plates and delivers only if near a
finished soup.

e Handoff receiver: receives onions from a giver, pots them, then plates and delivers.

e 3 onion specialists (left path / right path / clockwise): pass and sometimes pot onions,
routing along the left side, the right side, or always traveling clockwise, respectively.

o Independent, left path: completes the full task alone via the left path.

e [ndependent with occasional passing, clockwise: mostly solo, but coordinates via occa-
sional onion passes, moving clockwise with the partner.

We observe no sabotage-like behaviors such as blocking, resource hoarding, or delivery
prevention. Fig. visualizes the cluster structure by applying multidimensional scaling
(MDS) (Torgerson, |1952) to the pairwise cosine distance matrix. Each cluster medoid is
labeled by the corresponding convention.
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Figure E.9: MDS embedding of the pairwise cosine distances between the behavioral feature vectors of
Counter Circuit teammates, colored by agglomerative clustering. Cluster medoids are labeled with the
convention identified by visually inspecting trajectory replays.

Perturbation analysis of handshake-style sabotage. ROTATE’s teammate gener-
ation objective is designed to mitigate adversarial behaviors such as handshake conven-
tions (Sarkar et al., [2023) (policies that coordinate only in SP states and otherwise act in
ways that harm coordination). ROTATE gathers XP interactions (teammate-ego) start-
ing from states visited under SP (teammate-BR), and gathers SP interactions starting from
states visited under XP, so no state is exclusive to SP or XP interaction, thereby discouraging
handshakes.

To empirically examine whether ROTATE teammates-BRs have learned handshake
conventions, we measure each teammate 7’s return when paired with its noise-perturbed
BR, (1 —€) - BR(7) + € - Tyana, sweeping € from 0 to 1. The returns are averaged over all
teammates in the population (dropping two teammates that collapsed to zero return on
LBF). A teammate playing a handshake policy would show a sharp decline in team return
at some level of €. Instead, Table shows that as € increases, the returns decline smoothly
starting from € = 0.8 on LBF and from ¢ = 0.2 on CC.
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Table E.8: Mean return of each ROTATE teammate paired with its noise-perturbed best response, (1 —¢) -
BR(m) + € - Tyand, as the perturbation level € is swept from 0 to 1 on LBF and Counter Circuit (CC).

Task e=0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0
LBF 0498 0499 0499 0499 0498 0497 0488 0455 0.368 0.252 0.131
CC 140.6 140.4 136.0 1284 116.8 1023 835 63.0 432 270 16.3

Teammate competence and diversity (XP matrix). To analyze the competence and
diversity of ROTATE’s teammate population, we compute the cross-play matrix of RO-
TATE teammates and co-trained BRs (Fig. [E.10). The diagonal displays the estimated
SP returns, and therefore estimates the teammates’ competence. The ratio between diag-
onal and off-diagonal returns provides evidence of convention diversity, since prior sections
verified the absence of adversarial conventions.

On LBF, the XP matrix shows generally high values, but still shows zones of lower
returns. It also reveals that 2/30 teammates achieve uniformly zero returns; visual inspection
confirmed that these teammates collapsed to idle behavior. The diagonal returns are near-
optimal, and remain somewhat higher than the off-diagonals (mean of 0.499 vs 0.427, with
the two idle teammates removed). Taken together with the fact that ROTATE achieves
high cooperative generalization with LBF evaluation teammates (Fig. [6.34), the XP matrix
shows that there are few truly incompatible conventions on LBF, which is consistent with the
XP matrix of the evaluation teammates (Fig. [E.14). On CC, the XP matrix shows a much
higher gap between the diagonal and off-diagonal returns, consistent with our conventions
analysis which showed that ROTATE teammates learned distinct, interpretable conventions

on CC.

Regret induced by teammates on the ego agent. Fig. visualizes the (per-
trajectory) regret induced by the teammate on the ego agent during each teammate gen-
eration phase of open-ended learning (i.e., Egyp [V (S0 | 7% BR(7m 7)) — V(so | 7%, 7°)],
in unnormalized return units). Note that the ego policy is frozen during the teammate
generation phase, while the teammate and BR are initialized from scratch, which leads to
the spikes and dips observed in the regret curves. At the start of each open-ended learning
(OEL) iteration, the teammate and BR are learning from scratch against the current ego
agent, so regret is initially negative. Within each iteration, as the teammate/BR learn to
cooperate, regret increases smoothly, rising above zero in all tasks except for AA, where
the regret remains negative after the 8th OEL iteration. We partially attribute the negative
regret in AA to the increasing robustness of the ego agent over OEL iterations, and attribute
the remainder to lack of sufficient training timesteps per-iteration. Indeed, in most tasks,
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Figure E.10: Cross-play matrices of ROTATE teammates (rows) evaluated with each teammate’s co-trained
best response (columns) on LBF and Counter Circuit, in raw return units.

the maximum per-iteration regret declines over iterations, with the effect being especially
strong in LBF, CC, and FC. In AA, the teammates have minimal coordination opportunities
with the ego agent, which may explain why the regret there remains negative.

Due to the ROTATE competence-bounded per-state regret objective, the teammate
must still act cooperatively with the ego, so the per-iteration maximum regret does not
become too high. On LBF, the maximum return is 0.5, but the per-iteration regret peaks
are typically less than 0.1. On CC, the regret peaks are between 25-50, which reflects a
difference in SP and XP returns corresponding to delivering 2-4 dishes.

E.4.11 Quality of ROTATE Co-Trained Best Responses

ROTATE’s regret estimates rely on co-trained PPO approximations of the BR, which
may fail to find the true BR. To assess the quality of these approximations, we independently
train PPO BR policies (three seeds) for five ROTATE teammates on LBF and CC, with
twice the training budget of the co-trained BR. Tables[E.9 and report the per-teammate
returns. The results show no systematic underestimation in either task. On LBF, the mean
gap across 5 teammates (ind - co) is 40.0052, while on CC, the mean gap is +0.9. While
it may be surprising that the co-trained BRs can sometimes outperform the independently
trained BRs, we attribute it to the fact that the co-trained BRs have a different training
regime from the independently trained BRs. Specifically, the co-trained BRs are trained
to maximize SP returns from XP states (i.e. SXP states) in order to remain a BR to the
teammate everywhere that the two interact.
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Figure E.11: Regret induced on the ego agent during each teammate generation phase of ROTATE open-
ended learning, in unnormalized return units.

E.4.12 Learning Curves

Fig. [E.12] shows learning curves for ROTATE and all ROTATE variations tested in
this chapter, where the x-axis is the open-ended learning iteration, and the y-axis corresponds
to the mean evaluation return. On 4/6 tasks (LBF, CR, CC, and FC), ROTATE has better
sample efficiency than the variants. On 3/6 tasks (LBF, CR, and FC), ROTATE dominates
the variants at almost all points in learning.

E.5 Supplemental Discussion

Here, we describe how ROTATE satisfies the definition of an open-ended system
given by [Hughes et al. (2024), supporting the claim made in Section [6.2] Next, we compare
and contrast CoMeDi’s mixed-play mechanism to ROTATE’s per-state regret.

E.5.1 ROTATE as an Open-Ended System

This subsection first recalls the definition of open-ended systems given by
(2024), and then shows that ROTATE satisfies the definition.
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Table E.9: Mean return of each ROTATE teammate’s co-trained best response on LBF vs. an independently
trained PPO best response, with 95% Cls displayed.

Teammate (iter.) Co-trained BR Independent BR  Gap (Ind - Co)

0 0.493 [0.483, 0.500] 0.497 [0.493, 0.500] +0.004
5 0.488 [0.473, 0.500] 0.499 [0.496, 0.500] +0.010
10 0.492 [0.480, 0.500] 0.495 [0.490, 0.499] +0.003
13 0.487 [0.474, 0.497]  0.496 [0.492, 0.499] +0.009
25 0.499 [0.496, 0.500] 0.499 [0.496, 0.500] -0.000

Table E.10: Return of each ROTATE teammate’s co-trained best response on Counter Circuit versus an
independently trained PPO best response with 95% Cls displayed.

Teammate (iter.) Co-trained BR Independent BR  Gap (Ind - Co)

3 107.2 [103.6, 110.5]  109.0 [107.1, 110.8] +1.8
6 113.4 [107.8, 118.6] 136.8 [132.6, 140.8] +23.4
7 178.4 [174.7, 182.0]  149.3 [144.3, 154.2] -29.1
12 116.1 [110.6, 121.1]  117.5 [114.7, 120.1] +1.4
18 130.3 [123.0, 137.0]  137.3 [133.5, 140.9] +7.0

E.5.1.1 Definition of Open-ended Systems

To formalize open-endedness, we employ the definition of open-ended systems pro-
vided by Hughes et al. (2024). Hughes et al. (2024) consider a system S that produces a
sequence of artifacts X;, indexed by time ¢. An observer O attempts to predict a new artifact
Xr based on observations of past artifacts seen up until time .

From the perspective of an observer, a system is open-ended if and only if the
sequence of artifacts it produces is both novel and learnable.

A sequence of artifacts is novel if it becomes increasingly unpredictable with respect

to an observer’s model at any fixed time ¢. Formally:
VENT > t, 3T > T E[((t,T")] > E[l(¢, T)]. (E.15)

This unpredictability is quantified by a loss metric, £(¢,T"), where the first argument refers
to the timestep that the observer has observed up until (i.e., artifacts Xi, ..., X;), while the
second argument refers to the artifact that the observer must now predict (i.e., Xr).
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Conversely, the system is learnable whenever conditioning on a longer history makes
artifacts more predictable:

VIVt < TNT >t >t: B[, T)) < E[((t,T))]. (E.16)

E.5.1.2 Open-endedness in ROTATE

ROTATE displays both novelty and learnability according to the definition above, as
we show below. Let the ego agent be the observer, the sequence of generated teammates be
the artifacts, and ¢(¢,T") be the cooperative regret of the ego agent trained up to iteration ¢,
evaluated on the teammate generated at iteration 7.

Novelty. At open-ended iteration ¢ + 1, ROTATE seeks to generate a teammate that
challenges the ego agent from iteration ¢ by directly maximizing its cooperative regret. By
construction, for 7" =T + 1:

E[((t, T")] > E[((t, T)). (E.17)

Learnability. In the context of ROTATE, this condition states that for some future unseen
teammoate from time T, the cooperative regret of ROTATE’s ego agent from iteration ¢’ should
be lower than the cooperative regret of ROTATE’s ego agent from an earlier iteration t.

Intuitively, since all generated teammates are added to a population buffer that is
uniformly sampled, ROTATE’s ego agent at future iterations should always be more capable
than the ego agent at previous iterations. Empirically, we observe this in the learning curves
presented in Fig. [E.12] The normalized return against the test set of unseen teammates
increases as the iterations increase. Importantly, the return is min-max normalized so that
1.0 represents the return achieved by a teammate with its best response, while 0.0 represents a
known lower bound on returns. For a fixed teammate 7, the upper bound V (7%, BR(7 ™))
and the lower bound 7 are constant with respect to the ego agent, so the min-max normalized
return is an affine, strictly decreasing function of the cooperative regret, NRet(t) = 1 —
CR(t)/c with ¢ = V(77" BR(7 %)) —n > 0. An increase in normalized return from iteration
t to t' is therefore equivalent to a decrease in cooperative regret over the same interval.

E.5.2 Relationship To CoMeDi and Mixed Play

CoMeDi (Sarkar et al., [2023) is a two-stage teammate generation AHT algorithm,
whose teammate generation process trains one teammate per iteration, with an objective
that encourages the new teammates to be distinct from previously discovered teammates.
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CoMeDi adds trained teammate policies to a teammate policy buffer, II*"#", Each
iteration begins by identifying the teammate policy that is most compatible with the currently

trained teammate 77", out of all previously generated policies:

TP = argmax By [V (0|7, 777)]. (E.18)
7w —Jc]train

The new teammate policy 7% is trained with an objective that improves the per-
trajectory regret objective (Eq. by adding a term that maximizes the returns from

states gathered in mized-play, which we describe below.

Let mixed-play starting states be sampled from states visited when 7= interacts with
the mized policy, which uniformly samples actions from 7™ and BR(7~*) at each timestep:

PMSTART = d (W_Z, §7Tcomp + QBR(W_% Po) : (E.19)

From these starting states, CoMeDi then gathers mixed-play interaction data, where 7

interacts with BR(7~*). The resulting mixed-play state visitation is then expressed as:
PmpP = d (7T_i, BR(W_i); pMSTART) . (EQO)

The complete objective that [Sarkar et al. (2023) optimizes to train a collection of diverse
teammates is then defined as:

m%x (]Esowpo [CR(Wcomp’ 7T_i’ 30)i| + EESONPMP [V(80|7T, BR(’H’))l) (E21)

Vv
mixed-play return maximization

CoMeDi (Sarkar et al., [2023) optimizes this objective to discourage 7~ from learning
poor actions for collaborations outside of psp. This discouragement occurs because 7 ¢ is
now also trained to maximize returns in states visited during mixed-play, which resembles
some states encountered while cooperating with 7°™P. Discerning whether a state is likely
encountered while interacting with 7™ and consequently choosing to diminish team returns

will no longer be an optimal policy to maximize Eq. [E.21]

Although the importance of using pustarr as a starting state for data collection is
questionable, we take inspiration from CoMeDi’s maximization of V' (sq|m, BR(7)) outside of
states from psp. We argue that maximizing V (so|7~%, BR(7™%)) is a key component towards
making 7% act in good faith by always choosing actions yielding optimal collective returns
assuming BR(7 ") is substituted as the partner policy. Unlike CoMeDi, ROTATE maxi-
mizes V (so|7m ", BR(7 %)) on trajectories gathered from a starting state from pxp (i.e., SXP
states) instead of pystarT, which results in the A-weighted return terms of Eq. . We
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formulate this objective to encourage 7= to act in good faith in states sampled from pxp,
which is visited while 7~% interacts with 7°€°. Since by selecting
actions that make collaboration impossible in pxp, the ego policy learning process becomes

¢ is not sabotaging m°&°

less challenging. We conjecture that this leads to 7°° with better performance, as indicated
in Fig. [6.3]

While Fig. [6.3] compares ROTATE with CoMeDi, Fig. compares ROTATE with
a modified CoMeDi approach that now follows the open-ended training framework described
in Algorithm [3| In this modified version of CoMeDi, we train a newly generated teammate
policy to maximize Eq. while substituting 7™ with the trained 7°¢°. Rather than
promoting meaningful differences with previously generated teammate policies, this creates
a teammate policy that maximizes the ego agent policy’s per-trajectory regret while discour-
aging teammates from diminishing team returns in certain states. This version of CoMeDi’s
teammate generation objective within the ROTATE open-ended framework is visualized in

Fig.

E.6 Experimental Details

This section provides the details needed to reproduce the experiments of Section [6.5]
Section describes the baseline methods and their computational complexity. Sec-
tion describes implementation details including training compute, agent architectures,
and hyperparameters. Section describes the construction of the evaluation teammate
set I1®¥ and Section describes the evaluation return normalization procedure. De-
scriptions of the LBF and Overcooked tasks themselves are provided in Appendix [A]

E.6.1 Baselines Overview

Section [6.5] compares ROTATE to six baselines: PAIRED, Minimax Return, FCP,
BRDiv, CoMeDi, and COLE. Each baseline is briefly described below, followed by a dis-

cussion of the computational complexity of teammate generation baselines compared to
ROTATE.

PAIRED (Dennis et al., 2020): A UED algorithm in which a regret-maximizing “adver-
sary” agent proposes environment variations that an allied antagonist achieves high returns
on, but a protagonist agent receives low returns on. The algorithm is directly applicable to
AHT by defining a teammate generator for the role of the adversary, a best response agent
to the generated teammate for the role of the antagonist, and an ego agent for the role of the
protagonist. In contrast to ROTATE, our PAIRED extension jointly trains the ego agent,

208



teammate, and BR. The teammate is optimized to maximize the per-trajectory regret of
the ego agent. Following the original PAIRED, which does not maintain a population of
environments, our extension does not use a population buffer, so the ego agent trains only
against the most recently generated teammate.

Minimax Return (Morimoto and Doya, 2005): The Minimax Return baseline is based
on the minimax return baseline of the PAIRED paper (Dennis et al. [2020)), with the orig-
inal idea due to [Morimoto and Doya| (2005). It uses the same open-ended framework as
ROTATE, but generates teammates that minimize the ego agent’s return rather than max-
imizing its regret. Note that the Minimax Bayes algorithm of |Villin et al.| (2025)) is not our
Minimax Return baseline. While conceptually related, it instead addresses how to curate a
pre-existing population of teammates to best train an ego learner.

Fictitious Co-Play (Strouse et al., 2021): A two-stage AHT algorithm in which a
pool of teammates is generated by running IPPO (Yu et al.; 2022b) with varying seeds, and
saving multiple checkpoints to the pool. The ego agent is an IPPO agent that is trained
against the pool.

BRDiv (Rahman et al., 2023b)): A two-stage AHT algorithm in which a population
of “confederate” and best-response agent pairs is generated, and an ego agent is trained
against the confederates. BRDiv maintains a cross-play matrix containing the returns for
all confederate and best-response pairs. The diagonal returns (self-play) are maximized,
while the off-diagonal returns (cross-play) are minimized. BRDiv and LIPO (Charakorn
et al., 2023)) share a similar objective, with three main differences: (1) if xp_weight denotes
the weight on the XP return, then BRDiv requires that the coefficient on the SP return is
always 14 2xxp_weight, (2) LIPO introduces a secondary diversity metric based on mutual
information, and (3) LIPO assumes that agents within a team (i.e., a confederate-BR pair)
share parameters.

CoMeDi (Sarkar et al., 2023): CoMeDi is a two-stage AHT algorithm. In the first
stage, a population of teammates is generated, and in the second stage, an ego agent is
trained against the teammate population. The teammate generation stage trains teammate
policies one at a time, in which the nth teammate policy is trained to maximize its SP
return, minimize its XP return with the previously generated teammate (i.e., from among
teammates 1,--- ,n— 1) that it best collaborates with, and maximize its “mixed-play” (MP)
return. The relationship between the regret objectives described in Section and MP is
further discussed in Section [E.5.21
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COLE (Li et al., 2023): Cooperative Open-Ended Learning (COLE) is a population-
based framework for AHT that generates teammates iteratively, similar to CoMeDi. At each
iteration, a new policy is trained to maximize returns against a distribution over the current
population of strategies (policies), and then added to the population. The distribution is
based on a cooperative incompatibility score, which measures how difficult each policy is to
coordinate with. The cooperative incompatibility of each policy is quantified using a Shapley
value metric to determine the contribution of each policy to the overall incompatibility of the
population. By training each policy against the least compatible policies in the population,
COLE encourages the generation of teammates that are more compatible with a wider range
of partners. At the end of the teammate generation process, the teammate with the highest
average cross-play return across the population is selected and returned as the final ego
agent.

E.6.1.1 Computational Complexity of ROTATE versus Teammate Generation
Baselines

The computational complexity of ROTATE is compared with that of the teammate
generation baselines, in terms of the population size and the number of objective updates.
In the following, n denotes the population size, while T" indicates the number of updates
needed to train an individual population member. The precise meaning of n and 7" might
vary with the algorithm, but is made clear in each description.

FCP: Let T denote the number of RL updates needed to train each IPPO team and let n

denote the number of teams trained by FCP. Then, the computational complexity of FCP
is O(nT).

BRDiv/LIPO: Both BRDiv (Rahman et al., 2023b)) and LIPO (Charakorn et al., 2023))
require sampling trajectories from each pair of agents in the population, for each update.
Thus, if the total number of updates is T and the population size is n, then the algorithm’s
time complexity is O(n?T). Due to the quadratic complexity in n, BRDiv and LIPO are
typically run with smaller population sizes, with n | 10 for all non-matrix game tasks in both
original papers.

CoMeDi: Recall that CoMeDi trains population members one at a time, such that each
agent is distinct from the previously discovered teammates in the population. This neces-
sitates performing evaluation rollouts of the currently trained agent against all previously
generated teammates at each RL update step. Let T" be the number of RL updates required
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to train the ¢th agent to convergence, and let n denote the population size. Then CoMeDi’s
time complexity is O(n*T)—making it scale quadratically in n, similar to BRDiv and LIPO.

COLE: COLE trains a new teammate policy to convergence at each iteration of open-
ended learning. The cooperative incompatibility score is based on the cross-play returns of
the current population, which requires evaluating each new teammate against all previously
generated teammates. Thus, similar to CoMeDi, the time complexity of COLE is O(n?T),
where n is the population size and T is the number of RL updates required to train each
teammate to convergence.

ROTATE: In ROTATE, a new teammate is trained to convergence for each iteration
of open-ended learning. Thus, the number of open-ended learning iterations is equal to
the population size n, where within each iteration, there are O(T") RL updates performed.
Therefore, the complexity of ROTATE is O(nT), meaning that our method scales linearly
in the population size n.

E.6.2 Implementation Details

As implementations of prior methods use PyTorch while this work uses JAX, we re-
implemented all methods, using PPO (Schulman et al., [2017) with Generalized Advantage
Estimation (GAE) (Schulman et al.| [2015) as a base RL algorithm and Adam (Kingma and
Ba, 2015) as the default optimizer. A detailed discussion of ROTATE’s losses, update
procedure, and pseudocode is provided in Section [E.3] This subsection discusses implemen-

tation details such as training time choices, agent architectures, and key hyperparameters
for ROTATE and all baselines.

Training compute. For fair comparison, every method was trained with the same total
environment-interaction budget on each task, counting both the teammate generation stage
and ego agent training: 360M steps on LBF, 240M steps on CR and AA, and 440M steps
on CoR, CC, and FC. This budget applies to all methods except for FCP, whose popula-
tion consists of independently trained IPPO agents. Rather than scaling its population to
consume the shared budget, we used a similar population size to the original paper (ours is
~110 agents per task, while the original used 96 agents per task). Population sizes for the
remaining two-stage baselines were chosen as follows. BRDiv was trained with a population
size of 3-4 agents. While we attempted training BRDiv with a larger population size, the
algorithm was prone to discovering degenerate solutions in which only 2-3 agents in the
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population could discover solutions with high SP returns, and all other agents in the pop-
ulation would have zero returns. CoMeDi was trained with a population size of 10 agents.
We attempted to train CoMeDi with a larger population size, but due to the algorithm’s
quadratic complexity in the population size, its runtime surpassed the available time bud-
get. Nevertheless, the population size of 10 forms a reasonable comparison to ROTATE
because (1) the original paper used a population size of 8 for all Overcooked tasks, and (2)
the configuration of CoMeDi in this work runs for a similar wall-clock time as ROTATE.

Agent architectures. For all methods considered in this chapter, agents are implemented
using neural networks and an actor-critic architecture, as is standard for PPO-based RL
algorithms. All AHT methods implement policies without parameter sharing (Christianos
et al., [2020), to enable greater behavioral diversity. Specifics for ego agents, teammates, and
best response agents are described below.

As mentioned in Section [E.3.2] ego agents are history-conditioned. Thus, ego agents
are implemented with the S5 actor-critic architecture, a recently introduced recurrent archi-
tecture shown to have stronger long-term memory than prior types of recurrent architectures.
Another advantage of the S5 architecture over typical recurrent architectures (e.g. LSTMs)
is that it is parallelizable during training, allowing significant speedups in JAX (Lu et al.
2023).

On the other hand, teammates and best response agents are state-based. Best re-
sponse agents are implemented with fully connected neural networks. Teammates are also
based on fully connected neural networks, but the precise architecture varies based on the
algorithm. For methods in which the teammate only interacts with itself (FCP) or with the
ego agent (Minimax Return), a standard actor-critic architecture is used. However, for open-
ended learning methods that optimize regret (ROTATE and PAIRED), or for teammate
generation methods that optimize adversarial diversity (CoMeDi and BRDiv), teammates
must estimate returns when interacting with multiple agents. Thus, for these methods, the
teammate architecture includes a critic for each type of interaction.

For ROTATE and PAIRED, the teammate must estimate returns when interacting
with the ego agent and its best response, and so it maintains a critic network for each
partner type. For CoMeDi and BRDiv, given a population with n agents, each teammate
must estimate the return when interacting with the other n — 1 agents in the population.
As it would be impractical to maintain n — 1 critics for each teammate, the teammate
instead uses a critic that conditions on the agent ID of a candidate partner agent—in effect,
implementing the n — 1 critics via parameter sharing (Christianos et al., 2020)).
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E.6.2.1 Hyperparameters

This subsection presents the hyperparameters for ROTATE (Table , baseline
methods (Tables[E.12HE.19)), and IPPO (Table [E.11)), which served as the base algorithm for
all methods and was used to train evaluation teammates. For all methods, hyperparameters
were first tuned manually, and then tuned by automated hyperparameter search for the most
important hyperparameters. The procedure is described below.

Manual hyperparameter tuning began with the base IPPO hyperparameters for each
task (Table , typically varying one parameter over a range while holding the others fixed,
and varying parameters jointly only when varying one at a time did not yield the desired
result. These manually-tuned IPPO settings served as the starting point for the IPPO
training hyperparameters used by all algorithms. Next, hyperparameters for the shared ego
agent training portion of each teammate generation algorithm (Table were tuned on a
per-task basis, and held fixed for fair comparison. Finally, the hyperparameters were tuned
for each algorithm on a per-task basis, focusing on the teammate generation portion.

The automated hyperparameter search consisted of random search over predefined
hyperparameter ranges. For each algorithm-task combination, 15 configurations were sam-
pled uniformly at random, where each was evaluated with 2 seeds at a reduced training
budget. The final hyperparameter configuration was selected from the searched configura-
tions and the configuration resulting from manual tuning. The hyperparameters tuned by
the random search are the learning rate, entropy coefficient, and PPO clip epsilon common
to all methods, together with each method’s own diversity or regret coefficients (Ay, Ay for
ROTATE, a, 8 for CoMeDi, and the XP-return coefficient for BRDiv).

For each hyperparameter, the searched values are listed in the tables, and the selected
values are bolded. The hyperparameters for the two-stage teammate generation methods
are presented in separate tables, where those corresponding to the shared ego agent training
stage are presented in Table All experiments were performed with a discount factor of
v = 0.99 and A\®AF = 0.95.

E.6.3 Evaluation Teammates

This subsection details the construction of the evaluation teammate set I1°, sum-
marized in Section [6.5.1]

Evaluation teammates were constructed using three strategies: training IPPO team-
mates in self-play using varied seeds and reward shaping, training teammates with BR-
Div, and manually programming heuristic agents. The evaluation teammates trained using
IPPO and BRDiv were trained using different seeds than those used for training ROTATE
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Table E.11: Hyperparameters for IPPO.

Task LBF CR AA CC CoR FC
Timesteps 5eb, 1e6 1leb le6 le6, 3e6  3eb le6, 3e6,
le7
Number 8, 16 8, 16 8 8, 16 8 8
envs
Epochs 7,15 15 15 15, 30 15 15
Minibatches 4, 8 4,8,16, 16 16 16 16
32
Clip-Eps  0.03, 0.05 0.03, 0.05, 0.2, 0.3 0.1, 0.2 0.1,0.2, 0.1,0.2
0.10, 0.15, 0.3
0.2, 0.3
Ent-Coef  5e-3, 5e-3, 0.01, 0.02 0.01, 0.03, 0.001, 0.01, 0.05
0.01, 0.01, 0.05 0.01, 0.05
0.03, 0.05 0.03, 0.05
LR le-4 le-4 le-4, 1le-3 le-4, 1e-3 1le-4, be-4, le-4, be-4,
le-3 le-3
Anneal LR true, true, true true, true true
false false false

and baseline methods. The teammate construction procedure results in distinct teammate
archetypes, which are summarized in Table [E.20] and detailed below. The precise set of eval-
uation teammates used for each task may be read from the axes of the XP matrices shown
in Fig.

Generally, IPPO agents execute straightforward, return-maximizing strategies. On
the other hand, since BRDiv agents are trained to maximize self-play returns with their
best response partner and to reduce cross-play returns with all other best response policies
in the population, the generated teammates display more adversarial behavior compared to
IPPO and heuristics. Coefficients on the SP and XP returns were carefully tuned to ensure
that the behavior was not too adversarial, which we operationalized as teammates whose SP
returns were high but whose XP returns were near zero. Finally, the manually programmed
heuristic agents have a large range of skills and levels of determinism. The LBF heuristics
are planning-based agents that deterministically attempt to collect the apples in a specific
order. Given a best response partner, the LBF heuristics can achieve the optimal task return
in LBF. The Overcooked heuristics execute pre-programmed roles that are agnostic to the
layout, along with some basic collision-avoidance logic. The “onion” heuristic collects onions
and places them in non-full pots. The “plate” heuristic plates soups that are ready, and
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Table E.12: Hyperparameters for the teammate generation stage of BRDiv.

Search Grid LBF CR AA CC CoR FC

Timesteps — 3.3e8 2.1e8 2.1e8 3.8e8 3.8e8 3.8e8
XP 0.001, 0.005, 0.1 0.5 0.5 0.01 0.0050.01
Coefficient  0.01, 0.05, 0.1,
0.5, 1
Population — 3,4, 2,3, 3,4 3,4 3,4 3,4
size 5,10 4,5
Num Envs — 64 64 64 128 128 128
LR le-5, be-5, le-4, 5e-5 1le-5 1le-3 le-5 le-5 5He-4
5e-4, 1le-3
Ent-Coef  0.005, 0.01, 0.0050.05 0.05 0.01 0.05 0.01
0.03, 0.05, 0.1
Clip-Eps 0.05, 0.1, 0.2, 0.2 0.3 0.05 0.01 0.1 0.05
0.3, 0.5

delivers them. The “independent” heuristic attempts to fulfill both roles by itself. All three
heuristic types have a user-specified parameter that defines the probability that the agent
places whatever it is holding on a nearby counter. The feature serves two purposes: first,
it creates a larger space of behaviors, and second, it allows the heuristics to work for the
FC task, where the agent in the left half of the kitchen must pass onions and plates to the
right, while the agent in the right half must pick up resources from the dividing counter,
cook soup, and deliver.

To quantify the diversity of II°®!, we compute the cross-play (XP) matrix among
evaluation teammates for each task, visualized in Fig.[E.14] Averaging each matrix, the mean
diagonal return (where each teammate is paired with its own best response) substantially
exceeds the mean off-diagonal return (where teammates are paired with another teammate’s
best response). The large gap between diagonal and off-diagonal returns provides evidence
that the evaluation teammates employ diverse conventions, so the normalized evaluation
return does capture robustness to conventions. Candidate teammates whose diagonal and
off-diagonal returns were similar added no diversity and were pruned, which is why the
per-source mix of evaluation teammates is uneven across tasks.

E.6.4 Evaluation Return Normalization Procedure

Normalizing evaluation returns is necessary in AHT because AHT asks whether the
ego agent is a good partner for a given teammate, relative to what is achievable with that
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Table E.13: Hyperparameters for ROTATE. Hyperparameters specific to the teammate training process are
marked by 7 (T)”.

Search Grid LBF CR AA CC CoR FC
OEL — 30 30 30 20 20 20
Iterations
Num Envs — 16 16 16 16 16 16
A1 0,1,2,3,4, 4 4 9 2 10 3
5,6,7, 8,9,
10
A2 0,1,2,3,4, 4 4 0 4 10 4
5,6,7,8,9,
10
Minibatches — 4,8 8 8 8 8 8
Timesteps — 2eb 2e6 2eb 6e6 6e6 6e6
per Iter
(Ego)
Epochs — 5,10, 10,15 10 10 10 5, 10
(Ego) 20
Ent-Coef — le-4, le-4, le-3, 1e-3, 1e-3, 1le-4,
(Ego) le-3, le-3, 0.01 0.05 0.05 le-3,
0.01, le-2 le-2
0.05
LR (Ego) — 5e-5, le-5, le-5, 3e-5, le-5, 8e-6,
le-4, 3e-9, 3e-5, 5e-5, 3e-5, le-5,
le-3 5e-5, be-5, 1le-3 oe-9, 3e-5,
le-4 le-4 le-3 oe-5,
le-4
Eps-Clip — 0.05, 0.1, 0.2 0.1, 0.3 0.1 0.1 0.1
(Ego) 0.1
Anneal LR — true, true, true, true, true, true,
(Ego) false false false false false false
Timesteps — le7 6e6 6e6 1.6e7  1.6e7  1.6e7
per Iter (T)
Epochs (T) — 20 20 20 20 20 20
Ent-Coef 0.005, 0.01, 0.01 0.01 0.05 0.05 0.01 0.05
(T) 0.03, 0.05,
0.1
LR (T) le-5, 5e-5, le-4 le-4  5e-5 le-3 le-3 le-3
le-4, 5e-4,
le-3 216
Clip-Eps 0.05, 0.1, 0.2, 0.1 0.2 0.5 0.1 0.5 0.1
(T) 0.3, 0.5
Anneal LR — true, true, false false false true,
(T) false false false




Table E.14: Hyperparameters for PPO ego agent for all teammate generation methods.

LBF CR AA CC CoR FC
Total Timesteps 6e7 6e7 6e7 1.2e8 1.2e8 1.2e8
Num Envs 8 8 8 8 8 8
LR de-5 bHe-b be-b He-b 3e-5H le-d
Epochs 10 10 10 10 10 5
Minibatches 4 8 8 8 8 8
Ent-Coef le-4 1e-3 1le-3 1le-3 1le-3 1le4
Clip-Eps 0.1 01 01 01 0.1 0.1
Anneal LR false false false false false false
Table E.15: Hyperparameters for teammate generation stage of FCP.
Search Grid LBF CR AA CC CoR FC
Timesteps — 2¢6 26 2e6 4e6 4eb6 4eb
Per Agent
Num Seeds — 23 23 23 22 22 22
Num — 5 5 5 5 5 5
Check-
points
Num Envs — 8 8 8 8 8 8
LR le-5, 5e-5, le-5 le-4 le-5 l1le-3 1le-3 5e-4
le-4, 5e-4, 1e-3
Epochs — 15 15 15 15 15 15
Minibatches — 4 16 16 16 16 16
Ent-Coef  0.005, 0.01, 0.0050.01 0.1 0.03 0.01 0.005
0.03, 0.05, 0.1
Eps-Clip 0.05,0.1,0.2, 0.5 0.2 0.2 0.05 0.3 0.2
0.3, 0.5
Anneal LR — true true true true true true
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Table E.16: Hyperparameters for the teammate generation stage of CoMeDi.

Search Grid LBF CR AA CC CoR FC
Timesteps — 3.3e7 2.1e7 2.1e7 3.8e7 3.8e7 3.8e7
Per
Iteration
Population — 10 10 10 10 10 10
Size
Num Envs — 48 48 48 48 48 48
LR le-5, be-5, le-4, 5e-4 5e-4 5e-5 l1le-3 le-3 5e-4
5e-4, le-3
Epochs — 15 15 15 15 15 15
Minibatches — 8 8 8 8 8 8
Ent-Coef 0.005, 0.01, 0.03, 0.03 0.0050.1 0.03 0.0050.01
0.05, 0.1
Eps-Clip 0.05,0.1,0.2,0.3, 0.3 0.3 0.1 0.5 0.3 0.5
0.5
Anneal LR — false false false false false false
« 0.1,0.2,0.3,04, 0.6 04 04 0.1 0.7 0.3
0.5, 0.6, 0.7, 0.8,
0.9, 1.0
B 0.1,0.2,03,04, 1.0 0.7 04 0.1 0.4 0.4
0.5, 0.6, 0.7, 0.8,
0.9, 1.0
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Table E.17: Hyperparameters for PAIRED.

Search Grid LBF CR AA CC CoR FC

Timesteps — 3.6e8 2.4e8 2.4e8 4.4e8 4.4e8 4.4e8

Num Seeds — 3 3 3 3 3 3

Num — 10 10 10 10 10 10

Check-

points

Num Envs — 16 16 16 16 16 16

LR le-5, 5Se-5, le-4 5e-4 le-5 5e-5 le-4 5e-5
le-4, 5e-4, 1e-3

Epochs — 15 15 15 15 15 15

Minibatches — 4 8 8 8 8 8

Ent-Coef 0.005, 0.01, 0.03 0.0050.05 0.01 0.0050.1
0.03, 0.05, 0.1

Eps-Clip 0.05,0.1,0.2, 0.2 0.05 0.1 0.05 0.05 0.3
0.3, 0.5

Anneal LR — false false false false false false

teammate. Because evaluation teammates vary in skill and therefore have different max-
imum team returns, unnormalized returns conflate ego agent quality with teammate skill.
Normalization is also necessary to report returns aggregated across evaluation teammates,
and is in line with best-practice recommendations for both RL (Agarwal et al., 2021) and
AHT (Wang et al., 2024b)).

Concretely, each method is evaluated by the min-max normalized team return with
each evaluation teammate. The lower return bound is set to zero since a poor teammate
could always cause a zero return in all tasks considered. Ideally, the upper return bound
for each evaluation teammate would be the return achieved with its theoretically optimal
best response partner, but this bound is computationally intractable to obtain. Instead,
initial estimates are obtained by training BR policies via RL, and each estimate is then
revised upward whenever any partner policy exceeds it, including evaluated methods. This
correction procedure yields tighter bounds than using the RL-trained best responses alone
or the compared methods alone. The resulting per-teammate upper bounds are reported in

Table [E.211

As described in Section [6.5.1], the normalized return metric is a member of the class
of BRProx metrics recommended by [Wang et al.| (2024b), with the mean as the main aggre-
gation metric. The main comparison between ROTATE and baselines is also reported with
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Table E.18: Hyperparameters for Minimax Return. Hyperparameters specific to the teammate training
process are marked by 7 (T)”.

Search Grid LBF CR AA CC CoR FC

OEL — 30 30 30 20 20 20

Iterations

Num Envs — 16 16 16 16 16 16

Timesteps — 2¢6 2e6 2e6 6e6 6e6 6Geb

Per Iter

(Ego)

Timesteps — le7 6e6 6e6 1.6e7 1.6e7 1.6e7

Per Iter (T)

LR le-5, be-5, le-3 le-4 le-5 le-5 le-4 5e-5
le-4, 5e-4, 1e-3

Epochs — 15 15 15 15 15 15

Minibatches — 4 8 8 8 8 8

Ent-Coef 0.005, 0.01, 0.03 0.1 0.05 0.0050.0050.01
0.03, 0.05, 0.1

Eps-Clip 0.05, 0.1, 0.2, 0.03 0.1 0.2 0.05 0.1 0.05
0.3, 0.5

Anneal LR — false true false false false false
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Table E.19: Hyperparameters for COLE.

Search Grid LBF CR AA CC CoR FC
Timesteps — 1.8e7 1.85e7 1.85e7 3.38e7 3.38e7 3.38e7
Per
Iteration
Population 12, 15, 18, 20 20 13 13 13 13 13
Size (LBF); 13, 15, 17

(CR, CoR)
Num Envs — 64 64 64 64 64 64
LR le-5, 5e-5, le-4, le-3 1e-3 1le-3 1le-3 1le-3 1le-3

5e-4, 1e-3
Epochs — 15 15 15 15 15 15
Minibatches — 8 8 8 8 8 8
Ent-Coef 0.1, 0.05, 0.03, 0.05 0.05 0.01 0.01 0.01 0.01

0.01, 0.005
Eps-Clip — 0.05 0.05 0.3 0.01 0.1 0.05
Anneal LR — false false false false false false
o 0.1, 0.5, 1, 1.5 1.5 0.1 0.1 0.1 0.1 0.1
CUCT 0.01, 0.1, 0.2, 0.3, 0.4 0.1 0.3 0.3 0.3 0.3

0.4, 0.5
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Table E.20: Summary of evaluation teammate types.

Type

Tasks

Description

ippo_mlp (k)

ippo-mlp (, c)

ippo_mlp_pass (k)

brdiv-confj (k)

independent_agent_p

onion_agent_p
plate_agent_p

seq-agent_x

LBF and Overcooked

LBF

Overcooked

LBF and Overcooked

Overcooked

Overcooked

Overcooked

LBF

Teammate trained by IPPO in self-play
to maximize return; k indexes the training
seed. On CC, ippo_mlp_cc agents navigate
counterclockwise around the counter.

Intermediate checkpoint of a teammate
trained by IPPO, where k indexes the
training seed and c¢ the checkpoint.

Teammate trained by IPPO with reward
shaping to pass onions across the counter
(CC); k as above.

Confederate teammate trained by BRDiv,
where j indexes the BRDiv training run
and k£ the member of its confederate pop-
ulation.

Programmed agent that cooks and deliv-
ers soups on its own. The parameter p
is the probability that the agent places a
held item on a nearby counter.

Programmed agent that places onions in
non-full pots; p as above.

Programmed agent that plates finished
soups and delivers them; p as above.

Planning agents that collect food in
a fixed order: lexicographic (lexi), re-
verse lexicographic (rlexi), column-major
(col), reverse column-major (rcol), or
nearest /farthest-first by Manhattan dis-
tance from the agent’s initial position
(nearest, farthest).
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LBF

Cramped Room

Asymm. Advantages

Teammate Bound Teammate Bound Teammate Bound
ippo_mlp (0) 100.0 ippo_mlp (0) 258.4 ippo_mlp (0) 382.5
ippo_mlp_s2c0 (2, 0) 96.4 ippo_mlp (1) 253.8 ippo_mlp (1) 369.4
brdiv-confl (0) 97.4 ippo_mlp (2) 262.2 ippo_mlp (2) 299.7
brdiv-confl (1) 100.0 brdiv-conf (0) 214.1 brdiv-conf (0) 2834
brdiv-confl (2) 89.6 brdiv-conf (1) 248.8 brdiv-conf (1) 345.3
brdiv-conf2 (0) 100.0 independent_agent 0.4  197.2 brdiv-conf (2) 333.1
brdiv-conf2 (1) 62.5 independent_agent_0 202.2 independent_agent_0  308.1
seq_agent_lexi 100.0 onion_agent_0.1 151.9 onion_agent_0 299.4
seq-agent_rlexi 100.0 plate_agent_0.1 191.2 plate_agent_0 284.7
seq-agent_col 100.0

seq-agent_rcol 100.0

seq-agent_nearest 100.0

seq_agent_farthest 100.0

Counter Circuit Coord. Ring Forced Coord.

Teammate Bound Teammate Bound Teammate Bound
ippo_mlp_cc (0) 213.1 ippo_mlp (1) 249.7 ippo_mlp (0) 220.0
ippo_mlp_cc (1) 200.9 ippo_mlp (2) 246.6 ippo_mlp (1) 214.4
ippo_mlp_cc (2) 199.4 ippo_mlp (3) 285.9 ippo_mlp (2) 225.6
ippo_mlp_pass (0) 136.6 brdiv-confl (1) 168.4 brdiv-confl (0) 131.6
ippo_mlp_pass (1) 115.9 brdiv-confl (2) 187.2 brdiv-confl (2) 184.7
ippo_mlp_pass (2) 170.0 brdiv-conf2 (0) 216.9 brdiv-conf2 (1) 143.8
independent_agent 0  153.4 independent_agent_ 0  221.6 brdiv-conf3 (0) 95.6
onion_agent_0 95.0 onion_agent_0 96.9 brdiv-conf3 (2) 183.1
plate_agent_0 90.0 plate_agent_0 141.2 independent_agent_0.6 81.2
onion_agent_0.9 91.9

plate_agent_0.9 105.6

Table E.21: Per-teammate upper bounds used for min-max normalization of evaluation returns (the lower
bound is always 0). Each bound is obtained from the RIL-trained best-response return estimate, revised
upward whenever any evaluated policy exceeded it. Units are percent of food eaten for LBF and the
unshaped base return for the Overcooked tasks.
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IQM and median as aggregation functions (Fig. [E.1)).
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Figure E.12: Learning curves of ROTATE and all variations of ROTATE considered in this chapter.
Normalized mean returns and stratified bootstrapped 95% confidence intervals over 3 trials on II®¥2 are
shown.
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Figure E.13: CoMeDi-style mixed-play objective for teammate generation, in the context of open-ended
AHT.
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Figure E.14: Cross-play matrices among the evaluation teammates and their best responses, per task,

unnormalized return units. Each diagonal entry is the raw empirical return of the teammate paired with its
own RIL-trained best response; the diagonal/off-diagonal gap evidences the diversity of the evaluation set.
The per-teammate upper bounds used for return normalization are reported separately in Table
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Appendix F: Additional Details on JaxAHT

This appendix provides supporting material for Chapter 7] on JaxAHT. Section
provides supplemental results on the quality and diversity of the evaluation teammates,
supporting Section [7.3.2], including the best-response training protocol, cross-play matrices,
and the behavioral diversity visualization procedure. Section provides the details of the
benchmark study of Section[7.3.3] including descriptions of the benchmarked algorithms, the
hyperparameter sweep, the benchmark procedure, and supplemental figures. Section de-
scribes the heuristic evaluation teammates introduced in Section [.2.3l Section [F.4] describes
the collection of the LBF human gameplay dataset introduced in Section [7.2.3] Finally,
Section acknowledges the open-source software, datasets, and model weights used by
JaxAHT. Descriptions of the LBF, Overcooked, and Hanabi tasks themselves are provided
in Appendix [A]

The library is open-sourced at https://github.com/LARG/jax-aht, while the datasets
of evaluation teammates, best responses, and LBF human gameplay data are released at
https://huggingface.co/jaxaht/datasets.

F.1 Supplemental Results on Evaluation Teammate Quality and
Diversity
This section supports the teammate quality and diversity results of Section|7.3.2, Sec-
tion describes how best-response policies and upper bounds on returns are estimated,

and presents the cross-play matrices for all tasks. Section describes the procedure used
to visualize behavioral diversity, and presents results on LBF.

F.1.1 Best-Response Policies and Upper Bound Estimation

To assess behavioral diversity among the evaluation teammates, a cross-play (XP)
matrix is constructed between each teammate and a corresponding best-response (BR) policy,
as summarized in Section [7.3.2]

Training protocol. BR policies are trained using the ppo_br implementation, fixing one
teammate policy per run and optimizing an ego policy against that teammate alone. Each
BR run uses a budget of 10M timesteps.

The PPO-BR ego policies use a recurrent S5 actor—critic architecture (Lu et al., [2023)).
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Observations are encoded through dense layers and passed to an S5 sequence model with
model dimension 128 and SSM state size 128. Separate MLP heads (three hidden layers
of 1024 units each) produce a masked categorical action distribution and a scalar value
estimate, respectively.

Cross-play matrix construction. Every evaluation teammate is evaluated against every
BR policy, yielding an N x N XP matrix per task, where rows index evaluation teammates
and columns index BR policies. Normalized episode return is reported based on estimated
BR return bounds. XP matrices for LBF, Hanabi, and Overcooked are shown in Figures|[F.1]
and Diagonal entries are generally stronger than off-diagonal entries, indicating
that most evaluation teammates require distinct response policies. Some off-diagonal blocks
remain, suggesting partial overlap in teammate behavior or transferability across BR policies,
especially within agent types (e.g., PPO).

LBF 7x7 No Levels LBF 12x12

o mnﬂ -
.
n [ [ - | | nﬂﬂﬂ

ComeD (-1,2)

10

Come (-1, 4)

rety
Held-out teammates
Mean return

00

o0 Wumin= 035 036 037 o 050 [om | on o5 ey o |
o O o e e
J Qy ‘fo’ o’ & c‘f &S
A
e A

Best-response policy Best-response policy

(a) LBF 7x7. (b) LBF 12x12.

Figure F.1: LBF cross-play matrices using normalized return. Rows are evaluation teammates and
columns are best-response policies.

Upper bound estimation. The XP matrix is also used to refine the empirical upper
bounds for normalization. For each evaluation teammate, the upper bound is updated if any
XP score exceeds the previously recorded value. These bounds remain empirical, as they
depend on the particular set of BR policies evaluated. The resulting upper bound estimates
are shown in Figure and correspond to the blue bars in Figure [F.7]
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(a) Hanabi. (b) Mini Hanabi.

Figure F.2: Hanabi cross-play matrices using normalized return. Rows are evaluation teammates
and columns are best-response policies.
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Figure F.3: Overcooked cross-play matrices using normalized return. Rows are evaluation team-
mates and columns are best-response policies. Diagonal entries reflect matched best-response performance;
off-diagonal structure indicates the degree of transferability across teammate types.
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F.1.2 Behavioral Diversity Visualization Details

This section describes the procedure used to produce the behavioral diversity vi-
sualizations of Section [7.3.2l To visualize behavioral diversity, a classifier is trained on
joint interaction data (observations and actions from both the ego agent and the evalua-
tion teammate) to predict the identity of the teammate-best-response pair. The learned
latent representations from this classifier are then projected into two dimensions using t-
SNE (van der Maaten and Hinton| 2008). Each point in Figure corresponds to a single
episode trajectory, colored by teammate identity; the embeddings are generated by running

each evaluation teammate with its own best-response partner.

The classifier is an LSTM encoder that outputs the latent representation of a trajec-
tory, followed by a linear dense layer that maps the latent representation to the predicted
teammate—best-response pair. In order to train the classifier, a fixed number of trajectories
is collected from every pair of evaluation teammates and best-responses to evaluation team-
mates to ensure that the classifier sees a fixed amount of data per pair. For the training
data, 1024 trajectories per pair were collected for the LBF (7x7, no levels) environment, and
48 trajectories per pair were collected for the Overcooked Coordination Ring environment.
For the testing data, 100 trajectories per pair were collected for the LBF (7x7, no levels)
environment, and 20 trajectories per pair were collected for the Overcooked Coordination
Ring environment.

LBF (7X7) A brdivl-0
brdivl-1
60 4 brdivl-2
A brdiv2-0
brdiv2-1
m comedi_1 0
40 comedi_1_1
= comedi_1_2
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t-SNE 1

Figure F.4: Representations of behavior trajectories for RL and heuristic teammates on LBF 7x7.

F.2 Benchmark Study Details

This section describes the benchmark study of Section in further detail, and
presents supplemental results. Section summarizes the benchmarked algorithms, Sec-
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tion describes the hyperparameter sweep, Section describes the benchmark pro-
cedure, and Section presents supplemental figures.

For the purposes of the benchmark, tasks are categorized as “easy” and “hard” based
on the general number of timesteps required for MARL algorithms to converge. The LBF
tasks, Cramped Room, and Mini Hanabi are categorized as easy, while Coordination Ring
is categorized as hard.

F.2.1 Algorithms Overview

This section summarizes the learning-based AHT algorithms evaluated in the bench-
mark of Section [7.3.3] expanding on the brief descriptions of Section [7.2.1 The methods
fall into three broad categories. First, standard ego-agent baselines train a single ego policy
against either a fixed teammate distribution or an implicit partner model. Second, two-stage
teammate generation methods first construct a population of training teammates and then
train an ego agent against this fixed population. Third, unified methods simultaneously
train teammates and ego agents.

PPO ego. The PPO ego baseline trains an ego policy using Proximal Policy Optimization
(PPO) (Schulman et al., [2017)). In this setting, the ego agent is trained directly against the
available training teammate distribution for each task. This baseline provides a simple refer-
ence point for evaluating whether more specialized AHT and teammate-generation methods
improve robustness to evaluation partners.

MeLIBA. MeLIBA is a meta-learning approach for interactive Bayesian reinforcement
learning (Zintgraf et all| [2021). It is designed to support adaptation by learning repre-
sentations that allow an agent to infer task- or partner-specific information from interaction
history. In the AHT setting, MeLLIBA serves as a learned adaptation baseline that conditions
behavior on observed experience with the current teammate.

LIAM. LIAM learns latent representations for agent modeling under partial observabil-
ity (Papoudakis et al., [2021a)). The method uses interaction trajectories to infer hidden in-
formation about other agents and conditions the ego policy on this inferred representation.
In the benchmark, LIAM represents a partner-modeling baseline for adapting to unfamiliar
teammates through learned latent inference.
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Fictitious Co-Play (FCP). Fictitious Co-Play (FCP) is a two-stage AHT method de-
signed to improve robustness to independently trained partners (Strouse et al., 2021)). In the
first stage, a population of teammate policies is generated by running independent cooper-
ative MARL training, typically with different random seeds and checkpoints. In the second
stage, the ego agent is trained against this fixed teammate population. FCP can generalize
well to teammates that resemble independently trained agents, but its coverage is limited
by the behavioral diversity of the generated teammate pool.

BRDiv. Best-Response Diversity (BRDiv) is a two-stage teammate-generation method
that constructs a population of confederate teammate policies together with correspond-
ing best-response policies (Rahman et al) 2023b). BRDiv maintains a cross-play matrix
between generated teammates and their best responses. The objective encourages high
matched teammate-best-response performance and low mismatched cross-play performance.
This objective encourages the generated teammates to require distinct best-response strate-
gies. After the teammate population is generated, an ego agent is trained against the fixed
confederate population.

LBRDiv. LBRDiv extends the BRDiv framework by seeking a compact teammate set
that provides sufficient behavioral coverage for robust AHT training (Rahman et al., [2024)).
Rather than simply increasing the number of generated teammates, LBRDiv focuses on
identifying a minimum coverage set of teammates. This focus makes it a useful comparison
for evaluating whether a smaller but more strategically selected teammate population can
provide similar or better generalization than larger generated populations.

CoMeDi. CoMeDi is a two-stage teammate-generation method designed to generate di-
verse conventions while avoiding the self-sabotage that can arise from purely adversarial
diversity objectives (Sarkar et al., [2023)). It trains teammate policies sequentially. For each
new teammate, the objective encourages strong self-play performance, low compatibility with
previously generated teammates, and high mixed-play performance. The mixed-play term
exposes the new teammate to states that arise when conventions are partially mismatched,
encouraging it to remain cooperative outside its own self-play trajectory distribution. After
the teammate population is generated, an ego agent is trained against the fixed population.

TrajeDi. Trajectory Diversity (TrajeDi) is a population-based diversity method originally
proposed for zero-shot coordination (Lupu et al. 2021)). TrajeDi trains a population of
policies while regularizing them to induce diverse trajectory distributions. Because the
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diversity objective is defined at the trajectory level, it can capture behavioral differences
that may not be visible from action distributions alone. In the benchmark, TrajeDi serves as
an information-theoretic unified baseline that emphasizes broad behavioral coverage rather
than explicit best-response diversity.

COLE. Cooperative Open-Ended Learning (COLE) is a unified framework for zero-shot
coordination that addresses cooperative incompatibility within a population of strategies (Li
et al.,|2023). Rather than only maximizing behavioral diversity, COLE evaluates cooperative
relationships among policies using graph-theoretic notions of compatibility. At each gener-
ation, the method identifies weaknesses in the current population and adds a new strategy
that improves the population’s ability to coordinate with different partners. In this sense,
COLE is related to open-ended teammate generation, but its central focus is maintaining
cooperative compatibility across the policy population rather than only increasing diversity.

F.2.2 Hyperparameter Sweep

This section reports additional details of the hyperparameter sweep procedure not
already stated in Section [7.3.3]

Procedure. Weights & Biases hyperparameter sweeps were used. The network architec-
ture was fixed for all methods. The sweeps varied the learning rate, entropy coefficient,
and any algorithm-specific hyperparameters, with remaining hyperparameters set to good
baseline values provided by the original papers. For each algorithm and task, 140 hyperpa-
rameter configurations were swept using random search, with the exception of FCP, which
was tuned via grid search over all 90 available configurations, and CoR, for which a Bayes
sweep was performed. From the top-performing runs, the configuration that achieved the
highest performance on an independent validation set of teammates was manually selected,
in which performance was measured over a validation set that consisted of IPPO, LBRDiv,
BRDiv, and CoMeDi teammates.

Ego agent methods (PPO, LIAM, MeLIBA) were trained for 7M timesteps on easy
tasks and 15M timesteps on harder tasks, and were provided FCP partners as teammates.
Teammate generation methods were allocated 100M timesteps for easy tasks and 200M
timesteps for harder tasks. Population sizes were varied such that the largest population
size exhausted the full budget. Ego agents were subsequently trained on the fixed generated
teammates for 30M steps (easy) and 60M steps (hard), using the same architecture and
hyperparameters across methods. Unified methods—which simultaneously train teammates
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and ego agents—were allocated 130M timesteps on easy tasks and 260M timesteps on harder
tasks.

Hyperparameter return distributions. To visualize the effects of hyperparameter vari-
ation, the distribution of final normalized returns is plotted for each algorithm-task com-
bination. Figure presents the distributions for ego agent methods on Cramped Room,

complementing Figure [7.5] of the main text, and Figure presents the distributions for all
method types on LBF 12x12.
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Figure F.5: Hyperparameter sweep return distributions for ego methods on Cramped Room.
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Figure F.6: Hyperparameter sweep return distributions on LBF 12x12.
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F.2.3 Benchmark Procedure

This section describes the detailed benchmarking procedure of Section [7.3.3] Due
to the large number of compared algorithms, tasks, and hyperparameters, the hyperparam-
eter configurations are not directly included in this dissertation. The interested reader is
referred to the open-sourced codebase’s benchmark expts branch to view hyperparameter
configurations and reproduce experiments.

The benchmark study uses a 50% larger timestep budget than the hyperparameter
sweep to better allow each method to converge. Tasks are categorized as easy (LBF, Cramped
Room, Mini Hanabi) or hard (Coordination Ring) based on the number of timesteps typically
required for MARL algorithms to converge.

Ego agents are trained for 30M timesteps on easy tasks and 60M timesteps on harder
tasks, against the training teammates provided by the best-performing teammate generation
or unified method. All ego agents share the same recurrent S5 agent architecture (Lu et al.,
2023).

Teammate generation is allocated 165M timesteps for easy tasks and 330M timesteps
for harder tasks, with population sizes varied to exhaust the budget. Ego agents are then
trained on the fixed generated populations for 30M steps (easy) and 60M steps (hard), for
a total of 195M and 390M timesteps respectively. All teammate generation algorithms are
compared by training a PPO ego agent on the generated population. For fair comparison, the
PPO ego agents all use identical architectures and learning configurations. Unified methods
are allocated 195M total timesteps on easy tasks and 390M on harder tasks.

F.2.4 Supplemental Figures

This section provides the supplemental figures referenced in Sections [7.3.3] and [7.3.4]
Figure displays the improvement in BR return bounds attained by AHT agents, as
described in Section [7.3.4, Figure displays the returns of teammate generation and
unified methods, broken down by RL agent type, as referenced in Section [7.3.3] Figure
presents key training and loss statistics for all algorithms in the JaxAHT library, on the LBF
12x12 domain.
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Figure F.7: BR Return Bounds Gap. AHT agents can sometimes improve the empirical BR estimates
derived by RL.
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Figure F.9: Training statistics for all methods on LBF 12x12.
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F.3 Evaluation Teammate Descriptions

This section describes the heuristic evaluation teammates summarized in Section[7.2.3]
A key contribution of JaxAHT is a comprehensive suite of heuristic teammates spanning all
three environments. The Hanabi heuristic suite consists of eight rule-based agents drawn
from two sources: seven agents from the Walton-Rivers et al.| (2017) rule-based suite, and
SmartBot, the strongest teammate in the suite (O’Dwyer}, [2019). To my knowledge, JaxAHT
provides the first JAX implementation of these rule-based agents. The LBF heuristic team-
mate suite consists of three agent types spanning 12 strategies. The Overcooked-v1 heuris-
tic teammates comprise three role-based agents, including role specialists such as Onion
and Plate. Table summarizes the human-designed heuristic teammates used across the
benchmark environments.

F.4 LBF Human Data Collection

This section describes the collection of the LBF human gameplay dataset introduced
in Section [7.2.3] To create human-data based agents for LBF, a dataset of human gameplay
against various agents was collected and is provided with JaxAHT. The data collection study
was reviewed and approved by the University of Texas at Austin Institutional Review Board
(Study #00008549). All participants provided informed consent before gameplay and were
informed that participation was voluntary.

Section describes the data collection procedure, Section describes the game
variants, and Section describes participant recruitment and filtering.

F.4.1 Procedure

Participants first encounter an instructional interface that explains the rules and
mechanics of the online LBF game. These instructions are presented through a popup
prior to gameplay to ensure that all participants understand the objectives, controls, and
cooperative aspects of the environment. Each participant then plays a sequence of ten games
in a two-player setting consisting of one human participant and an automated LBF bot
uniformly sampled from a set of bots. Every game lasts for a maximum of 50 steps, in which
a step corresponds to a single action input from the human player. To assist participants in
pacing their gameplay, the interface displays the number of steps completed out of the total
50 allowed in the current game.

The first two games serve as warm-up rounds intended to familiarize participants with
the gameplay dynamics and interface. These warm-up games are selected randomly from the
set of possible game configurations, and data from these rounds are not included in the final
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Env

Agent

Behavior

Hanabi

Cautious
IGGI
Piers

Internal (Osaway, [2015))

Outer (Osaway, 2015)

Van Den Bergh (van den Bergh et al.| [2017))

Flawed

SmartBot (O’Dwyer} [2019)

Derived from human gameplay; avoids plays
that can lose lives.

Extends Cautious with conservative play and
predictable discards.

Risk-taking extension of IGGI, including hail
mary plays when the deck is empty.

Tracks hints received about its own hand,
without maintaining the full history of hints
given to its partner.

Tracks hints about its own hand and hints
given to its partner, using the latter to avoid
redundant tells.

Rule-based agent whose rule ordering was
found by a genetic algorithm.

Uses generally informed play but lacks non-
random tell rules and includes a risky play
rule.

Convention-based agent that tracks per-card
knowledge from accumulated hint history,
and prioritizes safe plays. The strongest
heuristic teammate in the suite.

LBF

Sequential

Greedy

Entitled

Plans a food order before the episode using
lexicographic, reverse_lexicographic,
column major, reverse_column major,
nearest_agent, or farthest_agent.

Selects the next uneaten food online us-
ing closest_self, closest_teammate,
closest_avg, lowest_level, or
highest_level.

Chooses a pair of adjacent squares for each
food and waits until the teammate occupies
one of them before approaching the other
square and loading.

Overcooked-v1l

Onion

Plate

Independent

Collects onions and places them in pots, with
a configurable probability of staging onions
on counters.

Gets plates, plates ready soup, and deliv-
ers dishes, with a configurable probability of
staging plates on counters.

Executes the full onion—plate-deliver
pipeline, with configurable probabilities of
staging onions or plates on counters.

Table F.1:

Heuristic teammate suite.

The hand-designed teammates span convention-based Hanabi

policies, LBF food-targeting strategies, and Overcooked-v1 role-specialist policies; the listed behaviors define
the coordination demands used in held-out evaluation.
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dataset. Their sole purpose is to allow participants to gain experience with the mechanics of
Level-Based Foraging before the experimental data collection begins. Following the warm-up
phase, participants complete eight additional games from which data are collected.

F.4.2 Variants

The experiment includes four distinct game configurations, the cross product of grid
sizes (7x7 and 12x12) and whether or not fruits have different levels. All variants had
teammates comprising all applicable heuristic agents (sequential, greedy, entitled) and one
agent trained via IPPO (de Witt et al., [2020)).

F.4.3 Participant Recruitment and Filtering

This study was conducted on Prolific with 180 different participants, each providing
8 episodes, for a total of 1440 episodes across all variants. Participants were compensated
via the Prolific platform for between 8-9 USD per hour.

Participants deemed not to be playing in good faith were filtered out if any of the
following three criteria held: (1) >35% of actions were unsuccessful, (2) >15% of actions
were idle (wait), (3) scored zero in 5 or more of their 8 games. This filtering left 1299 episodes
in the dataset. The user study dashboard is released with the codebase, and is shown in

Figure [F.10]
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How to play Level-Based Foraging

Warmup 10f2 (WARMUE Level-Based Foraging (LEF) is a cooperative game where you work together with an Al
) . partner to collect food items on a grid.
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(a) Prolific Study Gameplay. (b) Prolific Study Instructions.

Figure F.10: Prolific study interface.

F.5 Attributions

This section acknowledges the open-source software, datasets, and model weights used
by JaxAHT (Section [7.2).

e JaxMARL (Rutherford et al., [2024b): The IPPO implementations build on the Jax-
MARL codebase. JaxAHT also uses the Overcooked and Hanabi environments pro-
vided by this library. Apache 2.0 License.

e Jumanji (Bonnet et al) 2023): JaxAHT uses the Level-Based Foraging (LBF) envi-
ronment from this library. (Apache 2.0 License.)

e AH2AC?2 (Dizdarevic et al., [2025): JaxAHT uses the publicly released human game-
play data. (Apache 2.0 License.)

e Overcooked human data (Carroll et al., 2019): JaxAHT uses the human gameplay
data open-sourced alongside the original Overcooked benchmark. (MIT License.)

e Off-Belief Learning (OBL) policy weights (Hu et al) [2021): JaxAHT uses the
pretrained OBL policy weights released under a CC BY 4.0 License, together with
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a third-party Flax port providing OBL at all five belief levels, available at https:
//huggingface.co/mttga/obl-r2d2-flax.
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