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Abstract

This thesis studies the problem of ad hoc teamwork, where autonomous agents are de-
ployed in unknown scenarios in which they join a team, without any pre-coordination
or pre-communication. Specifically, it explores the problem of ad hoc teamwork in
realistic environment, where states may be partially observable, teammates” actions
unobservable, and teams composed of humans and robots.

This thesis asks the main research question:

How can an autonomous agent assist unknown teammates in performing tasks under
realistic conditions, without the ability to pre-coordinate or pre-communicate with the
team?

From this question, this thesis identifies and studies four sub-problems:

How can an agent assist teammates in performing a task it doesn’t know,
without having to learn from scratch how to collaborate with them and how to
perform the task itself?

How can an agent assist its teammates in performing a task it doesn’t know,
without being able to observe their actions or having a full perception of the
state of the environment?

How can an agent assist its teammates performing a task it doesn’t know in
arbitrarily large and partially observable environments?

How can an agent assist robots and /or human teammates in real environments?

The key contributions of this thesis, resulting from the study of the aforementioned
problems, are respectively,

TEAMSTER, a model-based reinforcement learning algorithm which allows
continuous adaptation to new teams and tasks in the context of ad hoc team-
work.

The BOPA and ATPO algorithms, which use Bayesian inference to identify
teammates, do not require explicit knowledge of their actions or the complete
state of the environment.

The ATLPO algorithm, which generalizes prior ideas to arbitrarily large partially
observable environments, using deep learning techniques.

The HOTSPOT architecture, which allows the deployment of ad hoc agents in
robots operating in real environments with hybrid teams composed of robots
and humans.

Keywords: Ad Hoc Teamwork; Multi-Agent Systems; Reinforcement Learning; Par-
tially Observability; Deep Learning
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Resumo

Esta tese estuda o problema de trabalho em equipas ad hoc, onde agentes auténomos
sdo colocados em cendrios desconhecidos nos quais deverdo formar uma equipa sem
qualquer pré-coordenagdo ou pré-comunicacado. Especificamente, explora o problema
de trabalho em equipas ad hoc em ambientes realistas, onde os ambientes podem
ser parcialmente observaveis, as acdes dos colegas ndo-observaveis, e as equipas
compostas por humanos e robos.

Coloca como pergunta de investigagado central:

Como pode um agente auténomo ajudar colegas de equipa desconhecidos a executar tarefas
em condicdes realistas, sem a capacidade de se pré-coordenar ou pré-comunicar com a
equipa?

A partir desta questdo, coloca quatro sub-problemas:

¢ Como pode um agente auxiliar colegas de equipa a desempenhar uma tarefa que
desconhece, sem ter de aprender de raiz a colaborar os mesmos e a desempenhar
a tarefa em si?

¢ Como pode um agente auxiliar colegas de equipa a desempenhar uma tarefa
que desconhece, ndo conseguindo observar as agdes dos mesmos nem tendo
percegdo completa do estado do ambiente?

¢ Como pode um agente auxiliar colegas de equipa a desempenhar uma tarefa
que desconhece em ambientes arbitrariamente grandes?

¢ Como pode um agente auxiliar colegas de equipa, robds e/ou humanos, em
ambientes reais?

Do estudo dos problemas acima, sdo as contribui¢des desta tese:

¢ O algoritmo de aprendizagem por reforco “model-based” TEAMSTER, que
permite a adaptagdo continua a novas equipas e novas tarefas.

* Os algoritmos BOPA e ATPO, que utilizam inferéncia Bayesiana para identificar
os colegas de equipa, ndo requerendo conhecimento explicito das suas a¢des ou
do estado completo do ambiente.

¢ O algoritmo ATLPO, que generaliza as ideias desenvolvidas anteriormente,
para ambientes parcialmente observdaveis arbitrariamente grandes, utilizando
técnicas de aprendizagem profunda.

¢ A arquitetura HOTSPOT, que permite a implementac¢do de agentes ad hoc em
robds que operam em ambientes reais com equipas hibridas compostas por
outros robds e humanos.

Palavras-Chave: Trabalho de Equipa Ad Hoc; Sistemas Multi-Agente; Aprendizagem
Por Reforgo; Observabilidade Parcial; Aprendizagem Profunda
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Chapter 1

Introduction

The development of autonomous agents- algorithms capable of autonomous decision-
making without prompting for human control — has always been one of the core
goals of Arti cial Intelligence (Al) [Russell, 2010]. Over the past two decades, new
approaches enabled Al agents to not only learn a multitude of complex tasks, but also
to outperform humans in some of them [Mnih et al., 2015]. However, when presented
with a task on-the-y, these approaches lack one of the core qualities of human
intelligence — the ability to adapt only using prior experiences without having to
learn everything from zero. Furthermore, in tasks where other teammates might be
already operating, pre-coordinating or pre-communicating with them might not be
possible. This very research question —how can autonomous agents assist unknown
teammates in performing unknown tasks on-the- y, without any pre-coordination or pre-
communication— sparked an entirely new area of research — the problem of ad hoc
teamwork Introduced by Stone et al. [2010b], the authors motivate the problem of
ad hodeamwork with an analogy of being in a foreign country where we do not
speak the local language and nding a group of people assisting a fallen cyclist, with
multiple tasks needed to be performed. In such scenario, one would also have to
identify who is already doing what, without being able to communicate with them
(gure 1.1).

The key characteristic of ad hodeamwork, and what distinguishes it from tradi-
tional problems such as multi-agent reinforcement learning, is that agents are not
evaluated according to how well they perform tasks after explicitly pre-training for
them. They are instead evaluated according to how well they perform tasks on-
the-y, after being placed in a multi-agent environment with pre-established teams,
implying they have to make use of their prior experiences, e.g. by identifying tasks
or teammates they explicitly pre-trained for in the past, and use this knowledge
on-the-y.

With the price nowadays for robotic technology going down and the capabilities
bestowed upon such devices by Al research increasing, autonomous robots will also
become ordinary devices found at homes, public institutions, healthcare institutions,
and others. In order for this vision to become a reality, Al-equipped devices, particu-
larly robots, must be able not only to co-exist with one another but also cooperate
with humans. In such scenarios, robots should be able to seamlessly integrate existing
teams, which is the fundamental challenge of ad hodeamwork.

Even though the setting of ad hodeamwork has greatly fallen under the attention
of the multi-agent systems community the limitation with most approaches is that
they consider relatively strong assumptions, unrealistic for real-world scenarios in
which robots operate with other humans, such as full observability of the environment
and real-time access to the actions their teammates are performing.

Given that the assumptions made by current work prevent the approaches from
being directly applied to real-world scenarios comprised of both robots and human
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FIGURE 1.1: A depiction of the ad hodeamwork fallen cyclist example introduced by Stone
et al. [2010b]. "Imagine that you are in a foreign country where you do not speak the language,
walking alone through a park. You see somebody fall off of his bicycle and injure himself badly; there
are a few other people in the area, and all of you rush to help the victim. There are several things that
need to be done. Somebody should call an ambulance, someone should check that the victim is still
breathing, and someone should try to nd a nearby doctor or policeman. However, none of you know
one another, and thus you do not know who has a mobile phone, who is trained in rst aid, who can
run fast, and so forth. Furthermore, not all of you speak the same language. Nonetheless, it is essential
that you quickly coordinate towards your common goal of maximising the victim's chances of timely
treatment and survival. This scenario is an example of what we call an ad hoc team setting." [Stone
et al., 2010h]Image adapted from https://www.theglobeandmail.com

teammates, this thesis lls the gap in the literature by explicitly dropping these
assumptions, namely: (i) the ad hocagent is unable to perfectly observe the environ-
ment, being limited by a set of sensors, (ii) the ad hoagent is unable to observe the
actions of the team and (iii) teams may not only contain legacy robots but also human
teammates.

1.1 Research Problem

This thesis addresses the following research question:

How can an autonomous agent assist unknown teammates in performing unknown tasks
under more realistic conditions, without being able to pre-coordinate or pre-commurjicate
with the existing team?

We break down this research question into four sub-problems:

« How can an autonomous agent more ef ciently assist new teammates and tasks
on-the- y, without having to learn how to interact with them from zero?

« How can an autonomous agent assist unknown teammates in performing
unknown tasks without being able to observe their actions, the full state of the
environment or both?
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« How can an autonomous agent assist unknown teammates in performing
unknown tasks in arbitrarily large, partially observable domains?

* How can an autonomous agent assist unknown mixed human-robot teams in
performing unknown tasks in real-world scenarios?

1.1.1 How can an autonomous agent more ef ciently assist new teammates
and tasks on-the- y, without having to learn how to interact with
them from zero?

Unlike in traditional settings such as reinforcement learning, which evaluates how
well an agent is able to perform a task after being given time to learn it via trial-
and-error, the setting of ad hodeamwork evaluates an agent according to how well
it is able perform a task on-the- y after being deployed into an unknown team.
Reinforcement learning approaches are often employed within the setting of ad hoc
teamwork. For instance, a common approach, introduced by Barrett et al. [2017] is to
set up a library of pre-trained policies, i.e., mappings between states/observations
and actions to execute, each trained in a purely reinforcement learning setting, and
identifying on-the- y which one should be used to act upon an unknown scenario,
depending on the teammate identi ed. However, if the teammates or task they are
performing have never been encountered before, a completely new reinforcement
learning policy has to be learned from scratch, not only having a potential catastrophic
impact on the team's performance, but also rendering ad hodeamwork as a task of
pure reinforcement learning.

To mitigate this issue, we start by addressing in chapter 4 our rst research sub-
problem — How can an autonomous agent more ef ciently assist new teammates and tasks
on-the- y, without having to learn how to interact with them from zerd@ more ef ciently
adapt to never before seen teammates and tasks, we introduce a novel model-based
approach for ad hodeamwork which exploits common knowledge by continuously
learning an updating a world model. We show that our approach TEAMSTER,
jointly published at the Arti cial Intelligence Journal [Ribeiro et al., 2023b] and in
the Proceedings of the 38th AAAI Conference on Arti cial Intelligence [Ribeiro et al.,
2024b], can more ef ciently adapt to teammates and tasks on-the- y, when these
teammates and tasks have never before been encountered.

1.1.2 How can an autonomous agent assist unknown teammates in per-
forming unknown tasks without being able to observe their actions,
the full state of the environment or both?

While in computer simulated scenarios ad hocagents may have access to information
such as the states of the environment and the actions other teammates are executing
in each time step, in real-world such pieces of information are seldom available. In
real-world scenarios, agents, usually robots, are able to collect observations through
a set of usually imperfect sensors. Furthermore, other agents, whether robotic or
human, may not broadcast in real-time what actions they are performing or have
just performed. Literature in ad hodeamwork, however, often assumes these two
pieces of information — (i) the state of the environment and (ii) the actions of the
teammates — to be freely available to the ad hoagent in every time step. In chapter 5,
we drop these assumptions and address our second research sub-problem —How
can an autonomous agent assist unknown teammates in performing unknown tasks without
being able to observe their actions, the full state of the environment or WéthiPesent two
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novel approaches that rely on online Bayesian inference to identify the most likely
teammates and tasks from a given set. The rst approach, named BOPA, published at
the Proceedings of the 20th EPIA Conference on Arti cial Intelligence [Ribeiro et al.,
2021] and winner of the conference's Best Paper Award, drops the assumption that
the actions of the teammates are available to thead hocagent and identi es the most
likely teammates and task being performed relying instead on the transitions of the
environment. Given that BOPA still assumes the environment to be fully observable,
we then present a second approach, named ATPO, published at the Proceedings of the
26th European Conference on Arti cial Intelligence [Ribeiro et al., 2023a], that drops
this assumption and identi es the most likely teammates and tasks being performed,
relying only on partial observations.

1.1.3 How can an autonomous agent assist unknown teammates in per-
forming unknown tasks in arbitrarily large, partially observable
domains?

Another common characteristic of more realistic scenarios is the complexity of their
observation spaces. Agents are often provided raw input such as images from a
camera feed, or audio from a microphone, which require some degree of feature
engineering to extract a feature vector best describing each observation. In other
elds such as reinforcement learning, a common way to deal with such challenges is
to employ function-approximation techniques such as the ones from the eld of Deep
Learning [LeCun et al., 2015]. These techniques, famous for their automatic ability to
extract reliable feature representations, also known as latent feature vectors, provide
a solution for this problem of high-dimensional observation spaces. In chapter 6,
we expand upon ATPO, addressing our third research sub-problem — How can an
autonomous agent assist unknown teammates in performing unknown tasks in arbitrarily
large, partially observable domaing® present a novel approach for ad hodeamwork
under partial observability capable of identifying the most likely teammates and
tasks being performed, relying this time on complex high-dimension observations.

1.1.4 How can an autonomous agent assist unknown mixed human-robot
teams in performing unknown tasks in real-world scenarios?

Simulated environments, where most ad hocagent approaches are evaluated in, even
though they provide a reliable way to empirically evaluate agents, often lack a lot

of the subtleties from real-world environments, such as having other humans as
teammates. Humans are unpredictable, and modelling their behaviour in simulated
environments may not always be straightforward. To mitigate this issue, we address

in chapter 7 our fourth and nal research sub-problem — How can an autonomous
agent assist unknown mixed human-robot teams in performing unknown tasks in real-
world scenarios?This seminal work showcases how results achieved in simulated
environments may be effectively replicated in real-world ones. This contribution
[Ribeiro et al., 2024a] is published at the Public Library of open Science (PLoS ONE)
Journal.

1.2 Contributions

To summarise, this thesis contributes to the literature in ad hodeamwork by proposing
and evaluating:
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TEAMSTER (chapter 4), a model-based reinforcement learning approach for
ad hoadeamwork which allows an ad hocagent to continuously adapt to new
teammates and tasks by ef ciently reusing environmental knowledge. This
contribution is jointly published at the Arti cial Intelligence Journal [Ribeiro

et al., 2023b] and in the Proceedings of the 38th AAAI Conference on Arti cial
Intelligence [Ribeiro et al., 2024b].

BOPA and ATPO (chapter 5), two Bayesian online approaches for ad hodeam-
work capable of identifying and assisting unknown teammates in performing
unknown tasks without needing to observe their actions. BOPA, published at
the Proceedings of the 20th EPIA Conference on Arti cial Intelligence [Ribeiro
et al., 2021] and winner of the conference's Best Paper Award, performs this
inference by relying on the state of the environment and ATPO, published at the
Proceedings of the 26th European Conference on Arti cial Intelligence [Ribeiro
et al., 2023a], expands upon BOPA by relying on partial observations instead.

ATLPO (chapter 6), an approach capable of identifying and assisting unknown
teammates in performing unknown tasks in arbitrarily large partially observable
domains without needing to observe their actions. Relying on state-of-the-art
deep learning techniques to identify both the teammates and the tasks being
performed, ATLPO relies on a library of state-of-the-art reinforcement learning
policies to assist the team.

The HOTSPOT framework (chapter 7), an ad hodeamwork platform for mixed
human-robot teams that enables the deployment of ad hocapproaches into
real-world scenarios. This contribution is published at the Public Library of
open Science (PLoS ONE) Journal [Ribeiro et al., 2024a].

1.3 Outline

The remainder of this thesis is organised as it follows:

Chapter 2 lays the notation used throughout the remainder of this thesis and
provides an in-depth discussion of the background concepts required for the
understanding of the posterior chapters.

Chapter 3 discusses the present literature in ad hodeamwork and its closely re-
lated areas, while framing this thesis and its contributions within the landscape.

Chapter 4 presents and discusses TEAMSTER, a novel approach forad hoc
teamwork which addresses our rst research sub-problem.

Chapter 5 presents and discusses BOPA and ATPO, two novel approaches for
ad hoadeamwork which addresses our second research sub-problem.

Chapter 6 presents and discusses ATLPO, a novel approach forad hodeamwork
which addresses our third research sub-problem.

Chapter 7 presents and discusses the HOTSPOT platform, a novel approach for
ad hoadeamwork which addresses our fourth and nal research sub-problem.

Chapter 8 summarises this thesis, its main contributions and discusses further
research directions.






Chapter 2

Background

2.1 Markov Decision Problems

Markov Decision Problem@IDPs) [Puterman, 2005] model the interaction between an
agent and an environment which can be divided it into discrete time steps ( gure 2.1).

In each time step t the environment has an internal state X; which uniquely
describes it. The agent, provided or observing state X; is allowed to execute an action
A:. The effect of this action transitions the environment into a next time step t+ 1
and next state X4 1. In an MDP the set of all possible states is known as the state space
X and the set of all possible actions known as action spadeA . Given a state X; and
an action A¢, a transition into a next state X+ takes into account the environments
transition probabilities By j x,a) 2 [0, 1], i.e.

Plyjx,@, P[Xi+1= Y] Xt= XA = a.

In the next time step t + 1, the agent's action is evaluated immediately according to a
reward function reward function (X, a) receiving an immediate reward Ris1, i.e.

r(x,a) = E[Rw+1]) Xi = X, At = a].

Both the transition probabilities and the reward function follow the ~ Markov Prop-
erty, i.e., for any history H; = f Xq, Ao, Ry, X1, A1, ..., X0,

P[Xw+1=P(yjx,@jHy=hl=P[Xw1=Plyjx,ajX¢=xA= d

and

P[Rir1=r(x,@) jHi=h=P[Ru1=r(xa)]Xi=x A= 4d

An MDP may therefore be represented as atuple M = ( X,A,P,r,g,m, where
the additional parameter g 2 (0, 1] allows for specifying how much immediate
rewards are valued over non-immediate rewards, a parameter known in the literature

FIGURE 2.1: Flowchart for a Markov Decision Problem. In a time step t, an agent executes an
action A on the environment and is rewarded with R+ 1 while the environment transitions
into a next state X+ 1.
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as the discount factorand the additional parameter m= D(X) represents an initial
distribution over the state space X.

2.1.1 Return, Policies, Value Functions and Action-Value Functions

When starting a new interaction in a state X; m the goal for the agent is to select
its action in a way that maximises its accumulation of future discounted rewards, a
metric known in the literature as the return G,

¥
Gt = é gth+1+k
k=0

This decision making process is usually represented by a decision function commonly
referred to as apolicyp (x). For each statex 2 X , a policy p(x) : X ! D(A) maps x
into a distribution over all possible actions D(A), from which an action to execute can
be sampled. Since the goal is to select actions in a way that maximises the expected
return E, [G¢], policies are evaluated according to this exact metric. For a given policy
p (x) an evaluation function commonly referred to as a value functionv® (x) can be
computed as

" #
¥
W(x)= Ep[GtjXt=x]=Ep & g Rir1+k] Xt = X
k=0 (2.1)
= a p@jxr(x,aa+ga a pajx)PlyjxavP(y).

a2A y2X a2A

from which it can be also derived a function that evaluates the policy if a speci ¢ rst
action ais to be executed onx, often referred to as the action-value functioror g-value
function d (x, a),

" #
¥
P (x,8) = Ep[GtjXe=xAr=a=Ep r(x,@+ § g"Rur1+k] Xt = X, A= a
k=1
=r(x,d+ga a Pyixap@jyd(y,a)

y2X aRA

All methods for solving an MDP, i.e., computing the best possible policy p (x)
rely on evaluating the policy via its value or action-value functions vP (x) and g° (x, a)

2.1.2 Solving an MDP

Solving an MDP consists on computing a policy p such that, for all states x 2 X and
other policies p, vP (x)  vP(x). This solution, known as the MDPs' optimal policy
has a value function de ned as

" #
¥

V0= maxv ()= Ep A gRuea] Xe= X
k=0
" #

max r(x,a+ g a P(yjx,av (y)

which can be computed using dynamic programming through algorithms such as
value iteration[Puterman, 2005, Sutton and Barto, 1998].
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From the optimal value function v , itis also useful to derive the optimal action-
valuefunction q = ¢° , with

" #
¥
q (x,a) = mgxqp(x,a): Ep & GijXi=xA=a
k=0
=r(x,a)+ g & P(yjx amaxq (y,a)
aRA

y2X

Finally, the optimal policy p is represented as an uniform distribution over all
actions a that maximise the optimal action-value function q,i.e.

. 1[a2A (0]
p (aJX)_ JA (X)J

where
A (x) = argmaxq (x,a),8x 2 X
a2A

2.1.3 Planning in MDPs

Given the stochastic nature of the transitions in MDPs, a very common planner used
for decision-making in MDPs is the Monte-Carlo Tree Search (MCTS) [Kocsis and
Szepesvari, 2006].

MCTS is a planner which resorts to Monte Carlo iterations in order to compute
an estimate for the action-values q(x, a) of a given state x. The more iterations are
ran, the better the nal estimate of q(x,a). Before the rst iteration, an estimator
Qo(x, a) = Ois initialised. Each iteration i then updates Qi(x, a) with four base steps:
(i) Selection, (ii) Expansion, (iii) Simulation and (iii) Backup. Figure 2.2 illustrates the
process of a single iteration.

FIGURE 2.2: lllustration of the four steps of an MCTS iteration. Figure from Sutton and Barto
[2018].
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Selection

In the rst step of iteration i, the MCTS planner selects an action node of a statex to
be expanded. An action node n contains not only an associated staten(x) and action
n(a) but also a counter N" which keeps track of how many times the node has been
selected for expansion. All states in the tree, showcased in white in gure 2.2, are
initialised with A unexpanded action nodes (one per each action in A, showcased in
black in gure 2.2). From all action nodes n inthe tree T, one is selected in iteration i
according to the following upper con dence bound

S

n; = argmax Q;(n(x),n(a)) + e Zl\llrll
n2N i

where eis an exploration factor (usually P 2 for rewards R 2 [0, 1]).

After selecting node n;, with its corresponding action, & = n;(a), and its cor-
responding state x; = n;(x), the MCTS planner moves on to the second step —
Expansion.

Expansion

After selecting the action &, the planner expands the current node by sampling a
next statey;, using the model's transition probabilities P(y j X, &). The planner then
estimates the action values for y; by performing the next step, Simulation.

Simulation

Starting in y; in a depth d = 0, until a maximum depth d = D is reached, the MCTS
planner now resorts to a rollout policyp, recursively selection actions aid. In a given
intermediary depth d, state yiOI is expanded using aid p (where states yi‘“1 are
sampled using P(y j y4, &)). In each depth d, the reward Ry = R(y{j L a].d 1) is stored.
When the maximum depth D is reached, the nalreward Rp = R(yP * & *!)isthen
propagated upwards using the nal Backup step.

Backup

In the nal step of one MCTS iteration, the reward obtained by the Simulation
step, Rp, is propagated upwards by computing o = Rp. Then, for each depth
d=D 1,...,0,valuesqgy are computed using

Od = Rg+ 90Qg+1

Finally, having o computed, the action-value estimate for the current iteration i,
Qi(xi, &), is updated using

Qi 1(xi, &)
N

Qi(xiaai) =&

where Qi 1(Xj, g) is the estimate from the previous iteration and Nini is the number
of times node n; has been visited until iteration .

The process can be repeated for any arbitrary number of iterations, with 0 (x,a)
g(x,a) asi! ¥.
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FIGURE 2.3: Flowchart for an Multi-Agent Markov Decision Problem. In atime step t, each
agent executes an actionAl' on the environment and the team is rewarded with R+ 1 while
the environment transitions into a next state X4 1.

2.1.4 Multi-Agent Markov Decision Problems

Multiagent MDPs (MMDPs) are an extension of MDPs to multiagent settings. An
MMDP can be described as atupleM = (N,X,A = &, A" P,r,g) where N is
the number of agents, X is the state space A" is the individual action space for agent
n, P are the transition probabilities, r is the expected reward function, and g is the
discount factor. Fig. 2.3 showcases the owchart for an MMDP.

We write A to denote the set of all joint actions, corresponding to the Cartesian
product of all individual action spaces A", i.e., A = A1 A 2 ... A N Wealso
denote an element of A" as a" and an element of A as a tuple a = (&,...,a"),
with a" 2 A". We write a " to denote a reduced joint action, i.e., atuple a " =
(at,...,a" L, am™?t, ... aV), and thus A "is the set of all reduced joint actions. We
adopt, for policies, a similar notation. Speci cally, we write p" to denote an indi-
vidual policy for agent n,p = (p?,...,pN) to denote a joint policy, and p " =
(pt....p" Lp™1 ....pN) to denote a reduced joint policy.

Reducing MMDPs to MDPs

A MMDRP is just an MDP in which the action selection process is distributed across

N agents, and can be solved by computing p from v as in standard MDPs. If we

control agent n and assume that we know the policies of the other agents, p ", we

can reduce an MMDP M = (N, X ,A = ()r’}‘:lA”,P,r,g) for agent n to an MDP
n=(X,A",P"r",g), where

Pi(yjx,a), P Xur1=yjXi=xAf=a A" p "

= a Pyjx(@.aMp "(a"jx)
a "n2A n

(2.2)

which can then be solved to obtain the optimal policy p .

2.1.5 Partially Observable Markov Decision Problems

Partially observable MDRsor POMDPs, are an extension of MDPs to partially observ-
able settings. A POMDP can be described as a tuple(X,A,Z,P,0,r,g), where X,
A, P, r, and g, are the same as in MDPs,Z is the observation spaand O are the
observation probabilities-ig. 2.4 showcases the owchart for a Partially Observable
Markov Decision Problem.

When the agent executes an actionA; in state Xy, the environment transitions into
a next state X4+ 1 according to P, and the agent, instead of observing X+ 1, obtains
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FIGURE 2.4: Flowchart for a Partially Observable Markov Decision Problem. In a time step
t, the agent executes an actionA{' on the environment, is rewarded with R+ 1 and obtains a
partial observation Z;, ; of the next state of the environment X, 1.

instead a partial observation Z., 1 sampled from the observation probabilities O, with
O(zjy, @), P[Zu1= 2] Xs1= Y, Ac = a.

In atime step t, the agent has a beliefb; (x) over each possible state of the environment.
b (x) represents the probability that X; = x given the current history, and can be
de ned as

be(x), P[Xt=x]Xo boAo= a,Z21=27;,A1=&...,Zt = 7],

where byg is the initial state distribution. Given the action A and the observation Z4 1,
we can update the belief by to incorporate the new information yielding

b+ 1(y) = [ Bel(b, &, zi+1)]y

1 o . .
1 r a bt(X)P(yJ X,at)O(Zt+lJ ylat)1
t+1 x2x

(2.3)

where r 1 is a normalisation constant. Every nite POMDP admits an equivalent
belief-MDPwhere b being the state of this new MDP at time step t. A policy in a
POMDP can thus be seen as mappingp from beliefs to distributions over actions,
and we de ne " #

¥
v(b), Ep & g'R1jbo=b . (2.4)
t=0

As in MDPs, the value function associated with an optimal policy is denoted as
v and can be computed using, for example, point-based approaches [Pineau et al.,
2006]. Fromv , the optimal Q-function can now be computed as

#

g(ba)= & b(x) r(xa+ga & P(yjxao(zjyav (Belbaz) ,
x2X 727 y2X

yielding as optimal any policy p suchthatp (ajb) > Oonlyif a2 argmax_,, q (b, a).

Solving a POMDP

Similarly to an MDP, the value function of a POMDP veri es
" #
v(b)=max § R(x,ab(x)+ g d a P(yjxa0(zjy,av (Bel(b,z a)
2A  yox y2X 227
(2.5)
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From the value function v : X ! R, we canextractapolicy p : D(X)! D(A).

Given that the value function of a POMDP is piecewise linear and convex (PWLC),
such structure can be exploited and we may represent v (b) using a nite set of vectors
(often called a-vectors), each with an associated optimal action. In other words, given
a pre-computed set of a-vectors G= f ag, a;, ...,ang, v(b) can be given by

v(b) = Tf‘();(b a (2.6)

We can consider two main classes of solvers capable of computing Gfor a given
POMDP. Exact methods (e.g. Incremental Pruning, Witness [Cassandra et al., 2013,
Littman, 1994]), for instance, are able to compute a setGwhich represents the true
optimal value function of the POMDP.

However, given that POMDPs are PSPACE-complete [Papadimitriou and Tsit-
siklis, 1987], such methods do not scale well with the total number of states, actions
and observations. The state-of-the-art in POMDP solvers has therefore shifted more
towards Point-based methods (e.g. Perseus [Spaan and Vlassis, 2005]), which approx-
imates Gby computing a-vectors in a given set of beliefs (or points).

In the case of Perseus algorithm [Spaan and Vlassis, 2005] (used by this thesis),
a set of beliefsB is randomly sampled from the POMDP. Then, in each iteration Kk,
Perseus computed a new set ofa vectors G¢ for sample B and ignores beliefs b 2 B
which have their value dominated by others, i.e, vk(b) < vK(b%,b°2 B are ignored.
Whenever all points have been ignored, Perseus returns the current set of a vectors G

2.2 Reinforcement learning

Exact methods for solving MDPs, MMDPs or POMDPs, such as value iteration
[Littman, 2001], require access to the model itself, in particular its transition proba-
bilities P(y j x,a) and reward function r(x,a). Agents, however, might not always
be provided this information. Being only given the possibility of interacting with
the environment, a family of methods known as Reinforcement Learningomputes
policies by instead relying on trial-and-error. In each interaction time step t, the agent
has access to the current state of the environment, or partial observation depending
on whether the environment is fully or partially observable, and is able to execute
actions. After executing an action and receiving a reward signal, the agent can use this
time step data sample (Xt, At, Ri+ 1, Xt+ 1) to update its current policy. In this section
we discuss two main classes of reinforcement learning methods — (i) model-based
reinforcement learningnd model-free reinforcement learning

2.2.1 Model-Based Reinforcement Learning

Model-based reinforcement learning methods, as the names suggests learn the un-
derlying model of the environment, i.e. transition probabilities P(y j x, a), reward
function r(x, a) and observation probabilities O(z j y, a) in order to use traditional
planning methods to compute the optimal policy p .

For instance, when assuming full observability the environment is in a state  X;
when the agent executes an action A; and the environment transitions into state
Xt+1 according to some transition probabilities unknown to the agent, a maximum
likelihood estimator can be updated from the data sample s = ( Xt, A, Xt+1, Rt+1)
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" #
Stry i — Pt 17y + — St ¢y i
Py Xt,At) = P (v ] X, Ar) N (X0, A I[Xtv2=y] P (Y] Xi,A) 8y2X
(2.7)
Similarly, an estimator for the reward function, f(x,a), may also be updated from s
1
ot — ot 1 + st 1
r (th AI) r (th At) Nt(Xt, At) (Rt+ 1 r (Xt’ At)) (28)

In both cases, N; is the number of times state-action pai[ (Xt, At) has been visited.
Given the estimators for both the transition probabilities, P and reward function f, an
estimator for the optimal action-values may also be updated in every time step

Q'(Xt, A)) = F'(Xt, A+ g & P(yj X, A) maxQ' *(y,a) (2.9)
yoX 2A

2.2.2 Model-Free Reinforcement Learning

Model-free reinforcement learning methods try to estimate the optimal action-value
function directly, without learning the model (i.e., without learning the transition
probabilities or reward function).

The most notable way of estimating the action-value function is by setting up and
updating an estimator from samples s = ( X¢, A, Xt+1, R+ 1) in each time step (an
algorithm called g-learning[Watkins, 1989)):

" #
Q'(Xt, Ar) = Q' Y(X, A)+ @ Rt + grgze;\xé‘ Xe1,8 Q' H(Xi, Ay (2.10)

where a 2 (0, 1] is the step size of the updates.

2.2.3 Non-Tabular Methods, Function Approximation Techniques and
Deep Reinforcement Learning

When dealing with arbitrarily large or continuous state spaces, learning the action-
value function for all state-action pairs becomes unfeasible. Function approxi-
mation methods tackle this limitation by learning abstract representations of the
states/observations when given sets of features f (x)/ f (z). Usually implemented
using feedforward networks, hidden layers in these models can be trained to extract
abstract (or latent) feature representations of the states/observations, implicitly allow-
ing for the learning of similarities between states/observations with different features
f(x)/ f(2).

Two examples of deep model-free reinforcement learning approaches are deep
g-networks [Mnih et al., 2015] and deep policy gradients [Schulman et al., 2017].
Parametrised models in these algorithms take as input the aforementioned sets of
featuresf (x)/ f (z) and are usually trained end-to-end to approximate a particular
function — the action-value function §(x, & q) in the case of deep g-networks and a
policy function p(aj x;q) in the case of deep policy gradients.

Similarly, model-based methods can also bene t from function approximation
methods, usually employing them not only to approximate the transition and reward
functions I5(yj X,&0), Ii(x, a; g) of the environment but also, in the case of partially



2.2. Reinforcement learning 15

observable domains, learn good state representations. Two examples are the MuZero
[Schrittwieser et al., 2020b] and Dreamer [Hafner et al., 2019b,a, 2020, 2023a] algo-
rithms. Both MuZero and DreamerV3 [Hafner et al., 2023a] train an encoder network
g(z;g) to learn a latent state representation )Zt. MuZero, on one hand, trains the
encoder alongside a following transition function P(y j x, a;q) and reward function
R(x a;g) all end-to-end. Then, given a a set of features descrlblng an observation Z;,
an initial latent state X is extracted and P(y j x, a;q), R(x, a; g) alongside a planner
such as UCT (section 2.1.3) to compute an action. DreamerV3, on the other hand,
rst trains the encoder q(z;q) to learn a latent state representation X; by training an
additional decoder d(X;q) to reconstruct the original observation Z:. Latent states X
are then used to train a standard model-free reinforcement learning algorithm as if
the environment was fully observable.
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Chapter 3

Related Work

This Chapter discusses the current state-of-the-art in the setting of ad hoc teamwork
and frames the contributions of this thesis within the available literature.

3.1 Ad Hoc Teamwork

Introduced by Stone et al. [2010b], the multi-agent systems setting of ad hoc team-
work showcases a scenario in which an autonomous agent is deployed for a speci ¢
purpose into an existing team of agents. Stone et al. de ne the setting of ad hoc
teamwork as a setting where an ad hoc agent is expected to assist an unknown team of
agents in performing their cooperative task, without any pre-coordination or explicit
communication protocols available. While virtually all available works so far on ad
hoc teamwork have focused on developing agents capable of assisting existing team
without pre-coordination or pre-communication, most of them diverge in terms of
other key assumptions made — namely, whether the ad hoc agent knows the task
being performed beforehand, the behaviour (or policies) of the teammates, whether
there are available reward signals from the environment and whether the ad hoc
agent can observe the actions of the teammates.

3.1.1 Problem Formulation

Throughout this thesis, we formulate the problem of ad hoc teamwork as a multi-
agent system where a single ad hoagent, denoted asa, interacts withateamof N 1
teammates. We reduce theN agent system to a2 agent system by modelling the
teammates as a single “meta agent”, named a.

When a is deployed into the environment where  a operate, we assume an
underlying MMDP M = (2,X,fA% A 2g,P,r,g) and a to follow some policy
p 2. Both the model M and policy p 2 are unknown, a priori, to the ad hoc agent
a. Figure 3.1 illustrates the interaction between the ad hoc agent and the teammates
with the environment.

Using this framework, we de ne the problem of ad hoc agent as following the
policy p @ which maximises the return interacting with the teammates in their envi-
ronment without knowing M and p 2 beforehand, i.e.

pa= n?)gx E GjA} p%A 2 p?
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FIGURE 3.1:Interaction between an ad hoc agent a and teammates a
described by an MMDP M.

3.1.2 Literature Review

Earlier works started by assuming the ad hoc agent knew both the task (or model
M) and team's policy p 2 were known to the ad hoc agent a. With this information,
planners using both M and p 2 could directly obtain the best A2 for a state X; [Stone
and Kraus, 2010]. Stone et al. [2009] showcased an example using these assumptions,
by introducing a nite-horizon decision problem where the ad hoc agent a plans
its actions A2 to lead a single teammate a (where p 2 is not only optimal but
also known to the ad hoc agent a) to achieve a common goal. The authors later on
extended their previous work to discounted in nite horizon problems Barrett and
Stone [2011], while Agmon and Stone [2012] modi ed the scenario to consider N
teammates instead of a single one.

In another work, Stone et al. [2010c] considered a situation where the ad hoc agent
a was paired with a bounded-memory teammate  afollowing an e-greedy policy.
Barrett et al. [2014] recently explored the same setting, but now considering commu-
nication between the agents (where the authors showed that describing the planning
problem by using decision-theoretic models leads to more ef cient solutions). All
aforementioned works, however, assume that the ad hoc agent has full access to (i)
the task's dynamics and goal (model M) and (ii) the teammates' policies p &, which
can be argued that reduces ad hoc teamwork to a problem of planning (Fig. 3.2).

Before the introduction of ad hoc teamwork Stone et al. [2010b], Fern et al. [2007]
introduced the framework of assistancg~ern et al., 2007], which models scenarios
where an agent a; (called the assistant) must help a unknown teammate ay in solving
a given sequential task M under uncertainty. The authors assume a shared task M is
known beforehand to a but the teammate's behavior p 2 is not, and must therefore
be identi ed. The setting also assumes that there is only a single teammate which the
a may assist instead of a broader team. In their work [Fern et al., 2007], the authors

FIGURE 3.2: Ad hoc teamwork as a problem of planning. The ad hoc agent is assumed to

know the task's dynamics and goal, represented by a model M, and the policy of the team

p 2. This information, alongside the state of the environment X;, can be fed to a planner in
order to compute the best response A2 for the ad hoc agent.
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FIGURE 3.3: Overview architecture for the PLASTIC-Model algorithm [Barrett and Stone,

2015]. The ad hoc agenta is given a library of possible team policies P 2 which it uses to

perform Bayesian updates (Eq.3.1) to a prior distribution p. Using the most likely team policy

alongside an assumed known model of the task, M, the ad hoc agent uses a MCTS planner in
order to compute a best-response AZ.

consider that the teammate's actions A to be visible to the assistant a but the state
of the environment to be partially observable.

More recently, Chakraborty and Stone [2013] start by dropping the assumption
that the team's policy p 2 is known to the ad hoc agent (however still considering
that the ad hoc agent knows model M). In their work [Chakraborty and Stone, 2013],
the authors assume the teammates follow an unknown Markov policy p 2 which the
ad hoc agenta has the goal of identifying. On a more similar line of work, Barrett and
Stone [2015] expand upon Chakraborty and Stone [2013] by introducing an approach
capable of identifying the current team policy p 2 (unknown beforehand to the ad
hoc agent) from a handcoded library of possible policies P 2= p, % p,% ...,p 2 .
Their approach, named PLASTIC-Model, then relies in the state of the environment
X and the actions of the team A, # in order to perform Bayesian updates to a prior
distribution p over each possible team policy p, a2 P 2namedthe PLASTIC Update
rule, i.e.

P = (1 higp (k) @)

where r is some normalisation constant, h 2 (0, 1] is an hyperparameter which
bounds the maximum loss | the update, which is given by

k=1 pka(Atiijt 1)
In the current time step, t, the most likely team policy p, @ given by

p, 2= argmax py(k)
p, 2P 2

Finally, p, ? is fed to an MCTS Planner alongside the state of the environment X;,
which outputs the action of the ad hoc agent, A2. Figure 3.3 showcases an overview
of PLASTIC-Model's architecture.

The limitation with both PLASTIC-Model [Barrett and Stone, 2015] and the ap-
proach introduced by Chakraborty and Stone [2013], however, is that both assume the
ad hoc agent knows the task's dynamics and goal (i.e., M). Under this assumption, it
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FIGURE 3.4: Ad Hoc Teamwork broken down into three sub-problems [Melo and Sardinha,

2016]. The ad hoc agent has the explicit goal of (i) identifying the task being performed by
the team (dynamics and goal modelled by M), (ii) identifying the policy of the team p? and
(i) planning using the task and team identi cation in order to compute a best response ~ A2.

can be argued that ad hoc teamwork problem is closely related to learning in gamesa
setting for which extensive literature exists [Fudenberg and Levine, 2000].

Later on, Melo and Sardinha [2016] formalise ad hoc teamwork by breaking it
down into three sub-problems — i) task identi cation: the ad hoc agent has to identify
the task's goals and dynamics (M), ii) team identi cation: the ad hoc agent has to
identify the team's policy p @ and iii) planning/execution: using both M and p 2,
the agent a has to plan and execute a best-responseA? (Figure 3.4).

In their work, the authors address the ad hoc teamwork problem with unknown
teammate behaviour, in a setting where the ad hoc agent is paired with a bounded-
memory best-responder teammate in an unknown one-shot game. The target task M
is assumed to belong to a library of possible tasks M = f M1, M,,...,Mkg, accessible
to the ad hoc agent as prior knowledge. The agent a, however does not know in
advance which it is. In this scenario, the ad hoc agent must simultaneously identify
the teammate's policy p 2, while using it to identify their targettask M 2 M . After
identifying the target task, the ad hoc agent is now able to compute its optimal action
AZ. Their approach, however, was tailored for one-shot games, where there are no
environment transitions.

Afterwards, Barrett et al. [2017] drop the assumptions that the task's dynamics
and goal M and team's policy p 2 are known to the agent a beforehand.

Similarly to their prior work, PLASTIC-Model [Barrett and Stone, 2015], their
new approach, named PLASTIC Policy [Barrett et al., 2017], also relies on the state
of the environment X; and the actions of the team A, 2 in order to perform Bayesian
updates (Eg. 3.1) to a prior distribution p representing the beliefs over each possible
task/team combination k.

The authors make two key changes to PLASTIC-Model — i) the ad hoc agent a
is not assumed to have a model M of the task's dynamics and goal and ii) the ad
hoc agent a, instead of having, as prior knowledge, access to a library of possible
team policies P 2, has now access to two policy libraries, P2 and P 2. P 2 =

P, p,%....pk? represents the same library from PLASTIC-Model, which con-
tains the policies for the possible teams, learned via supervised learning during
previous interactions instead of being handcoded. Similarly, P2 = fpf,p5...,pgR0,
trained via reinforcement learning in previous interactions, contains the policies for
ad hoc agenta which allow for the best responses to eachteamk 2 f1,...,Kg, when
given a current state X;. In each time step t, both the priors are updated using the
PLASTIC Update (Eq. 3.1) and, using the updated priors, and action A is sampled
from the policy p? associated with the most likely team p, 2. Figure 3.5 showcases
an overview of PLASTIC-Model's architecture.

PLASTIC-Policy has, however, two main limitations. The rst limitation is that
PLASTIC Policy implicitly learns the task dynamics and goal ( M) when learning the
policies P 2 during an interaction with ateam  a. For this reason, PLASTIC-Policy
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FIGURE 3.5: Overview architecture for the PLASTIC-Policy algorithm [Barrett et al., 2017].
The ad hoc agentaiis given (i) a library of possible team policies P 2, which it uses to perform
Bayesian updates (Eq.3.1) to a prior distribution p, and (ii) a library of pre-trained policies for
the ad hoc agent, P 2. Each policy p2 2 P 2 was previously trained via reinforcement learning
for team p, a, Using the most likely team policy Py a the ad hoc agent samples an action
from the associated pre-trained policy p{ in order to obtain a best-response Af. Whenever

the ad hoc agent is interacting with a team, it also trains two new policies, pg,,andp,2,.
p 2, 1. trained via reinforcement learning using rewards R+ 1, is then stored in P # by the end

of the interaction, while p 2, trained via supervised learning using the actions of the team
A, ? isthenstoredin P 2.

has no way of reusing previous task knowledge when interacting with a new team
that it never encountered before. Consequently, a new policy pg, ; must be learned
entirely from scratch, reducing ad hoc teamwork to a standard reinforcement learning
problem. Tackling this limitation, Chen et al. [2020] introduce an attention-based algo-
rithm for ad hoc teamwork which, when interacting with an unknown team, weighs

in the likelihood of each possible known team in order to best model the current
one (also relying on the states of the environment X; and actions of the teammates
A; ®. In another line of work [Chen et al., 2019], the authors instead explore how
the sub-tasks being performed by the teammates can be identi ed instead of their
policies (alleviating the issue of dealing with unknown teammates). Their approach,
ATSIS, identi es the sub-tasks by observing the actions of the teammates A, # and
partial observations of the environment Z;, 1. Later on, Sha pour Yourdshahi et al.
[2020] expand upon Chen et al. [2019] and introduce an approach (OEATA) which
keeps track of each sub-task being performed by the teammates.

The second limitation is that PLASTIC-Policy is that it assumes the environment
to be fully observable (i.e., relying on a state X;), the actions of the team A, 2 to be
visible to the ad hoc agent and an explicit reward signal Ry 1 available which can be
used to adapt, on-the-y, to never before seen teams. These assumptions limits the
application of PLASTIC-Policy to partially observable environments, such as those
found in real-world scenarios (where the agent is deployed into robots which are
only able to obtain partial observations via some sensors).

On parallel lines of research [Wang et al., 2024a] introduce the problem of N-Agent
Ad Hoc Teamwork, which considers scenarios where not one but multiple ad hoc
agents are deployed into a team and required to assist the remainder of the team on-
the-y. In their work, the authors formalise the setting and propose a novel approach
called POAM (Policy Optimisation with Agent Modelling), framing the problem
within the scope of multi-agent reinforcement learning. Similarly, Rahman et al. [2021,
2023] introduce the setting of open ad hoc teamwork, under the assumption that
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teammates might join and leave the team dynamically, thus requiring the ad hoc
agent to adapt to additional changes in the team. The authors present an approach
that resorts to graph neural networks (GNNs) [Wu et al., 2020], and model the team
as a graph. In their approach, the nodes in the graph represent the teammates, which
may be added or removed dynamically. The authors show that their approach is able
to dynamically adapt to changes in the team, as teammates come and go. Rahman
et al. [2021, 2023] are then followed by Wang et al. [2024b], who employ a joint Q-
learning from cooperative game theory for the problem of open ad hoc teamwork. In
our work, we do not consider scenarios with open teams, leaving that possibility for
future work. We assume that the ad hoc agent joins a xed-size team of stationary
agents. The authors are then followed by Rahman et al. [2024], Fang et al. [2024] and
Hammond et al. [2024] deal with the problem of adapting to teammates when having
limited prior team sets. Rahman et al. [2024] introduce an approach which builds a
minimum coverage set of teammates which can be used to generate teammate models
similar to newly encountered ones, while Fang et al. [2024] present a meta-learning
approach to adapt a team model on-the- y. Finally, Hammond et al. [2024] introduce
the concept of symmetry breaking augmentations (SBA) which identi es team models
never before encountered if their model/actions are symmetric to ones previously
seen.

3.1.3 Related Areas of Research

In this thesis, we consider four different areas of research to be similar to the problem
of ad hoc teamwork. These are (i) the problem of zero-shot coordination [Hu et al.,
2020], the problem of (ii) few-shot teamwork [Fosong et al., 2022], (iii) Interactive
POMDPs (IPOMDPs) [Gmytrasiewicz and Doshi, 2005] and (iv) multi-agent rein-
forcement learning (MARL) [Zhang et al., 2021]. Even though these areas of research
share some assumptions with the setting of ad hoc teamwork, each and every single
one of them has key characteristics which prevent them from being labelled as ad hoc
teamwork.

Multi-Agent Reinforcement Learning

Multi-agent reinforcement learning (MARL) [Zhang et al., 2021], as the name suggests,
extends the framework of RL to settings involving multiple learning agents. MARL
and ad hoc teamwork have different research goals. While MARL studies how to
compute policies for multi-agent settings, ad hoc teamwork studies how an ad hoc
agent is able to adapt on-the-y to potentially unexpected teams. Nevertheless,
MARL techniques are often employed in ad hoc teamwork scenarios, for example,
to compute a policy for handling a speci ¢ team when building the ad hoc agent's
policy library. One example is the work of Albrecht and Ramamoorthy [2012], in
which the authors showcase how ve MARL algorithms can be applied to a diverse
set of ad hoc problems.

Traditional (single-agent) reinforcement learning approaches can be used to tackle
MARL in a decentralised way (e.g. DQN [Mnih et al., 2015]). In decentralised MARL,
each agent can be independently trained in an environment, with the other agent's
policies modelled as part of its dynamics [Tampuu et al., 2017]. In centralised learning
approaches, on the other hand, other agents are explicitly modelled and taken into
account during training. One example are Coordination Graphs [Guestrin et al., 2001],
in where the optimal joint-action value function is computed for each agent which
then communicates with the others by passing messages. In a more recent line of
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work, Rashid et al. [2018] introduce QMix, an approach which estimates the action-
values of each agent using neural networks and then resorts to a mixing network to
combine them and estimating the optimal joint-action values.

Zero-Shot Coordination

From all related problems, the problem of zero-shot coordinatiofiHu et al., 2020, Lupu
et al., 2021, Bullard et al., 2021, Treutlein et al., 2021], is the most similar to the
problem of ad hoc teamwork. Introduced by Hu et al. [2020], the problem of zero-shot
coordination studies how two independent agents, a; and ap, may interact with one
another on rst-attempt, after being trained independently on a common task.

The setting assumes each ageng; is trained for a two-agent problem M, where
it individually obtained two policies, one for each agent role, p; and pgi, which
when interacting with one another represent an optimal joint-policy  p, . After this
independent training stage, the goal is for agent a;, without knowing the policies
p}iz, pgz computed by ay, to try to adapt as soon as possible in order to maximise a
shared reward over an interaction.

There are, therefore, two key differences between ZSC and ad hoc teamwork: (i)
in ZSC, an agenta; has to coordinate with a single teammate a,, while in ad hoc
teamwork, an ad hoc agent a has the goal of assisting a team of arbitrary length N
and (i) in ZSC, a; knows a, has computed an optimal joint-policy pgz, pﬁz for the
common task, while in ad hoc teamwork, the ad hoc agent a doesn't know anything
about its teammates (teammates may even be legacy handcoded agents that don't
even have an optimal policy).

Techniques from the setting of ZSC, may, nevertheless, be used in conjunction
with techniques for ad hoc teamwork, for example after identifying an optimally
trained teammate amongst the teammates and adapting to its behaviour as best as
possible.

Few-Shot Teamwork

The problem of few-shot teamwork (FST), recently introduced by Fosong et al. [2022],
showcases a similar problem to ad hoc teamwork, however, applied to teams of
multiple agents. Instead of focusing on how a single ad hoc agent a may assist a team

aon-the-y, in FST, two or more teams  a;,..., a, each trained independently
on their sub-tasks My,..., Mg, must come together in order to perform a global
shared task M comprised of the multiple sub-tasks. The authors assume the teams,
after going through a source stage where they train via MARL how to perform
their sub-tasks, are then given an adjustment stage, where they are able to interact
with each other in performing the global task (hence the name "few-shot" instead of
"zeroéshot"). After the adjustment phase i§complete, the combination of all teams
A ="K, aisthenevaluatedonit M = ~ K, M; according to some metric.

Dealing with Humans as Teammates

In real-world domains teams may be comprised of both robots and human teammates.
Carroll et al. [2019b] show that traditional RL agents (such as those trained via
self-play [Silver et al., 2017], even though they are able to perform the task well
when paired with instances of themselves, are unable to maintain their performance
when paired with human teammates. In their work, the authors demonstrate that
approaches relying on model-based planning or model-free algorithms, when trained
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using learned human models, are able to signi cantly improve the performance
when paired with human teammates, outperforming agents trained via self-play.
Strouse et al. [2021] later introduce a method called Fictitious Co-Play (FCP), capable
of achieving higher performances than the baseline in benchmark multi-agent tasks.
On a similar line of work, Wang et al. [2020] approach the problem of cooperating
with human teammates when there are sub-tasks to be performed in the environment.
The authors introduce an approach called Bayesian delegation, which infers the
intentions of the teammates via inverse planning, using theory-of-mind. Siu et al.
[2021] evaluate how humans, blindly paired with agents as teammates, perform
in the game and how well they perceive their teammates in terms of performance,
teamwork, interpretability and trust.

In ad hoc teamwork, current approaches such as PLASTIC-Policy [Barrett et al.,
2017] consider settings where the teammates' actions are visible to the ad hoc agent.
When dealing with human teammates or even other robots in real-world scenarios,
observing the actions of the teammates is seldom possible. In this thesis we miti-
gate this problem introducing the HOTSPOT framework [Ribeiro et al., 2024a], a
framework which allows for the deployment and evaluation of ad hoc agents into
real-world scenarios involving human-robot collaboration.

Dealing with Partial Observability & Interactive POMDPs

When dealing with scenarios where the agent is given a partial view of the state of
the environment, such observations are not enough to predict the next observation
or reward. Traditional approaches, such as partially observable Markov Decision
Processes (POMDPs) model not only the environments dynamics and agents' obser-
vation functions, but also a belief over each possible state. POMDPs can be solved via
either exact methods [Cassandra et al., 2013, Littman, 1994] or point-based methods
[Spaan and Vlassis, 2005].

Even though these approaches may be used when dealing with multi-agent envi-
ronments in a decentralised way, a more common approach is to model and solving
the environment as a Decentralised POMDP (or Dec-POMDP) [Bernstein et al., 2002].
Dec-POMDPs expand upon multi-agent MDPs (MMDPs) by incorporating the proba-
bilities of each agent making each observation. However, given that Dec-POMDPs are
NEXP-Complete [Bernstein et al., 2002], available solvers [Szer and Charpillet, 2006,
Oliehoek et al., 2010, Spaan et al., 2011] do not scale to larger problems. According
to Kraemer and Banerjee [2016], even though more scalable approaches have been
proposed for solving DEC-POMDPs [Seuken and Zilberstein, 2007, Amato et al., 2009,
Dibangoye et al., 2009], these approaches rely not only on the assumption that the
model is known a priori but the agents are able to plan in a centralised way. In their
work, Kraemer and Banerjee [2016] introduce an approach named reinforcement
learning as a rehearsal (RLaR), which assumes the agents are, during a training phase,
able observe the state of the environment and the actions of the teammates. In a
similar line of work, Omidsha ei et al. [2017] introduce the multi-task multi-agent re-
inforcement learning (MT-MARL) algorithm. MT-MARL assumes there are multiple
tasks to be performed and model each one of them as a Dec-POMDP. The authors
then follow Hausknecht and Stone [2015] by using Deep Recurrent Q-Networks in
order to learn how to perform each DEC-POMDP. Later on, Foerster et al. [2018]
expand upon the work of Lowe et al. [2017] by introducing another multi-agent
actor-critic method called counterfactual multi-agent (COMA). Their approach trains
a centralised critic network (which estimates the optimal action-values for all agents)
and then trains decentralised actors in order to obtain each agent's policy. The authors
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are then followed by Chen [2019] which introduce a more sample ef cient algorithm
named Centralised Training and Exploration with Decentralised execution via policy
Distillation (CTEDD). Finally, Lyu et al. [2021] introduce a more analytical where in
where they analyse the properties of centralised training with decentralised execution
approaches. In their work [Lyu et al., 2021], the authors claim that a centralised critic,
contrary to previous claims, does not make the learning process more stable.

Finally, Interactive POMDPs (IPOMDPs), introduced by Gmytrasiewicz and
Doshi [2005], are approaches which modify POMDPs in order to incorporate the
behaviour of possible teammates. The authors [Gmytrasiewicz and Doshi, 2005]
consider agent a may interact with ateam ain a partially observable environment
modelled as a POMDP M = ( X,A,Z,P,0,r,g). The authors incorporate the team's
behaviour as part of the states, augmenting the state spaceX into an interactive
state spacelX = X A (by taking into account N possible team combinations
A=1f a;, ap..., angQ). The state space is therefore grown exponentially with
the number of possible teams N. The resulting IPOMDP can then be solved using
regular POMDP solvers (refer to section 2.1.5 of chapter 2). Agenta is also able to
keep track of a belief b over the possible augmented statesix 2 I X .

Even though IPOMDPSs share two common assumptions with our work: (i) the
agent a must adapt to an unknown team and (ii) agent a only has access to a partial
observation of the environment, IPOMDPs have a key assumption which differen-
tiates them from ad hoc teamwork — IPOMDPs assume all agents fa, ag share
the same reward function r (also known beforehand to the agent a), while in ad hoc
teamwork, on the other hand, while still assumed the team shares a common goal,
teammates may have different reward functions, given that they may be performing
sub-tasks [Chen et al., 2019].

3.2 Discussion & Framing of this Thesis

In all existing literature, all approaches either assume the ad hoc agent a is able
to observe the state of the environment X, the actions of the teammates A, ain
order to adapt, on-the- y, to current teammates  a. As previously mentioned, these
assumptions prevent these approaches from being directly deployed into real-world
scenarios which may not only involve robots with imperfect sensors, but also non-
optimal teammates such as humans, which do not explicitly communicate their
actions A, @ to the ad hoc agent deployed into a robot.

This thesis llIs the gap in the literature by dropping these assumptions and asking
and answering the following research question:

tasks under more realistic conditions, without being able to pre-coordinate or
communication with the existing team?

In our work, we break down the above research question into four sub-problems,
each individually addressed in their speci ¢ chapter.

e Chapter 4: How can an autonomous agent more ef ciently assist new team-
mates and tasks on-the- y, without having to learn how to interact with them
from zero?

How can an autonomous agent assist unknown teammates in performing unkrnown

pre-
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« Chapter 5: How can an autonomous agent assist unknown teammates in per-
forming unknown tasks without being able to observe their actions, the full
state of the environment or both?

» Chapter 6: How can an autonomous agent assist unknown teammates in per-
forming unknown tasks in arbitrarily large, partially observable domains?

« Chapter 7. How can an autonomous agent assist unknown mixed human-robot
teams in performing unknown tasks in real-world scenarios?

To conclude, we lay a road map for this thesis, targeting each sub-problem sequen-
tially. We start from the current state-of-the-art in ad hoc teamwork (PLASTIC-Policy
[Barrett et al., 2017]), answering the rst research sub-problem in chapter 4 by intro-
ducing and evaluating a novel model-based approach for ad hoc teamwork which
more ef ciently adapts to different teams and tasks on-the- y. We then answer the
second research sub-problem in chapter 5. We start by dropping the assumptions
that the ad hoc agent a is able to observe the actions of the team, A, &, introducing
and evaluating a novel Bayesian online approach which infers the correct team policy
p @ and task M being performed from observing state transitions alone. In the
same chapter, we then further drop the assumption that the state is fully observable,
introducing and evaluating a novel Bayesian online approach which infers the correct
team policy p @ and task M being performed, relying only on partial observations
Zi+1. Finally, in chapter 6, we answer the third research sub-problem we extend our
approaches to arbitrarily large, partially observable domains, introducing and evalu-
ating a novel approach, with two variants, capable of performing ad hoc teamwork
in these conditions. To conclude, gure 3.6 showcases a diagram of the road map for
the thesis.
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FIGURE 3.6: Framing for this thesis. In order to answer the research question of how can
an autonomous agent assist unknown teammates in performing unknown tasks under more realistic
conditions, without being able to pre-coordinate or pre-communication with the existing tesam?
break down our thesis in four different sub-problems. We start in chapter 4 by introducing
TEAMSTER, a model-based approach for ad hoc teamwork capable of being more sample
ef cient than PLASTIC-Policy Barrett et al. [2017]. We then drop the assumptions that the ad
hoc agent has access to the actions of the teammates, introducing BOPA, an approach capable
of performing ad hoc teamwork relying only on the state of the environment, and ATPO, an
approach capable of performing ad hoc teamwork relying only on partial observations of
the environment (both in chapter 5). We then expand ATPO for arbitrarily large, partially
observable domains, introducing ATLPO, an approach for ad hoc teamwork which employs
state-of-the-art Deep Learning techniques to identify the most likely team and task, as well as
compute a best-response. We present two variants of ATLPO, ATLPO-MF, which sets up its
policy library using state-of-the-art techniques in Model-Free reinforcement learning, and
ATLPO-MB, which sets up its policy library using state-of-the-art techniques in Model-Based
reinforcement learning. Finally, in chapter 7, we introduce and evaluate a framework for the
deployment of ad hoc approaches to real-world scenarios where mixed teams of humans and
other robots operate.
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Chapter 4

Model-Based Reinforcement
Learning for Ad Hoc Teamwork

This chapter addresses our rst research sub-problem:

How can an autonomous agent more ef ciently assist new teammates and tasks on-the- v,
without having to learn how to interact with them from zero?

As discussed on chapter 3, Barrett et al. [2017] introduced two algorithms for ad
hoc teamwork, PLASTIC Model Barrett [2014] and PLASTIC Policy Barrett et al. [2017]
which assume the ad hoc agent is able to observe the state of the environment, the
actions of the teammates and may use a reward signal provided by the environment
in order to learn via reinforcement learning. PLASTIC Model also assumes the task's
dynamics are fully known beforehand while PLASTIC Policy, on the other hand,
relies on a model-free reinforcement learning algorithm to learn a policy for each
team within its library. When faced with a new team, both agents then match the
teammates' observed behaviour to previously known teams and uses the policy to
play against that team.

While on one hand these algorithms provide state-of-the-art performance in ad
hoc teamwork, each algorithm suffers from a distinct limitation. PLASTIC Model
assumes the task's dynamics are fully known a priori. This assumption not only
requires a signi cant amount of expert knowledge in the task's domain but also
prevents the ad hoc agent from adapting to slightly different variations of the task. On
the other hand, PLASTIC Policy implicitly learns the task dynamics when learning the
policy during an interaction with a team. Their model-free design and the assumption
that the environment's dynamics and goal never change, however, prevent them from
better adapting to new teams never before encountered before. Unfortunately, using
a model-free approach, its prior knowledge of team and environment is combined.
Therefore, if the agent learned how to play team A in environment X and team B
in environment Y and encounters team A in environment Y, it will have to learn
everything from scratch, which does not happen with PLASTIC Model.

This chapter addresses these limitations and our rst research sub-problem —
how can an autonomous agent more ef ciently adapt to different teams and tasks on-the-

y? — and proposing a novel model-based algorithm for ad hoc teamwork, called
TEAMSTER*, which seeks to capture the advantages of both PLASTIC methods while
addressing the corresponding limitations. Much like PLASTIC Model, TEAMSTER
considers previous knowledge about the environment and teammate behaviour
separately, readily overcoming PLASTIC Policy's inability to do so. At the same time,

ITEAMSTER stands for Task and tEAM mate identi cation through model-ba Sed reinforcemenT
IEaRning
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FIGURE 4.1: TEAMSTER ad hoc agent's architecture.

much like PLASTIC Policy, our approach does not rely on a hand-coded model of the
environment, enabling the agent to adapt to variations of the task more ef ciently.

We expand upon the PLASTIC-Policy under the same set of assumptions: (i) the
agent is allowed to use prior knowledge in order to adapt to a new team, (ii) the agent
is unable to pre-coordinate or communicate with the team and (iii) the agent is able
to observe the state of the environment, the actions of the team and the reward signal
from the environment.

We illustrate our proposed algorithm's bene ts by performing an empirical evalu-
ation in the Pursuit environment, measuring its performance and comparing with
both PLASTIC Policy and PLASTIC Model. Our results con rm that TEAMSTER ex-
hibits several important advantages, such as improved sample ef ciency, robustness
to changes in the environment and exibility to accommodate inaccurate environ-
ment models. As such, it offers an appealing alternative in real-world settings, where
accurate models are seldom available and the agent is required to identify the current
task and the existing agents' behaviour.

TEAMSTER is an algorithm for ad hoc teamwork that combines the advantages
of PLASTIC-Model and PLASTIC-Policy while circumventing the disadvantages of
both. We follow Melo and Sardinha [Melo and Sardinha, 2016], breaking down the
problem of ad hoc teamwork into the three sub-problems: (i) teammate identi cation;
(ii) task identi cation; and (iii) planning and execution.

Figure 4.1 depicts TEAMSTER's architecture, with its three core modules. The

rst module is the teammate library and team trackingodule, used for teammate
identi cation. We discuss this model in detail in section 4.0.1. The second module is
the learned environment modalsed for task identi cation. We discuss this model in
detail in section 4.0.2. Finally, the last module consists of a standard online planner,
which receives information from the other two modules and, given the current state
X, computes the agent's action, A2. We discuss this model in detail in section 4.0.3.

We also summarise TEAMSTER's main loop in Algorithm 1, to further clarify the
interaction between the different elements in Fig. 4.1. TEAMSTER requires a library
of teammates, T, and an environment model, E.? When interacting with a team,
TEAMSTER does not know whether such team is one in T or a completely new team,
never encountered before. As such, TEAMSTER initialises a new team model,p 2
(line 2), and sets its belief regarding the current team to a uniform distribution over
thesetT = T [ fp 2g (lines 3-4). The new teammate model,p 2, will be updated
as TEAMSTER interacts with the current team and, eventually, added to the library
T.

2The rst time TEAMSTER runs, T is empty and E is just a “blank slate” model. In that case,
TEAMSTER reduces to a model-based RL algorithm.
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Algorithm 1  TEAMSTER agent pseudo-code description.

Require: Teammate library, T
Require: Environment model, E
1:.t=0

2: initialise team model p 2

3:SetT =T[fp 2g

4: initialise distribution pg

5. repeat

6: Observe current state X;

7: p, %= argmax, ap¢ P(p ?)

8: A2 = Planner(Xt,p, #E)

9: Execute A2 and observe A, &, Ri+ 1, Xt+1

10: Pt+1 = UPDATETEAM BELIEFY(p, T, X, A ?)

11; E = UPDATEENVIRONMENT MODEL(E, X¢, At, R+ 1, Xt+1)
12: P @=UPDATEONLINE TEAMMODEL(f 2, X¢, A; &)

13: t=t+1
14: until X; is terminal

The interaction between TEAMSTER and the teammates corresponds to the main
cycle in Algorithm 1. At every step t, the agent observes the current state of the
environment, X; (line 6). It then selects the team model that best describes the current
team, p, 2, according to the agent's belief p; (line 7). Even though we consider beliefs
to be uniformly initialised at the start of new interactions (i.e. pg = Uniform ('I: )), any
arbitrary distribution may be used as initial prior. TEAMSTER then uses the planner
to determine its action, A2, given the current state, X, the environment model, E,
and the current team, p, 2 (line 8).°

Once the action is selected, TEAMSTER proceeds as standard model-based RL.: it
executes the actionA2, observes the teammate actions,A, 2, the resulting state Xi+1
and reward, R:+1, and uses these to update the beliefp; over teams, the environment
model E, and the team model p 2 (lines 9-12).

In the continuation, we provide detailed descriptions of each of the modules in
TEAMSTER.

4.0.1 Teammate identi cation and team tracking

The purpose of the team tracking module is to determine whether the current team
corresponds to any of the teams in the library T . As depicted in Fig. 4.2, each team
model in T is nothing but a reduced joint policy: given as input a state x 2 X, the
team model returns a predicted reduced joint action A 2 at state x.

We use parametrised team models in order to represent the teammates' policies. In
particular, we assume that the parametrised model for team k has a set of parameters
Ok that are learned/optimised as the ad hoc agent interacts with such team. In other
words, the interaction with ateam k generates a dataset (X, A, #),t=0,...,T that
TEAMSTER uses to learn the parametersg for the reduced policy p, # describing
team k. We write p, (A 2] x; q) to denote the probability of action A 2 in state x

SWhile we could use the complete distribution p; in the planner to more accurately describe the
agent's belief regarding the teammates, such option requires the planner to sample signi cantly larger
trees. In our experiments, the gains in performance are negligible compared with the computational
cost, hence the formulation adopted.
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FIGURE 4.2: The team model. A parametrised model which can be optimised to accurately
predict the teammates' policies

according to p, #, when parametrised by ¢, i.e.,
P (A ?iXiq) = Pq A=A )X =X,

for x 2 X and A @ 2 A 2. Since this work only considers nite action settings,
A 2is a nite set and, for each x 2 X, p, %( j x;q) is a categorical distribution
parametrised by ¢,. Such distribution can take the general form

exp f(x,A 2 o)

P (A Fixia) = ;
&, oexp f(x,A *q)

A4

where f is a real-valued function de ned over X A 2 and parametrised by g. Our
model is agnostic to the particular choice of f, which will be problem-dependent.
Concretely, in our experiments, f is represented through a neural network.

Then, given the dataset (X, A, at=0,...,T ,the parameters g are adjusted
to maximise the likelihood of the data. In other words, de ning the loss

.
Lia)= alogp (A ?j X; ), (4.1)
t=0

the parameters g, can be computed analytically, in simple settings, or using gradient
descent, in more complex settings, such as those considered in our experiments.

Team tracking at runtime

TEAMSTER uses the same team model selection approach as the PLASTIC algorithms
[Barrett et al., 2017], enabling the ad hoc agent to identify the most likely team at
runtime. Themodel selectionyapproach departs from the library of learned team

models, T = p &,...,p @ .Asdiscussed above, each modelp a2 T has been

previously learned, when the ad hoc agent interacted with team k. The agent then
maintains a probability distribution p; over the augmented library T=T [ fp 29,
where p 2 is the model being learned for the current team. The distribution py is
initialised as the uniform distribution and updated at each time step according to the
ability of the different models to predict the observed actions of the teammates.

To describe the update process for p, we rst observe that, given a team model
p 22 T, the probability of executing an action a 2= (al,...,aV) at state isx can be
computed as

N
p %a ®jx), Pp Aj32=a?jX=x = 0Qp"(@]jx), (4.2)
n=1
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where p" represents the individual policy for each agent n 2 f1,...,Ng. Since
all N + 1 agents act simultaneously, without knowing in advance which actions
the rest of the team will execute, their actions are independent. The probability
p &(A 2] x) cantherefore be obtained by multiplying all the individual probabilities
p",n=1,...,N,asshownin (4.2).

Then, at each time stept, given the state X; and the teammates' actions A, a the
loss for each team modelp 2 2 T is given by

losgp %) =1 p (A ?]X),
and we set

pra(p 3= Tpdp (L hlosgp ),

where h is a hyper-parameter that bounds the maximum allowed loss, and r is a
normalisation constant given by:

r= & p(p (L hlos{p %).
p 32T

Algorithm 2 summarises the function that updates the probability distribution  py
over T, called in line 10 of Algorithm 1.

Algorithm 2 Function to updates the team's beliefs at runtime

1: function UPDATETEAMBELIEFYp, T,Xx, A )

2: forp 22T do

3 Compute p 2(A 2jx)= ON.,p"(aj x)

4: Compute los{p =1 p 3A 2jx)

5 Compute prew(P @)= Fp(p (1 hlosg{p ?))
return Pnew

4.0.2 Task identi cation with the learned environment model

Simultaneously, the agent keeps a model E of the environment, also learned as
the agent interacts with previous teams. We consider, in our discussion, the same
environment for all interaction with the previous teams. However, the proposed
approach also admits keeping a library of environment models that the agent can
select in the same way as the teammates.

The environment model

TEAMSTER, in its interactions with different teams, incrementally learns an environ-
ment model, E, comprising estimates P and f for the MMDP parameters P and r (see
Fig. 4.3). The environment model is essential for the planner, because it predicts the
next state, X+ 1, and reward, R+ 1, given the current state, X;, and the team's joint
action, A:.

Much like the team models, we also consider an environment model E parametrised
by a set of parameters ge that are learned/optimised using transitions (x, a,r,x% ob-
served by the agent while interacting with the environment. Speci cally, we consider
that gg = ( gp, ), where gp are the parameters describing the transition probabilities
P and g are the parameters representing the reward function f. Then, given a state
x 2 X and ajointaction a 2 A, P(x, a; gp) denotes the distribution over X prescribed
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FIGURE 4.3: The environment model E. We assume thatE contains a parametrised represen-

tation for the MMDP transition probabilities (denoted as  P) and reward (denoted as ). These

representations are then optimised to accurately predict the transitions observed from the
environment.

by the estimated transition model with parameters gp, and f(x, a; ¢ ) describes the
reward prescribed by the estimated reward function with parameters ¢;.

Recalling that the transition probabilities P consist of distributions over (next)
states conditioned on the current state and action, i.e.,

P(x% x,a)= P X+1= X% X¢ = x,A(= a ,

our model, P, encodes these transition probabilities using some parametrised family
of distributions. For continuous action spaces, a typical parameterisation is to con-
sider that the distribution over possible next states is a Gaussian distribution with
mean m(x, a) and variance s?(x, a). Formally,

P(x%j x,a;0p) = Normal (x®m(x, a; gp), s2(x, a; gp)),

where mand s are functions de ned over X A and parametrised by gp. In more
complex settings, we may instead consider a mixture of Gaussianswvhere

M
P(x%j x,a;0p) = & rm(x,a;gp)Normal (x%my(x, a;0p), s3(X, a;Gp)),
m=1
where r,,m= 1,...,M, are the parameters of the mixture.

In the case of our environments, since X is a discrete space, the transition proba-
bilities are, once again, given by a categorical distribution over X, i.e.,

expfg(x,a,x%ap)g
& xooexp f g(x, a,x%0p) g’

P(x%j x,a) =

for some real-valued function gde ned over X A X  and parametrised by gp.
g corresponds to a neural network in our experiments. Then, given a dataset of

transitions, f (x,,an,x%),n = 1,...,Ng, the parameters gp are computed to maximise
the likelihood of the data, i.e., minimise the loss

N
L(op) = é log P(ng Xn, @n; Op),

n=1

which can be done using, for example, stochastic gradient descent.
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4.0.3 Planning and execution

At each time step t, the agent uses the current probability p; to select a teammate
model p, 2 (line 7 of Algorithm 1). With the teammate model p, ? and the environ-
ment mode E, the ad hoc agent can now select its next action AZ using a planning
algorithm (line 8 of Algorithm 1).

TEAMSTER, concretely, uses an online planning algorithm (UCT [Kocsis and
Szepesvari, 2006]) to plan the actionA2 as a function of the current state of the
environment X;. However, any arbitrary planners, as long as they take as input the
current state Xy, the environment model E and teammate model p 2 and are able
to compute the best action for the ad hoc agent, A2, can be used as this component.
Of ine planners such as value iteration [Littman, 2001], which compute the optimal
policy for the ad hoc agent using dynamic programming, can also be used. However,
they require the domains to have both discrete and relatively small state spaces.
Online planners (such as UCT) are an ef cient way of handling large state and
action spaces, thus being suitable for complex domains. The UCT algorithm, used
in our experiments, builds a search tree using rollouts to estimate the Q-values of
the different actions in the current state x. The tree is expanded using the UCB
heuristic, designed to ef ciently select the most promising nodes to be expanded. To
perform such rollouts, UCT requires the ability to simulate the environment—i.e., the
environment model E—and the actions of the teammates—i.e., the teammate model
p &
After executing the action A2 recommended by the planner, TEAMSTER observes
the actions executed by the teammates,A, 2, the resulting environment state, Xi+ 1,
and corresponding reward, R+ 1 (line 9 of Algorithm 1). The resulting transition,

t(t)= Xo (AL A ), R, Xe1 s

can then be used to update the model E of the environment (line 11 of Algorithm 1)
and the current team model p 2 (line 12 of Algorithm 1).

4.1 Evaluation

This section details the experimental setup (domains and teams) (section 4.1.1), the
evaluation methodology (section 4.1.4) and the obtained results (section 4.1.6).

4.1.1 Environments and Available Teams

In our experiments, we consider four different benchmarks from the multi-agent
systems literature: (i) the Pursuit domain [Barrett, 2014], the NTU domain [Melo
etal., 2019, Hu et al., 2015], the ISR domain [Melo et al., 2019, Hu et al., 2015] and the
Pentagon domain [Melo et al., 2019, Hu et al., 2015].

Pursuit  Our rsttestbed is the Pursuit domain. In this domain, four predator agents
must cooperate to capture a prey. Predators and prey move in a toroidal environment
of M M cells. For instance, Fig. 4.4(a) shows an example of & 5 world. An
episode starts with a random con guration, i.e., the four predators and prey start in a
random position within the environment. The episode ends when a captureoccurs,
i.e., the four predators surround the prey. Figure 4.4(b) shows an example of a capture
con guration.
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We model the state as a tuple (s, S1, S2, S3, S4), Where s is the position of the ad
hoc agent (one of the ghosts in Fig. 4.4(a)),s; to sz represent the positions of the
teammates, ands; is the position of the prey (Pacman in Fig. 4.4(a)). Ina M M grid,
eachs,,n= 0,...,4, takes valuesinthe set 1,...,M? .

At each stept, the prey tries to move (randomly) to one of the adjacent cells. The
predator agents have available 4 possible actions—move up, down, left and right—
each of which moves the agent to the adjacent cell in that direction, if unobstructed.
If any two agents (predator or prey) try to move to the same cell, only one of the two
succeeds (selected randomly), and the position of the other remains unchanged. We
refer to this situation as a collision

We can describe this scenario as an MMDP because the positions of the predators
and prey, attime step t + 1, depend only on their corresponding positions and actions
at time step t.

We consider three different teams in the Pursuit domain, each containing N = 4
agents:

Teammate Aware Team (t1): Agents that run an A* search to nd the shortest path
to the prey, treating teammates as immovable obstacles;

Greedy Team (t2): Agents that move to minimise their individual distance towards
the prey, not taking into account collisions with other teammates;

Probabilistic Destinations Team ( t3): Agents that favour positions closer to the prey
while also avouring positions that allow for circling around the prey, taking
the teammates' locations into account.

NTU, Pentagon and ISR The NTU, Pentagon, and ISR domains [Melo and Veloso,
2009, Hu et al., 2015] in Fig. 4.5 model navigation tasks where N agents are spawned
in random locations of a facility and are given the goal of exiting it as soon as possible.

Teams in NTU contain N = 4 agents and in Pentagon and ISR domain contain N = 3
agents. All three domains abide by the same base rules, yet have different team sizes
and map layouts, some being smaller and easier to navigate and others being larger
and more complex to navigate. They have different state spaces, but the states are

(a) (b)

FIGURE 4.4: Pursuit domain. (a) The worldisa 5 5 toroidal world—i.e., upon exiting one
side of the environment, an agent immediately re-enters in the opposite side. Four predators
(represented as four ghosts) must capture a prey (here represented as Pacman). (b) Example of
a capture con guration. Since the world is toroidal, the orange ghost position is “equivalent”

to standing on the left side of Pacman.
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FIGURE 4.5: CMU-Gridworld domains [Melo and Veloso, 2009, Hu et al., 2015] (NTU, ISR
and Pentagon). Agents must navigate in a grid world in order to each reach an exit while
taking into account collisions.

modelled in the same way. In addition, each domain has a set of exit locations that
may spawn in different cells at the beginning of an episode. An episode nishes
when all agents have exited the facility.

We model the state as a tuple (sg, S1, -..,Sn ), Where g is the position of the ad hoc
agentands;,i 2 f1,...,Ngrepresents the position of teammate i.

Similar to the Pursuit domain, NTU, ISR and Pentagon also come with three
teams:

Altruistic Team ( t;): Each agent computes the distances of all agents to all exits
and selects the combination with the smallest total distance, independently of
their closest goal. They then move towards their assigned exit from the selected
combination.

Sel sh Team ( t): Each agent moves towards its closest available exit, not taking
into account whether some teammate is closer to that exit.

Weighted-Altruistic Team ( t3): Similar to the Altruistic team, agents compute the
distances to each exit for all teammates, but instead of selecting the combination
with the lowest total distance, they randomly select one of the combinations
using as its probability the corresponding distance. In other words, the smaller
the total distance to an exit combination, the higher the probability of it being
chosen.

4.1.2 Baselines

Alongside the original teammates detailed above in section 4.1.1, we evaluate the
following six agents in the role of the ad hoc agent, adding to a total of seven baselines:

TEAMSTER (UCT + learned E + learned T ). Our approach.

PLASTIC-Model (UCT + perfect E + perfect T). PLASTIC-Model has an architec-
ture similar to TEAMSTER. However, there is one key difference: the environ-
ment model E and initial team library T are exact (provided by the agent de-
signer) and not learned. Like TEAMSTER and PLASTIC-Palicy, it also contains
an extra team model, which is learned on the y, enabling the PLASTIC-Model
to adapt to new teams. However, unlike TEAMSTER and PLASTIC-Policy, its
environment model Eis xed, i.e., it does not adapt to environment changes
(e.g., different transition probabilities). Thus, with a xed environment, the
PLASTIC-Model's performance can be considered an upper bound to TEAM-
STER because the latter learns the environment model from experience. It is
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also worth stating that even though we consider PLASTIC-Model to represent
the best possible behaviour in our domains, the UCT planner is nevertheless
approximate, required due to the domains' relatively large state spaces. In our
scenarios, methods such as value iteration [Littman, 2001] can be used to plan
the optimal actions [Barrett et al., 2011, 2017, Barrett, 2014].

Learns Team (UCT + perfect E +learned T ): Learns Team has an architecture similar

to TEAMSTER and PLASTIC-Model. It utilises an UCT planner combined with
both an environment model E and initial team library T. Its environment
model E is exact, like PLASTIC-Model, but the team library T learned like
TEAMSTER and PLASTIC-Policy. Thus, with a xed environment, the Learns
Team's performance can be considered an upper bound to TEAMSTER, because
TEAMSTER learns both the team models and the environment model from
experience, and a lower bound to PLASTIC-Model, which has both perfect
models of the environment and teams.

Learns Environment (UCT + learned E + perfect T): Learns Environment is an

agent converse to Learns Team. Like Learns Team, PLASTIC-Model and TEAM-
STER, it utilises an UCT planner combined with both an environment model E
and initial team library T . Its team library T is exact, like PLASTIC-Model, but
its environment model E learned, like TEAMSTER. Similarly to Learns Team,
Learns Environment can be considered an upper bound to TEAMSTER, since
it has the perfect models of the teams, while TEAMSTER has to learn them
and a lower bound to PLASTIC-Model, which has both perfect models of the
environment and teams.

PLASTIC-Policy. PLASTIC-Policy has a policy library Q = fqq,...,0x0, where each

gk is the Q-function learned when playing team k. TheseQ-functions are learned
during the interaction with the corresponding team and implicitly encode the
teammate and environment behaviour. Alongside this policy library, PLASTIC-
Policy also has ateam library, T = p K ak=1,... K ,where each team model
p, % has an associated policyg 2 Q.

To train each policy g, we used a deep Q-network [Mnih et al., 2015], with the
architecture depicted in Fig. 4.6(b).

The network'’s inputs receive a similar set of features describing the state, and
the output returns an estimated Q-value for the individual actions of the ad
hoc agent. The network consists of two hidden layers with 64 recti ed linear
units and a linear output layer. As the agent interacts with the environment
(and teammates), it stores a set of transitions of the form (x, a,r,y), where r is
the reward received by the agent upon executing action awithin state x and y is
the next state. Such sample transitions are stored in an experience replay buffer
with a capacity for 15, 000samples. We trained the network using the Adam
optimiser [Kingma and Ba, 2014] with an initial step size of 0.001and batches
of T = 32 samples. We also used the standard DQN loss,

=

L(qq) = ?él(rt + g max gp(yt, @) O, (Xt &)) 2,

where g is a discount factor (we used g = 0.95, g°denotes the parameters of the
target network (i.e., a copy of the main network), and (x, &, rt,Y:) represents

the tth sample in a batch [Mnih et al., 2015]. We updated the target network
after each batch update.
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(a) Network for individual teammate policies, py.

(b) DQN network for the Pursuit domain, used as part of PLASTIC-Policy.

(c) Transition network for the Pursuit domain, used as part of TEAMSTER's environment model.

FIGURE 4.6: Different neural network architectures used in the Pur-

suit domain. Input layers are represented as M 1 feature vectors.

Subsequent layers are labelled with the type of activation and (#in-
puts  #outputs).
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Random policy. We also compare the ad hoc agents above with an agent that selects
actions randomly. The performance of this agent can be considered as a lower
bound to TEAMSTER and the other agents.

We run, for each of the four domains, each of the three teams, and each of the seven
agents, 8 trials, adding up to a total of 672 trials. All trials were executed sequentially,
without hand-picking the best runs. We present the accumulated episode reward as
metric, allowing a comparison of the performances of the different ad hoc agents.
Even though we do not report the average decision times, we expect PLASTIC-Policy
to be, on average, faster than the UCT planner agents in terms of seconds to compute
an action for a given state.

4.1.3 Models

Team models Even though the learned team models used by the ad hoc agents
learn the team's policies from collected data, the team policies generating this data
are actually handcoded (in other words, the goal of the team models is to learn
handcoded policies, which are, in turn, stationary). In our implementation, each team
model p, 2 is implemented as a set of individual policies (p¢,...,py), as shown
in Fig. 4.6(a). Since all domains contain a relatively large state space, the policies
py correspond to categorical distributions approximated by feed-forward neural
networks. The input vector of features f (x) describes the state as viewed by agent
n, and the output is a probability distribution over the individual actions of agent  n.
The features of the state of agentn are passed through two hidden layers and then
passed through a nal softmax layer.

To learn the teammate models and build the the library, we train a policy ¢,
afterwards used for PLASTIC-Policy, with each team k for a given pumber of time

steps. During the interaction, we collect a dataset Dy =  (X{, A“f‘) with observed

states and teammate actions, which was then used to train each network p[g in a
supervised fashion, considering only the nth component of each At’k"". We trained
the network using the Adam optimiser [Kingma and Ba, 2014] with batches of 32
samples and an initial step size of 0.001 We selected the network's hyperparameters
by performing an F1-score evaluation on an independent, of ine-generated dataset.
At each time step t, the algorithm uses backpropagation to compute the gradient of
the loss in equation 4.1 with respect to the network parameters, gg+1, and performs
an Adam update.

TEAMSTER's environment model TEAMSTER maintains an environment model
E, which is learned from interacting with the environment. This model includes an
estimate of the transition probabilities, P, and an estimate of the reward function,
f, that are learned in a supervised way as described next. Figure 4.6(c) depicts an
overview of the architecture for our implementation.

Learning the transition probabilities.  To implement our model P of the transition
probabilities, we use a feed-forward neural network designed to take advantage
of the particular structure of our scenario. Speci cally, since the state space X
grows exponentially with the number of agents in the environment, and given
the symmetry of the various agents' motion, we decompose P(x°j x, a) as

N
I’:\)(Xoj X1a) = O pn(SnJ X1a)’ (43)
n=0
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where we use the fact that each statex 2 X can be written as a tuple x =
(so,---,SNn), With s, representing the position of the nth agent in the envi-
ronment (more speci cally, s,...,Sy 1 correspond to the predators and sy
corresponds to the prey). Each p, thus encodes the transition probabilities for
agentn given the full state x and the joint action a. The decomposition in (4.3)
enables signi cantly smaller models that are much more sample ef cient to
learn, at the cost of not being able to learn collision dynamics perfectly. Each pp
is then a categorical distribution over the possible next state of agent n.

The network's input is a concatenation of the following: (i) an integer n 2
f0O,...,Ng,where0,...,N 1correspond to the predators and N corresponds
to the prey, encoded in a one-hot representation; (ii) a set of features f (x),
representing the distances between the agentn and the other agents (predators
and/or prey); and (iii) the actions of the four predator agents, encoded in a
one-hot representation. The network's output layer consists of a softmax layer
with ve outputs, each representing the probability of agent n moving in the
four directions or staying in the same cell.

We trained the network by resorting to an experience replay buffer, with data
collected online, with a maximum size of 15, 000samples. We used the Adam
optimiser [Kingma and Ba, 2014] with a batch size of 32 samples and an initial
learning rate of 0.001 At each iteration, the algorithm uses backpropagation to
compute the gradient of the loss with respect to the network's parameters, op,
and perform an Adam update. All hyperparameters were tuned empirically by
performing an F1-score evaluation on an of ine-generated dataset.

Learning the reward function. We also model the reward function as a feed-forward
neural network. Much like the transition probabilities, we take advantage of
our domain knowledge to improve the sample ef ciency of learning the reward
function by designing the network's architecture accordingly. The reward
network's input is a vector of features describing the distance between the
prey and each predator agent. The network has a single hidden layer with
64 RelLU units, while the output layer has a single sigmoid unit. The reward
is 1 if the predators capture the prey and 0 otherwise, thus verifying UCT's
conditions, in which the reward should be a scalar between 0 and 1 [Kocsis
and Szepesvari, 2006]. As before, we use an experience replay buffer, with
data collected online, with a maximum size of 15,000samples. In addition,
we use the Adam optimiser [Kingma and Ba, 2014] with a batch size of 32
samples and an initial learning rate of 0.001 At each iteration, the algorithm
uses backpropagation to compute the gradient with respect to the network's
parameters, ¢, and perform an Adam update. All hyperparameters were
tuned empirically by performing an F1-score evaluation on an of ine-generated
dataset.

The update to parameters is denoted as a call to function UPDATEENVIRONMENT -
MoDEL in line 11 of Algorithm 1. All hyperparameters for the MCTS, Environment
Model and DQNSs can be found in Tables 4.1,4.2 and 4.3 respectively.

4.1.4 Experimental methodology

In this work, we study if explicitly learning the dynamics of the environment by
relying on model-based techniques allow an ad hoc agent to more ef ciently adapt to
new teams on-the- y. In order to test whether our proposed approach (TEAMSTER)
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TABLE 4.1: Hyperparameters used for the UCT planner (shared by

TEAMSTER and PLASTIC-Model).

Environment Total
Iterations Rollout Depth  Exploration

Maximum ucB Discount
Factor

=

Pursuit 100 5 p 2
NTU 100 10 p 2
ISR 300 50 p 2
Pentagon 300 25 2

0.95
0.95
0.95
0.95

TABLE 4.2: Architecture used for TEAMSTER's environment model
and the team models (same for TEAMSTER, PLASTIC-Model and

PLASTIC-Policy), for all environments.

Model Adam Hidden Hidden Units Activation
Learning Rate Layers per Layer Function
Transition 0.001 2 256 RelLU
Rewards 0.01 2 64 RelLU
Team 0.001 2 48 RelLU

TABLE 4.3: Architecture used for PLASTIC-Policy's DONSs.

Environment Adam Hidden Hidden Units Activation e-Greedy e-Greedy Initial Random Steps Target Update
Learning Rate  Layers per Layer Function Start e End e (Buffer Initialisation) ~Frequency (Steps)
Pursuit 0.01 2 64 RelLU 0.50 0.05 0 1
NTU 0.01 2 512 RelLU 0.75 0.05 10000 3
ISR 0.001 2 512 RelLU 0.95 0.05 15000 4
Pentagon 0.001 2 512 RelLU 0.95 0.05 15000 4

is better than PLASTIC-Policy at more ef ciently using its experience when moving
from team to team, we setup an evaluation procedure where the ad hoc agent is
able to learn how to interact with each team sequentially and evaluated in between
these interactions on all teams. For each environment and for each ad hoc agent, our

evaluation procedure is as it follows:

1. The agent is paired with team t;;

2. The agent together with team t; interacts with the environment for T timesteps;
the ad hoc agent collects experience and learns from it. The timesteps for each
domain were chosen by assessing how long it would the policy algorithms used
by PLASTIC-Policy to converge to a performance close to that of PLASTIC-

Model.

3. Every 10%of the interaction, the learning is paused and the team's performance
is evaluated by measuring the accumulated reward. These results allow study-
ing how each agent behaves from a pure reinforcement learning perspective;

4. After the T timesteps, the interaction ends and the ad hoc agent stores the
information about team t; in its library;

5. The agent is deployed into each of the teamstq,t, and t3 and evaluated by
measuring the team's accumulated reward. This step allows for assessing how
experience collected from interacting with a single team can be used to perform
with the rest.

6. The process repeats with teamt ;

To summarise, our evaluation has two main goals:
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1. Assessing whether TEAMSTER's model-based design provides performance ad-
vantages over PLASTIC-Policy's model-free design, when sequentially learning
new teams.

2. Assessing how going from an approach using an UCT planner relying perfect
models (PLASTIC-Model) to an approach using an UCT planner relying on
learned models (TEAMSTER) affects performance. This is achieved by evalu-
ating PLASTIC-Model, TEAMSTER and the two baselines Learns Team and
Learns Environment.

4.1.5 Additional Experiments

Apart from the main evaluation detailed in section 4.1.4, we conduct two additional
experiments on the Pursuit domain with the PLASTIC-Model, PLASTIC-Policy and
TEAMSTER agents: (i) an experiment where all agents are allowed to interact with
a new team for a three times as many timesteps as in the prior evaluation and (ii)
an experiment where all agents interact with a larger version of the environment
(10 10):

e Larger World Adaptation Experimenthis experiment has the goal of assessing
whether TEAMSTER's continuously trained environment model is better able
to adapt to a larger environment when compared with PLASTIC-Policy. In this
stage we evaluate all agents in an ad hoc teamwork setting where the environ-
ment increases in size from5 5to 10 10. We repeat the same procedure of
the rst evaluation. Therefore, this evaluation's primary goal is to show that
our approach can adapt to a larger environment and, subsequently, a more
complex task (showcasing its scalability). In addition, the three ad hoc agents
use the knowledge acquired during the original evaluation. We note, however,
that—by construction—only TEAMSTER updates its environment model. This
difference between the three agents is one of the differentiating factors between
TEAMSTER and the two PLASTIC algorithms: PLASTIC-Model merely uses its
environment model. PLASTIC-Policy, on the other hand, does not maintain an
explicit environment model: it is “embedded” in the teammate representation,
and the agent cannot update the environment model independently of the
teammate model.

« Performance Convergence Experimértis nal experiment has the goal of study-
ing the asymptotic performance of both TEAMSTER and PLASTIC-Policy, and
comparing them against the performance of PLASTIC-Model. We aim to an-
swer two research questions: (i) Even though PLASTIC-Model does not rely on
function approximation techniques, can TEAMSTER still converge to PLASTIC-
Model's performance, given enough time to learn? (ii) Does PLASTIC-Policy
eventually converge to TEAMSTER's performance, given enough time and/or
data to learn? In order to force PLASTIC-Model to learn the team model as well
(effectively reducing PLASTIC-Model to the “Learns Team” agent), we setup a
new team for this experiment by mixing the different teammate types from the
three previous teams. We refer to this new team as "Mixed'. Agents are then
placed in an environment with the Mixed team, and interact with it for three
times as long as with each of the three original teams (15, 000timesteps). Every
500timesteps, we stop the interaction and assess the performance of each agent.
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