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Abstract

Across many domains, the ability to work in teams can magnify a group's abilities
beyond the capabilities of any individual. While the science of teamwork is typically
studied in organizational psychology (OP) and areas of biology, understanding how multiple
agents can work together is an important topic in arti cial intelligence (Al) and multiagent
systems (MAS). Teams in Al have taken many forms, including ad hoc teamwork [226],
hierarchical structures of rule-based agents [233], and teams of multiagent reinforcement
learning (MARL) agents [13]. Despite signi cant evidence in the natural world about the
impact of family structure on child development and health [122, ], the impact of team
structure on the policies that individual learning agents develop is not often explicitly
studied. In this thesis, we hypothesize that teams can provide signi cant advantages in
guiding the development of policies for individual agents that learn from experience.

We focus on mixed-motive domains, where long-term global welfare is maximized

through global cooperation. We present a model of multiagent teams with individual
learning agents inspired by OP and early work using teams in Al, and introduceredq,
a model that de nes how agents optimize their behavior for the goals of various groups
they belong to: themselves (a group of one), any teams they belong to, and the entire
system. We nd that teams help agents develop cooperative policies with agents in other
teams despite game-theoretic incentives to defect in various settings that are robust to
some amount of sel shness. While previous work assumed that a fully cooperative pop-
ulation (all agents share rewards) obtains the best possible performance in mixed-motive
domains [266, 71], we show that there exist multiple con gurations of team structures and
credo parameters that achieve up to 33% more reward than the fully cooperative system.
Agents in these scenarios learn more e ective joint policies while maintaining high reward
equality. Inspired by these results, we derive theoretical underpinnings that characterize
settings where teammates may be bene cial, or not bene cial, for learning. We also pro-
pose a preliminary credo-regulating agent architecture to autonomously discover favorable
learning conditions in challenging settings.
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Chapter 1

Introduction

Observed in both animal and human behavior, the ability to work in teams can magnify a
group's abilities beyond those of any individual. The evolution of how cooperative behavior
emerged among humans was one of 20®&ence Magazins top 25 questions facing science
over the following 25 years [39]. Cooperation, teamwork, and social relationships are
central to the development of human cognition and contribute to the success of many
endeavours [146]. However, almost 20 years later, the emergence of cooperation among
humans is still not well understood. As arti cial intelligence (Al) agents further interact
with people, agents will need to understand how and when cooperation is necessary or
desirable. As a result, there is growing interest in making the study of cooperation central
to the development of Al and multiagent systems (MAS) [38, 39]. In a human context,
there is signi cant evidence demonstrating the importance of family stability and structure
on child development and health [122, ]; however, the impact of social structure on
individual learning agents in Al is often overlooked. In this dissertation, we explore the
role that teams play in the development of individual learning agents' policies to better
understand the impact that team structures have on learning in Al.

The science of teamwork and social connection is widely studied across various dis-

ciplines in the natural sciences [7, ]. Researchers in organizational psychology (OP)
and biology have studied how teams increase the collective e orts of all sub-groups and
individuals within a team [271, , : ]. Interdependence theory has formalized the

importance of mutuality and the degree of dependence for the performance of interpersonal
relationships [108, ]

Understanding how multiple agents can work together has been an important topic in
MAS for many decades. Early work with teams in Al experimented with agents sharing



their beliefs, intentions, and organizing a group into decomposed structures of sub-teams
with a shared overall goal [75, ]. That work showed how decomposing a task into sub-
tasks to be solved by sub-teams (within the larger team) could achieve state-of-the-art task
completion performance in team settings with simple rule-based agents. More recent work
with teams in Al focuses on ad hoc teamwork or teams of multiagent reinforcement learning
(MARL) agents. Ad hoc teamwork studies how multiple individual agents can coordinate
their behavior in zero-shot settings [226]. MARL focuses on how multiple agents can learn
to coordinate their behavior over time [30] and teams are typically explored in cooperative
or competitive domains (i.e., one cooperative population or two competing teams). MARL
has made signi cant advances in these domains by designing algorithms to guide individual
agents towards learning coordinated policies [195]. However, cooperative and competitive
domains o er limited opportunities for agents to learnhow or when to cooperate with
others [12] and typically overlooks the possibility of sub-teams with variations in their
incentives.

There has been an increasing interest in the study of mixed-motive domains [115],
environments that are not purely cooperative or purely competitive and as a result, agents'
incentives may align some amount of the time. High levels of long term rewards in mixed-
motive domains can be obtained through mutual cooperation; however, agents have the
short-term incentive not to exhibit cooperative behavior. If all agents learn non-cooperative
behavior, all agents receive poor outcomes. Investigating the impact of group size and
structure on system stability has been argued as a way to relate Al research to ndings
in the natural sciences [163]. We aim to reinvigorate the study of teams in Al using
individual reinforcement learning (RL) agents in contexts where agents may have di erent
incentives. We emphasize the exploration of teams in mixed-motive domains to study how
team structures (the number and size of teams among a population) in uence how agents
learn when how, and with whom to cooperate, each concept being an important area of
research in Al. We draw signi cant inspiration from OP in our design of team structures
with individual learning agents. These settings allow us to study the impact of teams
and the degree of agents' aligned goals on how agents develop their policies, as well as
understand the potential side-e ects and pitfalls of poorly constructed team structures.
We believe this work is of interest to researchers across Game Theory, MAS, and MARL.
We view our biggest contribution as being within MARL, highlighting the impact and
in uence that population structure has on the policies that individual agents learn. Thus,
we argue that researchers and engineers should carefully consider the social structure of
populations when designing learning agents within speci ¢ environments.



1.1 Thesis Statement
The hypothesis being studied in this dissertation is:

Teams can provide signi cant advantages in guiding the development of policies
for individual agents that learn from experience.

To explore this hypothesis, the remainder of this dissertation investigates the following
research questions:

1. Can organizing a population of agents into teams impact the behavior
that is learned by individual agents?

(a) Can teams change the underlying game-theoretic properties of mixed-motive
domains?

(b) Can teams promote cooperation in the context of mixed-motive domains?

(c) Canteams guide agents to develop globally bene cial joint policies despite mixed
incentives?

2. How do various degrees of common interest for shared goals impact the
behaviour learned by agents in teams?

(a) Do teams impact the amount of common interest necessary for globally favorable
results in di erent domains?

(b) Do dierent levels of common interest impact game-theoretic equilibria in the
context of team structures?

(c) Can mixed incentives support agents in learning globally favorable joint policies
in the context of teams?

3. Can we derive theoretical constructs about the impact of team structures
on how agents learn?

(a) Can teammates help agents explore and identify valuable areas of the state
space?

(b) Do team structures and shared goals impact the ability for agents to perform
e ective credit assignment?

(c) Do settings exist where speci c team structures may not be bene cial or desired?
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1.2 Motivating Examples

We identify several real-world, motivating examples that inspired various stages of this
research. These are situations where insights from this dissertation may have some impact
if adapted into real-world settings, either by constructing teams or changing incentive
structures among a population.

1.2.1 Wildland Fire Fuel Mitigation

Wild res claim many lives and cost communities billions of dollars every year [183]. Cali-
fornia's wildland fuel mitigation defensible space code (CA PR&291) describes required
practices for removing ammable vegetation around buildings to reduce wild re risk and
maintain a defensible space for re ghters. The code states that landowners must \main-
tain a defensible space of 100 feet from each side and from the front and rear of the
structure, but not beyond the property line" [62]. However, the code is not able to ensure
that neighbors mitigate their properties if a structure is within 100 feet of the property
line, since landowners are unable to be held liable for the independent actions of their
neighbors (i.e., placing a structure close to the property line).

The current state of California's defensible space code presents a social dilemma that
humans currently do not solve. A neighborhood is safer if all landowners mitigate around
all structures (regardless of property lines), but mitigating carries a cost for the property
owner. One study found that 98% of the 686 buildings damaged in the 2018 Woolsey Fire
had insu cient, but technically legal, vegetation mitigation practices [164]. Changing the
vegetation mitigation code to require all buildings to be protected would disproportionately
impact homeowners since those with more neighboring structures close to their property
lines would incur greater mitigation costs. Furthermore, policing mitigation practices is
costly due to the high cost of manual surveys and terrestrial vegetation scanning. While we
have previously developed a method for less expensive widespread vegetation monitoring
using deep learning and remotely sensed data [190], the incentives to mitigate properly are
not currently strong enough for individuals to solve this dilemma.

Elinor Ostrom's Nobel Prize winning work in economics recognized that self-monitoring
and enforcement are necessary for a group to solve social dilemmas [169]. We believe that
teams can improve self-monitoring and enforcement to promote aspects of Ostrom's work.
We hypothesize that teams could create incentives to mitigate risky areas of ammable
vegetation that are currently considered legal under the California's defensible space code.
Furthermore, teams that comprise neighborhoods and communities could better allocate
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resources to optimize mitigation e orts and conform to their own localized social norms of
behavior.

1.2.2 Team Sports Analytics for Invasion Games

In 2002, the Oakland Athletics adopted an approach to constructing and managing baseball
teams, starting a revolution in sports analytics that was popularized by the book and movie
Moneyball [130], using empirical statistics as a basis for roster management. Two decades
later, most baseball teams employ sta s of analysts that support coaching and management
decisions with quantitative data [56]. Baseball is classi ed as a \striking game" [57] due
to its episodic and repetitive structure, allowing for relatively easily collected data that
lends itself nicely to statistics. However, statistics alone are unable to fully capture the
complexity of \invasion games" [57], de ned by using a goal or hoop where attacks rely on
invading opponent territory and players can interact anywhere on a playing surface (e.g.,
football (soccer), ice hockey, and basketball). Teams in invasion games rely on sub-groups
of players that play together as one cohesive group under various incentive structures;
thus, we posit that sports analytics for invasion games are another domain where our
research could be useful. Invasion games support the advancement of multiagent research
by providing enclosed, structured environments with an abundance of data collection to
adapt various ndings from our dissertation to the real world.

Multiagent problems in invasion game sports analytics involve several levels of com-
plexity and time horizons. Coaches must identify players that coordinate well together,
devise team-based strategies, and construct best responses during a match to outperform
opponents. This requires a rich understanding of joint policies, di erent types of roles
within a team, and the impact of group structures on player development. Managing a
sports team requires long-horizon planning across multiple seasons, an environment which
emphasizes the importance of modeling long-term emergent of behavior, identifying role
specialization among a roster, and constructing monetary incentives to promote the emer-
gence of certain behaviors. The contributions of this dissertation touch on all of the above
aspects, emphasizing the importance of team structure, personal or group incentives, and
joint policies on agents' abilities to e ectively work together. In short, we believe that
multiagent systems is to invasion games what statistics is to striking games, and that the
research in this dissertation is one example of how concepts in these dierent elds can
intersect.



1.2.3 Research Contributions

In this dissertation, we make the following research contributions:

1. We de ne a model of teams with individual learning agents for multiagent environ-
ments inspired by organizational psychology (OP) and early work with teams in Al.
We show how individual reinforcement learning agents in teams can learn cooperative
behavior in social dilemma environments where they have game-theoretic incentives
to not to cooperate (Figures 4.1 and 4.2). In a gridworld environment, agents divided
into multiple teams autonomously learn role specialization and global joint policies
that achieve up to 33% more reward than the fully cooperative population (Figure 4.3
and Figures 4.5-4.8). This is signi cant since the fully cooperative system has previ-
ously been assumed to maximize reward in mixed-motive environments [266, 71].

2. Using our model of teams, we introduceredg, a model that de nes how individual
learning agents optimize their behavior for the goals of various groups they belong to:
themselves (a group of one), any teams they belong to, and the entire system. Our
results show that agents with high team-focus learn cooperation and are robust to
some degree of sel shness in settings where they have the game-theoretic incentive to
not cooperate (Figure 5.8). Team-focused agents learn to not be exploited by sel sh
agents and learn mutual cooperation with other team-focused agents in other teams
(Figure 5.6). In a gridworld environment, we identify two credo parameter scenarios
that achieve the highest reward (Figures 5.11, 5.12, and 5.13); when agents have high
team-focus and when high system-focus agents are also slightly self-focused. Agents
in these scenarios autonomously learn role specialization and e cient global joint
policies that signi cantly outperform the fully cooperative population.

3. We provide theoretical underpinnings to further understand the conditions under
which teammates may be bene cial for individual learning agents (Theorem 1), as
well as scenarios where too many teammates may create settings where learning is
di cult (Theorem 2). To this end, we perform an extensive empirical evaluation
showing how our theoretical ndings are consistent across multiple learning algo-
rithms and environments (Figures 6.3 to 6.11).

4. We design and implement a self-tuning credo agent to autonomously discover favor-
able learning conditions for a de ned team structure through regulating credo pa-
rameters (Figure 6.12 and Algorithm 1). Each agent acts in the environment using a
low-level behavioral policy and maintains and updates their individual credo param-
eters using a high-level credo policy. We perform a preliminary empirical evaluation
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and show how self-tuning credo agents are able to modify their credo parameters to
shape their reward function and learn a joint policy that achieves more reward than
their initialized con guration (Figure 6.14).



1.3 Research Area

This subsection de nes the scope of research conducted as part of this dissertation and
is also summarized in Figure 1.1. This research lies in the intersection of three areas:

multiagent systems, reinforcement learning, and organizational psychology and multiteam
systems.

Figure 1.1: The focus of this dissertation as it relates to other elds and research topics.

Multiagent systems (MAS) is an area of research that is concerned with systems con-
taining more than one (intelligent) agent that learns to make decisions [227]. Agents
in MAS can either have static behavior or learn from experience. We consider individual
agents that learn from their individual experiences using reinforcement learning (RL) [230].
RL is a eld of machine learning where an agent has the goal of acting \optimally" in a
dynamic environment by maximizing numerical feedback signals (i.e., rewards). For RL
agents in MAS environments, the optimal policy depends on both the environment and the
policies of all other agents in the system. Learning in MAS using RL has formed its own
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sub- eld, multiagent RL (MARL) [85]. MARL algorithms can take many forms depending
on the dynamics of the underlying environment. For example, agents can work together
with aligned goals, be in direct competition with con icting interests, or have mixed incen-
tives. Limited Al research has been conducted with multiple teams that are not in direct
conict (i.e., not in zero-sum competition). This environment is similar to settings that are
studied in organizational psychology (OP) and multiteam systems (MTSs), social science
disciplines that focus on how human teams are formed, constructed, and maintained [143].
Our work does not make any direct contributions to the elds of OP or MTSs; however,
we aim to utilize relevant ideologies from these elds in MAS using individual RL agents.
Thus, we show how team and organizational structures from OP and MTSs impact di er-
ent settings in MARL and heavily in uence how agents learn. Hence, our research lies at
the intersection of all three of these elds of research.



1.4 Thesis Overview

The dissertation begins by detailing the related literature that our work is situated within
or builds on (Chapter 2). This is followed by a series of chapters that detail our work
exploring this dissertation's thesis statement and understanding the impact of teams on
how individual agents learn from experience in multiagent systems.

Chapter 3: This chapter presents our model of teams for individual learning agents
inspired by early work with teams in Al and OP. Furthermore, we provide an overview of
all environments used in our empirical evaluations.

Chapter 4:  The work in this chapter was published at the International Joint Confer-
ence on Arti cial Intelligence (IJCAI) in 2022 [184]. We present an initial analysis of how
the implementation of team structures into populations of individual learning agents can
help agents achieve globally bene cial outcomes. We perform a game-theoretic analysis
to understand how team-shaped reward functions impact the various incentives of agents
playing the Iterated Prisoner's Dilemma (IPD) matrix game. Our empirical analysis pro-
vides an understanding of how RL agents learn in the context of game-theoretic incentives
when divided into various team structures (i.e., di erent numbers and sizes of teams within
the population). Our results show how agents are able to learn favorable policies of global
cooperation in the IPD despite game-theoretic incentives suggesting they are better o not
cooperating. In the more elaborate Cleanup Gridworld Game social dilemma environment,
our results show that the population obtains signi cantly more reward when agents are
divided into several smaller teams with mixed incentives between teams when compared
to a fully cooperative population. Global reward equality is also found to remain high in
environments of multiple teams with mixed incentives between teams; however, this work
assumes agents' goals are fully aligned with those of their teammates.

Chapter 5:  The work in this chapter was published at the Autonomous Agents and Mul-
tiagent Systems (AAMAS) conference in 2023 [185]. This chapter removes the assumption
that agents are fully aligned with their teammates and studies settings where agents may
optimize for various goals. We presentredo, a model that regulates how agents optimize
for multiple objectives in the presence of teams. The noun credo, de ned as \the aims
which guide someone's actions" [224], appropriately describes our model of how agents
optimize for various goals. We perform a game-theoretic analysis with teams and credo
to show how various incentives are impacted by credo parameters and the environment.
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In the Cleanup Gridworld Game, we discover multiple credo con gurations that achieve
the highest mean population reward: when agents in a large group are slightly sel sh
or when agents mostly optimize their behavior for smaller teams even in situations with
some amount of sel shness. High reward is achieved by agents learning e cient joint poli-
cies through division of labor, whereas the fully cooperative population fails to learn this
behavior.

Chapter 6:  The work in this chapter was published at IJCAI in 2023 [186] and appears in
the Adaptive and Learning Agents (ALA) workshop at AAMAS in 2023 [191]. This chapter
studies why, and under which conditions, certain team structures (Chapter 4) and group
alignment (Chapter 5) outperform others. We derive theoretical underpinnings for teams
along two lines of inquiry which help agents learn initially but eventually lead to diminishing
returns. First, we show how teammates help agents identify valuable areas of the state
space more easily than if they did not have teammates. Second, we show how the size of a
team impacts the ability for agents to perform e ective credit assignment and can create
settings where it is di cult to learn { the variance in reward converges to zero, resulting in

no meaningful information for agents to learn. We support our theoretical ndings with an
extensive empirical analysis across four di erent environments with three di erent types

of learning algorithms. Our empirical results with learning agents align with our theory,
showing how team reward, role specialization, and learning characteristics are impacted
across all environments and algorithms in our evaluation. Motivated by our theoretical and
empirical ndings, we conduct preliminary work on the design and implementation of self-
tuning credo agents that are able to modify their own credo parameters in a decentralized
system. These agents are able to receive the bene ts of teams while recovering stronger
reward signals in settings where learning is challenging. A preliminary evaluation shows
how these agents are able to autonomously discover e cient joint policies despite being
initialized with known sub-optimal credo parameters given a speci c team structure.

Chapter 7:  This chapter presents an overview and conclusions about the work in this

dissertation. We revisit our motivating examples to discuss how the insights provided in

this work might be used as an approach to study interesting problems in those domains.
We discuss the broader implications and ethical considerations of our work and make
connections between concepts in our work and the natural world. Finally, we present
direct short-term and broader long-term possibilities for future work.
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Chapter 2

Background and Related Work

This chapter presents important background material and related research for this dis-
sertation. We begin by introducing features of reinforcement learning (RL) in the single
agent setting; speci cally, Markov Decision Processes (MDPs), value functions, and types
of RL algorithms. Next, we introduce Deep RL and present examples of existing Deep RL
algorithms. We use agents that learn using various RL and deep RL algorithms throughout
the evaluations in Chapters 4, 5, and 6 to understand how teams impact di erent types
of learning algorithms. We then shift to the multiagent setting and introduce stochastic
games and existing multiagent RL (MARL) approaches that we use throughout this disser-
tation. We include background on organizational psychology (OP) and multiteam systems
(MTSs) that motivate our research using Al agents, and discuss the history of teamwork in
multiagent systems that is related to this dissertation. This chapter lays the groundwork
for subsequent chapters. The learning algorithms we use in this research are presented
here, but we leave implementation speci cs to the following chapters.

2.1 Reinforcement Learning (RL)

Reinforcement learning (RL) is a eld of machine learning that deals with an agent learn-
ing what to do, by mapping situations to actions with the goal of maximizing a numerical
reward signal [230]. The learning agent is not told which actions to take, but must in-
stead discover the actions that yield the most reward through their execution over discrete
timestepst 2 N in an environment. We implement agents using RL algorithms throughout
this dissertation; therefore, we provide speci ¢ underlying details about how learning works
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with various types of RL. In single-agent RL, an agent operates in a sequential decision-
making environment modeled as a Markov Decision Process (MDP) [230]. An MDP can
be formally de ned as follows:

De nition 1. A Markov Decision Process (MDP) is de ned adS; A;R; P; i whereS is
the set of statesA is the set of actions the agent can tak® is the reward function for
the agent,P is the transition function that transitions the agent to a new state following
an action in a previous state, and < 1is a discount factor to discount future rewards
more than near-term rewards.

At each timestep, the agent takes some actioa 2 A while being in states. The
agent transitions to a new states® with some probability P(s; a;s) and collects reward
R(s;a) 2 R. The reward functionR represents the goal of the RL problem; thus, the reward
R(s; @) de nes what are the good and bad state-action transition events for the agent [230].
The behavior of an agent can be represented bypalicy :S! ( A), where ( A) denotes
the space of all probability distributions over the agent's action space. A trajectory up to
time t is de ned as a collection of state-action pair§(so; ag); (St 1;& 1)0.

An agent's value function speci es the long-term value of being in a certain state (i.e.,
the total amount of discounted future reward an agent can expect to accumulate from that
state, or return [230]). While the rewardR(s;a) provides immediate feedback of taking
an action a in state s, the value function accounts for the states that the agent is likely
to visit after state s. Thus, a state may yield low reward for any action but have a high
value in the case that the following states typically yield high rewards. The agent learns to
select actions based on this value estimate of a state instead of the explicit rewards because
actions with high value will return the highest reward over the long run [230].

The value function of states under policy , v (S), is the expected return when starting
in state s and following thereafter. This can be formally de ned at any timestept as:
n #
s
v(s)= E KRizks1jS' = s (2.1)
k=0

for all s2 S. While v (s) calculates the value of a particular state, we can also calculate
the value of a speci c actiona from a particular state s under policy . This is denoted
by a Q-value, Q (s;a), and is de ned as the expected return from taking actiora in state

s and following thereafter, calculated by:
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" #
b3
Q(s;a=E KRizs1jS' = s;Al = a ; (2.2)
k=0

The Q-values of all state-action pairs is known as thaction-value function for policy
[230]. The functionsv (s) and Q (s;a) can be estimated from experience while an agent
is following policy by maintaining estimates over state values and state-action value
combinations.

One policy is considered to bebetter than another policy Cif it's expected return is
greater than or equal to that of °for all states (i.e.,v (S) V o(S)8s2 S) [230]. In nite
MDPs, whereS, A, and R all have a nite number of elements, there always exists at least
one policy that is better than or equal to all other policies, called theptimal policy. The
goal of the learning agent in a nite MDP is to learn this optimal policy . The optimal
policy has the optimal state-value function, de ned ass (s) = max v (s) for all s 2 S,
and the optimal action-value function, de ned asQ (s;a) = max Q (s;a) forall s2 S
and a2 A. For any state-action pair, we can writeQ (s;a) in terms of v (s):

Q(s;a)= E R™ + v (S")jS'=s:Al=a : (2.3)

Convergence to an optimal value function is guaranteed in the single-agent case [230];
thus, the value functionv (s) and state-action value functionQ (s; a) are able to be directly
solved. Once an agent hag , the optimal policy can be extracted by selecting the action
with the highest expected discounted future return by solving:

v (s) = max E R* + v (S")jSt=s;Al = a : (2.4)

Solving Equation 2.4 requires calculating the expected return for each action A
however, if the agent already has the optimal state-action value function, it can simply
select the actiona that maximizesQ (s;a) without needing to explicitly solve Equation 2.4
in state s. Thus, the state-action valuesQ (s;a) cache the values of Equation 2.4 to be
available regarding each state-action pair at any timestep. While maintaining the state-
action function Q requires additional cost of modeling state-action pairs instead of just
states, the agent does not need to know anything about the environment's dynamics and
successor states to select optimal actions and construct. Algorithms that maintain
estimates of value and act accordingly are calledodel free whereas algorithms that model
the transition probabilities and build a world model are callednodel basedWe use model
free algorithms throughout this dissertation.
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Another main distinction between types of RL algorithms ison-policy or o -policy
algorithms. On-policy algorithms are those that attempt to evaluate or improve the policy
that is being used to make decisions [230]. In control domains like in MDPs, the state-
action value Q (s;a) must be estimated for the current behavior policy and all states
and actions in the environment. One example of an on-policy RL algorithm is SARSA, a
temporal di erence control algorithm that estimatesQ-values using tuples of state, action,
reward, next state, and 's next chosen action (i.e., on-policy). O -policy algorithms
evaluate or improve a policy di erent from the one that is being used to generate the
data the policy learns from in the environment [230]. To learn the optimal policy, o -
policy algorithms can use two policies: one that learns from data and ultimately becomes
the optimal policy (i.e., a target policy) and one that is more exploratory and generates
various types of state-action pairs to be used for learning (i.e.,l@havioral policy). Since
the data used for training the target policy comes from the behavioral policy, this type of
algorithm is consideredo -policy . We use both on-policy and o -policy methods in this
dissertation to analyze the impact of teams with both types of learning algorithms.

2.1.1 Exploration vs. Exploitation

One of the unique underlying features of RL compared to other types of learning is the
trade-o between exploration and exploitation of the state space. The goal of the agent
is maximize it's sum of discounted future rewards; however, unless the agent is already
following , choosing actions that the agent believes returns the highest reward may cause
it to forego alternative actions that are more valuable. To discover the actions that result in
the most reward, the agent musexplorethe set of actions and experience their outcomes;
however, pure exploration does not help the agent obtain high rewards. Thus, the agent
must also exploit it's acquired knowledge regarding the value of actions some amount of
the time to gain rewards in the environment. Neither pure exploration or pure exploitation
can be done by the agent without failing at the task of maximizing rewards [230].

This dilemma has been studied for decades without resulting in any clear solution. Cur-
rently, several exploration algorithms are commonly used to assist the agent in balancing
the exploration-exploitation trade-o . On-policy and o -policy RL algorithms inherently
deal with exploration di erently. O -policy algorithms learn from data collected using dif-
ferent policies that can be very exploratory, whereas on-policy algorithms learn from the
data generated by the current policy and being very exploratory can be costly to learn-
ing. One of the most common exploration strategies regardless of learning algorithm is

-greedy exploration, where the agent selectsam@( (s; @) with probability , otherwise it
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selects a random action. Other strategies rely on state visitation frequency or exploration
entropy to increase an agent's exploration [230]. We usegreedy exploration in our RL
algorithm implementations throughout this dissertation and draw comparisons between
the exploration-exploitation trade-o and how an agent's teammates' behaviors promote
exploration in Chapter 6.

2.1.2 Q-Learning

Q-learning is a popular model-free RL algorithm that maintains a state-action value func-
tion Q (s;a) for every state-action pair (i.e.,Q-learning is value-based). We us@-learning
in Chapter 6 to understand how teams impact simple RL agents in domains with small
state spaces. An agent using &-learning algorithm operates in an MDP and takes an
action a in a state s at each timestept. Q-learning is easily implemented in single-agent
settings with discrete state and action spaces, whe€ (s;a) is maintained in a Q-table of
sizejSj j Aj and each value for a state and action is called @-value. The Q-values are
iteratively updated using the following rule:

h i
Q*(s;a) Qs+ (n+ maxQ'(sha) Q'(sia) ; (2.5)

where 2 [0; 1] is the learning rate. TheQ-learning update is similar to that of SARSA,
the on-policy algorithm discussed in Section 2.1.1; howevé);learning uses the maximum
Q-value for the next states’instead of the one chosen by the current policy. Convergence
is guaranteed to a xed point of optimal state-action value functiorQ (s;a) when satis es

the following rules over timestepg of learning [98]:

p3 X
t=1 ( H'<1: (2.6)

t=0 t=0

The policy at this xed point is considered the optimal policy by selecting the action with
the maximal Q-value at each state. It is also common to use a di erent policy for action
selection than the one being constantly updated; thus, agents often useasget policy to
decide actions makingQ-learning an o -policy algorithm as de ned in Section 2.1.1.
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2.1.3 Policy Gradients

Q-learning optimizes a value function and takes actions that will result in the maximum
expected discounted reward { the policy is directly extracted from the value function.
Policy gradient (PG) algorithms are another type of RL optimization that updates the
policy directly using stochastic gradient descent (SGD). Thus, these algorithms are not
limited to a tabular representation of the policy (like Q-learning) and can act in high
dimensional action and state spaces. We use policy gradient algorithms throughout our
empirical evaluations.

The parameters of a PG policy are updated by:

rJC )=E & [ log (as)Q (s;a)]; (2.7)

whereJ( ) represents the expected sum of discounted rewards following policy(param-
eterized by ), s represents sampling a stats from a distribution generated though
actions sampled from policy (a ), and Q represents the action-value function of
the policy

2.2 Deep Reinforcement Learning

Due to scaling di culties in state and action spaces, RL algorithms were typically limited
to simple environments. For example, the&-table in Q-learning scales linearly with the
number of states and is polynomial in the number of actions available at each state (since
the Q-table has sizgSj j Aj). To expand to larger and more di cult environments, RL
algorithms needed a way to approximate these spaces.

Deep neural networks are proven to be universal function approximators given enough
depth or width of neurons [91]. In the context of RL, deep neural networks have been
adopted to approximate theQ-values at any state (removing the tabular constraint) or
directly represent the action-taking policy given a state. The space complexity of a neural
network is constant in the number of possible states it could experience; thus, function
approximation using a neural network has allowed RL to scale to environments with high-
dimensional state and action spaces. The integration of deep neural networks into the
RL pipeline created deep reinforcement learning (deep RL), and is responsible for many
signi cant breakthroughs in recent years (detailed below). In this dissertation, we imple-
ment most of our agents using deep RL algorithms to expand to environments with large
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state spaces. This allows us to analyze the impact of teams across more complex learning
environments.

2.2.1 Deep Q-Networks (DQN)

One of the simplest deep RL algorithms is the value-based method inspired Qylearning

in Section 2.1.2 { DeepQ-Networks (DQN) [153]. We implement agents using DQN in
Chapters 4, 5, and 6 of this dissertation. Similar ta@Q-learning, a DQN agent operates
in an MDP composed of states, actions, and rewards; however, the DQN implementation
introduced several key methods that were necessary to address learning instabilities and
distribution shifts for DQN to learn e ectively. First, they present the idea of experi-
ence replay{ stashing previous experiences in a replay bu er for the network to learn
from to reduce changes in the data distribution (i.e., the networks train on aninibatch

of past experiences at each training iteration, chosen randomly). Second, similar to how
Q-learning uses two policies, they introduce the idea of updating th@-value estimations
from the original (training ) network (i.e., policy with parameters ) towards an identical
secondarytarget network to stabilize the learning procedure (i.e., policy with param-
eters ). Both networks take the state as input and estimate theQ-value of all possible
actions; however, only the training network trains regularly and the parameters of the
target network are replaced with the parameters of the training network at regular inter-
vals (i.e., everyC environmental steps). Lastly, the original DQN implementation uses a
convolutional neural network (CNN), a speci ¢ kind of neural network typically used for
images and high-dimensional data. This detail is specic to the original implementation
domain [153]; however, the DQN algorithm is general and can be implemented with any
type of deep network. In our implementation, we use a multi-layer perceptron (MLP) given
one-dimensional states instead of images [73].

During learning, the DQN algorithm minimizes the mean squared error (MSE) between
the training network Q-value estimate and the target networkQ-value estimate to compute
aloss Let K represent the number of samples selected from the replay bu er asinibatch
to train on. The loss is calculated by:

X
LO= o+ maxQ () Q (sia)* 28)

wherer is the observed reward for taking actiora in state s, is the discount factor,

and s° is the next state. Since DQN uses the target network for action selection while
updating the training network, it is known as ano -policy algorithm. It is also considered
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a model-free algorithm since it updates the value estimation of actions instead of building
an explicit model of the world. The original implementation of DQN showed that it could
achieve results comparable to humans on Atari games from only pixel inputs using a CNN
deep network (i.e., 210 160 pixel images at 60 Hz) [153]. This implementation was a
signi cant achievement in scaling RL to higher-dimensional state and action spaces.

2.2.2 Trust Region Algortihms

Unlike DQN, deep policy gradient algorithms optimize the policy directly and adapt the
policy gradient update in Equation 2.7 to update the weights of a neural network. Trust
region algorithms are a sub-class of deep RL algorithms that optimize the policy directly
to some new policy that is not signi cantly di erent from the old policy (i.e., within a
trusted region of the policy space).

Trust Region Policy Optimization (TRPO) [212] is one of the most popular trust region
algorithms. While DQN is an o -policy value-based RL algorithm, TRPO is a policy-
gradient RL algorithm that is considered on-policy. The overall objective of TRPO is to
limit the search of parameter updates for some new policy to a trusted region within
the policy space by restricting the length of the update step size. TRPO theoretically
guarantees monotonic improvement on the policy given non-trivial step sizes. The loss of
TRPO is similar to the policy gradient loss function in Equation 2.7. We write the TRPO
optimization function using the notion of an objective function that is maximized instead
of minimizing a loss for easier comparison with the next algorithm. At timestep, TRPO
aims to solve the following constrained optimization problem:

@js) g
old (atjst) (29)
subject to E' Dy [, (is)ii (iSO

maximize E!

where o4 Iis the vector of policy parameters before the update, is the vector of policy
parameters after the updateDy, is the Kullback-Leibler (KL) divergence, isin R*, and

At is the advantage function, de ned as the di erence between a policy®-value estimate
given a state-action pair (parameterized by ) and the state-value function estimate for a
given state (i.e.,A (s;a) = Q (s;a) V (s)). The theory behind TRPO actually suggests
using a penalty on the KL divergence and solving amninconstrained optimization problem

(instead of using ); however, choosing a single value of is challenging in practice. We
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revisit the learning features of TRPO in the context of our broader discussion in Chapter 7.

Proximal Policy Optimization (PPO) [214] is an on-policy extension of TRPO that
only needs to solve a rst-order approximation instead of TRPO's second-order method
(due to the KL divergence). We implement agents using PPO across many empirical
evaluations in Chapters 4, 5, and 6 in complex environments with high-dimensional state
spaces. PPO constrains the ratio between the old and new policies without imposing
hard constraints on the optimization problem or using the KL divergence distance. Let
r‘( )= (a(—;’f;s)[) TRPO maximizes a \surrogate" objectiveE[rt( )A!] with the constraint
that the new update is less than away from the previous policy. PPO modi es this
objective to penalize changes to the policy that move( ) away from 1, making the PPO
objective:

h [
LCYP ()= E' min(r'()AYclip(ri( );1 1+ ) ; (2.10)

where is a hyperparameter. The second term in Equation 2.10 modi es the surrogate
objective by clipping the policy update so that the next policy is not signi cantly

di erent from the previous policy _,. This clipping removes any incentive for moving'
outside of the interval [1 ; 1+ ] to ensure the next policy is within some trusted region.
PPO has been shown to be easier to implement and faster to train than TRPO with
similar performance in many environments [214]. Thus, PPO has emerged as a popular
policy gradient algorithm that is widely used in RL implmentations today.

2.3 Multiagent Reinforcement Learning (MARL)

Sections 2.1 and 2.2 introduced underlying RL algorithms and concepts behind many
single-agent RL implementations. While we implement agents using various algorithms
presented in Sections 2.1 and 2.2, our work is concerned with settings where there are
multiple learning agents within the same environment (i.e., multiagent environments). The
theory behind learning with single-agent algorithms typically assumes satisfaction of the
Markov property (i.e., environments are assumed to be stationary) which does not hold in
multiagent environments. Multiple agents in the same environment make learning in these
settings inherently more complicated. Converging to optimal policies in multiagent RL
(MARL) relies on both the environment and the strategies or behaviors of all other agents
in the system. This implies that the environment dynamics appear to be nonstationary
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from the perspective of a single agent (i.e., taking the same action from the same state can
result in di erent outcomes).

In settings where agents are assumed to be cooperative, the single-agent MDP formu-
lation can be extended to a Decentralized Partially Observable Markov Decision Process
(Dec-POMDP) [217]. While the Dec-POMDP setting o ers a framework for decentral-
ized cooperativedecision making among multiple agents, our work in Chapters 4, 5, and 6
considers domains beyond pure cooperation; speci calgtochastic gameswith mixed in-
centives. A stochastic game is a strategic generalization of both MDPs and repeated games
from game theory that models the interactions of multiple agents. The optimal policy of an
agent in a stochastic game depends on the policies of all other agents in the environment.

De nition 2. A stochastic game is de ned byN; S;fAgion ;T Rgion; P; ;1 whereN is
the set of agents with siz8l 2 N, S is a nite set of states, andA = A; ::: Ay isthe
joint action space for all agents wherd,; is the action space of agent R=R; ::: Ry

is the joint reward space for all agents wherg; is the reward function of agent de ned
asRi:S A ST7'R.P:S AT (S)represents a transition function which maps a
state and joint action into a next state with some probability and represents the discount
factor so thatO < 1. represents the policy space of all agents and the policy of agent
I is represented as; : S 7! A; which speci es an action that the agent should take in an
observed state.

A common assumption in stochastic games is that all agents are able to observe the

nite set of states S (i.e., no agent can be excluded from observing any state 8). At each
timestep of the gamet, agenti observes the current statest 2 S and takes a local action
al 2 A; (note that agents may still be partially observable). Agents receive a rewand
according to their reward functionR;, the joint state s', and the joint action of all agents
a' at time t (we use bold to denote vector notation, i.e., the joint state or action for all
agents). The transition functionP transitions the environment to the next joint state s'*!,
conditioned on the previous joint states! and joint action a!. Given a stochastic game,
a globaljoint policy isdenedas y =f 1; ; ng, where ; represents the stochastic
policy followed by agenti. In Chapters 4, 5, and 6, we de ne joint policies for a team, a
subset of agents, or the entire population following the same logic as above.

Stochastic games operate with a temporal dimension captured through timesteps of the
game. One can model each timestep of a stochastic game as a sistdge gamewhere
agents select an action and receive some payo which depends on the joint action of all
agentsa'. One class of stage games are two-playeatrix games where the payo s of either
agent depend on the actions taken by both agents. The game-theoretic incentives of an
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agent playing a stage game can be modeled using the payo s and their opponent's strat-
egy pro le. The reward function of a stochastic game can be de ned to have specialized
characteristics at the stage game level or across long horizons that de ne certain types of
solution concepts. The formulation of reward functions where the structure of environmen-
tal rewards are dependant on the context of other agents' actions is calledganeral sum
model. TheNash Equilibrium of a general sum stochastic game is known as a stable point
in the joint policy space { the point at which no player will unilaterally be incentivized to
deviate from their strategy, coinciding with the minimax solution in zero-sum two-player
games [159, ]-

De nition 3.  Nash Equilibrium

A Nash Equilibrium of a game betweeN players is a strategy pro le

A = fay;:::;4a;:::;ayg with the property that no playeri can do better by choosing an
action di erent from g;, given that every other player will keep selectingg; .

While the Nash Equilibrium is one solution concept of stochastic games, there may be
multiple Nash Equilibia that create coordination challenges or mixed incentives between
agents. Another solution concept of a stochastic game is one that maximizes the number
of players with maximal payo . This converges to a joint strategy which is desirable if no
player can improve their payo without decreasing the payo of others. This is de ned as
a Pareto Optimal outcome.

De nition 4. Pareto Optimality
Let u;j(X) represent the payo for playeri under strategy prole X. A strategy pro le
A = fa;;:ii;a;:::;8y9 is Pareto Optimal if there is no other strategy proleA =

Agents converging to Nash Equilibria or Pareto Optimal strategies may result in di er-
ent global outcomes depending on the dynamics of the environment (i.e., Nash Equilibria
may lead to unfavorable global results). For example, stochastic games are not limited
in the structure of their reward function and can have either competitive, cooperative,
or mixed-motive dynamics. Competitive stochastic games are those with con icting in-
terests between agents, where one agent's payo is associated with a decrease in others
payo s, whereas cooperative games correspond with a mutual increase in payo s between
agents. Games with mixed motives are those in which agent interests are, to varying
extents, sometimes aligned and sometimes in conict [39]. Our work mostly considers
mixed-motive stochastic games; however, we provide a brief background on existing work
in each setting.
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2.3.1 Multiagent Work in Competitive Environments

State-of-the-art successes in deep learning have fueled some recent progress in MARL for
competitive domains. One class of competitive games arero-sum where the sum of
the global joint reward is equal to zero (i.e., one agent's gain is another agent's loss).
Two-player zero-sum board games where MARL has achieved superhuman performance
are Chess [223, ], Go [223], and Shogi [211]. While these advances operate with only a
single opponent, the game can technically be considered multiagent due to the existence
of an opponent in uencing the environment strategically. Competitive settings can also
support opportunities for coordination between agents in competitive teams. Tweam
zero-sum games where teammates are bound together with pure-common interest have
been studied, also achieving high performance in environments such as Starcraft [251],
Capture the Flag [99], Dota Il [18], hide-and-seek [13], Robot Soccer [111], and Honor of
Kings [267]. These environments represent games of pure zero-sum competition between
teams, where one team's gain is another team's loss. While coordination exists within a
team, groups of agents are in direct competition. We highlight this work to show that
multiagent teams have been explored in competitive contexts; however, our work focuses
on multiagent teams in settings that are not purely competitive.

2.3.2 Multiagent Work in Cooperative Environments

Another type of setting is a fully cooperative domain, where agents aim to coordinate their
behavior towards a common goal [37]. Agents in these environments are always assumed
to be cooperative; thus, several algorithms have been developed to reduce nonstationarity
and improve coordination that often assumes internal access to all agents in the system.
This includes algorithms where agents share a centralized critic network for value estima-
tions [135, 66], network parameters [77], or gradient updates [268]. Other approaches have
endowed agents with the ability to communicate to reduce uncertainty, in both central-
ized and decentralized settings [65, ]. Another approach is to help a group coordinate
through the centralized training decentralized execution (CTDE) methodology [166, ]
where value decomposition of a joint reward signal has gained popularity [195, 69, ].
Value decomposition algorithms divide a group's reward among agents conditioned on their
marginal contribution, and have been shown to be e ective to help agents learn coordina-
tion [195, 69, ]. This value decomposition function is typically learned using supervised
learning during a centralized pre-training phase; thus, these algorithms rely on a cooper-
ative population and a separate centralized pre-training phase which may not always be
possible.
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Many existing MARL algorithms with cooperative populations su er from the issue
of scalability since they rely on information from all agents. Therefore, another MARL
modeling approach is independent RL, where agents learn their own policy and assume
other agents are simply a part of the environment [236]. No information sharing is done
between agents to allow for independent updates and increased scalability to large environ-
ments with many agents. Independent PPO learners have been shown to perform as well
as network or parameter-sharing PPO implementations in cooperative environments [269].
Some theoretical work has been done to bound convergence properties with policy gradient
algorithms in speci c settings [51]; however, convergence with independent learning agents
it is not always guaranteed and depends on exploration actions among the population [37].

In Chapters 4, 5, and 6, we model agents as individual RL agents to maintain indi-
viduality between their decisions and learning updates. This allows us to study emergent
aspects such as individual policy development, role specialization, and the joint policy
learned across a population.

2.3.3 Multiagent Work in Mixed-Motive Environments

While competitive and cooperative settings o er environments that are easy to benchmark
performance or assess coordination capabilities, they o er no opportunity for agents to
learn how to cooperate in settings with mixed incentives. A third class of multiagent
games, and the main ones considered in this dissertation, are those with mixed-motives
where agent interests are sometimes aligned and sometimes in con ict, often to varying
extents [39]. A main challenge is that agents should not only cooperate (as in cooperative
domains) to avoid being exploited, but instead understangvhen and how to cooperate.
Developing agents within the scope of \Cooperative Al" has gained popularity to address
the important and challenging problems ahead [38]. Our work is motivated by the focus
on Cooperative Al to study how multiagent teams in uence game-theoretic incentives and
learned behavior in mixed-motive domains.

Mixed-motive domains present scenarios where the Nash Equilibrium and Pareto Op-
timal outcomes are di erent. The resulting environmental dynamics put strain on agents'
incentives to optimize their individual utilities to the detriment other agents, inducing a
social dilemma. Nash Equilibium strategies can result in poor long-term results for both
the individual agent and the entire system. Thus, mixed-motive environments o er set-
tings where the long-term rational behavior for the population is not converging to the
short-term Nash Equilibrium strategy. A successful population should converge to some
alternative strategy rather than acting on their short-term incentives (that are de ned by
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H Cooperate\ Defect ‘

Cooperate R, R S, T
Defect T,S P,P

Table 2.1: An example of the two-player Prisoner's DilemmaTl, R, P, and S are payo s
for a row and acolumn player who simultaneously choose to \cooperate" or \defect", and
receive the payo s according to the result of the joint action.T >R >P > S is required
to make this game a social dilemma.

the Nash Equilibrium). A common assumption in the MARL literature is that aligning all
agents' reward functions towards a common goal (i.e., turning the environment into a co-
operative system) will achieve the highest reward in mixed-motive environments [266, 71].
We also compare our results with the fully cooperative system; however, in contrast with
past work, we nd that agents in teams can achieve signi cantly more reward than the
aligned population.

We position our work in the context of mixed-motive stochastic game environments with
individual learning agents. Although convergence to the Nash Equilibrium is a popular
solution concept in multiagent domains with cooperative or competitive dynamics [225],
we mostly explore domains where agents' incentives can be mixed across a population or
have various degrees of alignment. Therefore, convergence to a Nash Equilibrium in these
settings yields poor outcomes. Since many of our evaluation settings contain underlying
mixed-motive social dilemmas, we provide deeper background in social dilemma domains
and existing methods that allow a population of agents to coordinate their behavior. While
we emphasize social dilemma domains here, we note that the entirety of our work in this
dissertation is not limited to social dilemmas.

Social Dilemma Environments

For normal-form games in game theory, the behavior of an agent can be generally thought
of in the context of \cooperation" (C) and \defection" (D). A social dilemma is a situ-
ation in which an individual receives a higher payo for defecting than cooperating, but
all are better o if all cooperate than if all defect [26, 42]. The failure to solve social
dilemmas comes from acting in a way which seems individually rational by optimizing
short-term payo s, but leads to agents being worse o than if they chose an action with
a potentially lower payo . Social dilemmas can take many forms, including tragedies of

25



the commons [170], collective risk dilemmas [150], and the Prisoner's Dilemma [194]. Real-
world social dilemmas include scenarios of abstaining from bene t or incurring a cost for the
bene t of others, such as maintaining common-pool resources [25], donating money [42],
and wild re fuel mitigation [164]. Wild re fuel mitigation is one of our motivating ex-
amples listed in Chapter 1. Social dilemmas are di cult for Al learning agents to solve
without additional infrastructure since solving them requires an emphasis on long-term
planning and understanding the bene ts of cooperation.

One of the most well studied social dilemmas is the two-player matrix game called
the Prisoner's Dilemma, shown in Table 2.1. There exists mw and a column player,
where the row player selects the action corresponding to the rows of the matrix and the
column player selects actions corresponding to the columns. The variablesR, P, and
S represent payo values that both players would receive depending on the joint action
of the two agents. The payo schemel > R > P > S is required to make this a social
dilemma. Agents individually choose to either cooperate) or defect (D) and receive the
payo s according to Table 2.1. The joint strategy of row and column players is represented
by a tuple (row, column), such as C, C) for mutual cooperation.

When agents play the Prisoner's Dilemma repeatedly a nite number of times, known
as the lterated Prisoner's Dilemma (IPD), the Nash Equilibrium is D, D). Both players
should defect to avoid theS payo , which results in P, the second lowest available payo .
The IPD has three Pareto Optimal strategy pro les, namely C, C), (C, D), and (D, C),
and is considered a social dilemma due to existence of some outco@eX) which is strictly
better for all agents than the unique Nash Equilibrium of D, D). The RL methods that
have achieved success in two-player zero-sum games have subsequently failed to achieve
cooperative policies in repeated social dilemmas, ultimately leading to low return [3, 12,

]. Therefore, solutions which help RL agents solve social dilemmas typically rely on
decentralized and centralized coordination mechanisms with various assumptions.

We highlight relevant decentralized and centralized approaches in the next two subsec-
tions to help position our work on multiagent teams. Speci cally, we position the work
in this dissertation between centralized and decentralized systems. The following chapters
will show how teams 1) allow for more agency and adaptability than centralized systems
through autonomous role specialization, and 2) provide more learning stability than de-
centralized systems by removing the need for prior de nitions or modi ed social networks.
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Method Summary Details Limitations

Punishment | Retaliation against | Negative Needs consensus on
norms defecting agents. | reward [113, ]. punishable behavior.
Bottom-up
Reputation | Labeling based Markovian [264], reputation may be
norms on behavior. non-Markovian [205]. interpreted di erently
by agents.
Pay agents to Reward payments [266], Generates new
Payments : reward from
cooperate. payment homophily [52]. nothing

Modify social | Change social Partner selgctlon 41, May not be possible
remove social

connections | networks. . in practice.
connections [70].

Table 2.2: Summary of decentralized systems for social dilemmas.

Decentralized Systems for Social Dilemmas

Research on decentralized systems in social dilemma domains that we discuss here are
summarized in Table 2.2. Research focused on decentralized mechanisms in mixed-motive
domains to sway behavior has roots in economics [169, 25] and evolutionary game theory
(EGT) [207, ]. This work often highlights social norms, punishment, and emergent
institutions that improve welfare as the mechanisms behind emergent cooperation. Social
norms are commonly known standards of behaviour of how individuals ought to behave in
a given situation and are the underlying mechanisms behind many decentralized systems
for cooperation [61, 59, 20]. While the extensive work on decentralized systems has shown
breakthroughs by promoting emergent cooperative behavior, our work shows how team
structures can allow agents to autonomously learn specialized roles within their teams that
benet the overall community. We nd that the structure of teams in the population
(Chapters 4 and 6) and agents' alignment with the goals of various groups (Chapter 5),
signi cantly impact how these roles are developed.

EGT simulates generations of agents with simple strategies that are updated through a
dynamic learning process, where better performing strategies are more likely to be imitated
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by others [222]. Despite its simplicity, EGT is known to closely imitate human group
behavior and suggests that defective behavior will overtake any society once introduced
into a population; however, various mechanisms can inhibit this result [222]. Speci cally,
enforcing norms through punishments have been found to lead to cooperation in human
studies [24, 59], then in EGT [207, ], and also in Al [3, ]. Synthesizing multiple norms
together to decrease the size of the set of norms for an agent to track has been the focus
of some previous work [140, , 64]. However, other work has found that addimgre
rules with decentralized punishment mechanisms improves the ability for MARL agents to
learn compliance, even if the additional rules do not improve welfare directly [S1, ]-

In the absence of direct punishment, reputation mechanisms have been shown to help
agents avoid being exploited by defectors [84], but these require high rates of participation
and truthful reporting [106, ]. One example of a social norm is the process of assign-
ing reputation to agents in settings of indirect reciprocity [264] or as a third party agent
observing an interaction [60]. This norm can include Markovian (based on most recent in-
formation only) or non-Markovian levels of complexity, though Markovian has been shown
to be su cient through experimentation [205]. However, for reputation to e ectively lead
to cooperation in settings with multiple interacting agents, the method by which it is as-
signed must be known by all agents, de ned system-widepriori, or be one of few existing
mechanisms [221, : ]. Converging to a single reputation norm using a bottom-up
approach has been shown to be dicult in MARL due to agents understanding reputa-
tion di erently [3]. One aspect of teams we highlight in Chapters 4 and 5 is the ability
for agents to converge to specic roles in their team. This indicates agents individually
arrive at similar representations of the role requirements for a successful group. However,
like norms with decentralized populations, convergence to these roles can be di cult with
sub-optimal team structures (Chapter 6). While the mechanism behind punishment or
norms needs to be explicitly shared for the bottom-up emergence of cooperative behav-
ior, our work shows how teams allow for the emergence of roles and cooperative behavior
autonomously from only a modi ed reward function that can promote globally favorable
results.

Giving agents the ability to make costly reward payments to other agents has been
shown to increase population productivity in some of the same mixed-motive domains we
explore in Chapters 4, 5, and 6 [266]. This allows agents to be strategic in how they make
payments and incentivize their peers; however, their work assumes that agents can make
reward payments that generatenore reward in the environment than what the paying agent
has previously received (i.e., new rewards are generated from nothing). While that work
increases population productivity in the social dilemma environment, it has been shown
to induce a second-order social dilemma in how agents make payments [52] (i.e., agents
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Method Summary Details Limitations
Population | Agents condition GIob_aI reward : . Re_hgs on pre-
sharing [145, 71], inequity | training phase,
reward rewards on all :
aversion [96], group-based | access to all
access other agents.
reward [55]. agents.
. Takes actions Agreed upon Relies on truthful
Community | based on . . :
: . . action [15], action reporting, access to
pleasing information from leases peers [117] all agents' opinions
other agents. P P ' g P '
Shares learning | Shared observations [46],
Shared " L
. components to | shared critic [135, 66], Not possible in
learning : :
: align shared reward network [254]] real-world domains.
mechanisms , )
representations. | shared gradients [268].
Constructs : Role assigning [237], Knowledge of
Group group dynamics :
. group social networks
composition. | that promote diversity [ ] or agent types
cooperation. ' ' ’ 9 pes.

Table 2.3: Summary of centralized systems for social dilemmas.

have an incentive to let others make payments). Dong et al., |

] implement a model

to encouragehomophily, where similar-behaving agents are encouraged to have similar
payment strategies to mitigate the second-order social dilemma around payment strategies.
The multiagent teams we study in our work assume teammates fully share rewards in
Chapter 4 and can partially share rewards in Chapter 5. Agents can be strategic with
how they share rewards in Section 6.6 of Chapter 6. Our work does not create additional
reward but instead shares reward amongst agents on a team. Additionally, since the
aforementioned implementations did not outperform the fully cooperative population, and
many of our settings generated more reward than the fully cooperative population, we can
conclude our settings outperform their methods [266, 52].

Finally, the impact of social network architecture has also been found to have an impact
on cooperation and group performance in humans [68, ], EGT simulations [67, ,
], and Al [47]. When giving agents the ability to choose their partner agent, EGT
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and Al algorithms have been shown to promote cooperation in the Prisoner's Dilemma
game [176, , 4]. Similarly, giving agents the ability to remove social ties has also led
to cooperation [70]; however, completely controlling which agents they interact with may
not be possible in practice. A known result is that cooperation is unable to emerge when
RL agents play the IPD with randomly selected other agents [4]. Chapters 4 (Section 4.4)
and 5 (Section 5.4.1) shows that teams promote cooperation in social dilemmas despite
randomly selected opponents, a setting where agents are unable to modify their social
network. Our results show certain settings where agents in teams converge to mutual
cooperation by adapting their cooperative behavior with teammates to agents that are in
other teams, despite not sharing rewards with those agents and game-theoretic incentives
to not cooperate.

Centralized Systems for Social Dilemmas

Research on centralized systems for social dilemma domains that we discuss here are sum-
marized in Table 2.3. Centralized systems of cooperation have taken various forms in previ-
ous work, such as centralized structures to support learning, global reward sharing with all
agents in a population, or forming groups for tasks with speci ¢ agent distributions. These
frameworks have advantages of shared formal de nitions, globally de ned environmental
settings, and are easier to promote cooperation and behavioral convergence [83, 50, 3].
However, they typically assume control over all agents, require full observability, or share
internal optimization networks. While these assumptions hold under some conditions, they
might not be applicable to all problems and may lead to a single point of convergence or
lack of robustness.

Some systems rely on agents taking actions that their community agrees on [15] or is
pleased by [117]. These systems assume agents report their preferences truthfully, have
high rates of communication, or have access to other agents' internal mental states which
may not be possible in real-world scenarios. To reduce the complexity of problems and
support learning, other work involves agents explicitly sharing or transferring policies [1],
local observations [46], a critic network [135, 66], or learning gradients [268]. While this
assumption can be overcome through opponent modeling and inverse RL [32], or by cre-
ating an intrinsic reward signal through social learning [100], these models often rely on
observability of other agents' actions and can be susceptible to deception [35].

Methods focused on reward functions have emerged as the main way to build common
interest between RL agents in mixed-motive domains. These include de ning agents to have
some degree of altruism for all other agents [145, 71], be averse to population inequity [96],
or condition reward on the population's performance [55]. While these methods have been
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shown to be e ective, they rely on having access to the reward functions of all agents in
a system and condition agents' rewards relative to the population. Similar to our work,
Baker [12] studied the impact of noise and uncertainty over agents' social connections with
potentially multiple groups of reward-sharing agents. In groups with less reward sharing,
they nd that agents learn reciprocal equilibria (i.e., to defect against defecting agents)
faster when they have more uncertainty over their social relationships (i.e., the degree of
shared rewards from that agent). Furthermore, they found a positive relationship between
agents forming cooperative coalitions and social relationship uncertainty. That work mostly
studies the impact of social connections instead of team and group structures; thus, our
work is dierent in multiple ways. We do not allow agents to observe any features of
how rewards are shared and must learn how to behave through experience (i.e., agents do
not view how much reward another agent will give them). Furthermore, we do not inject
noise or uncertainty into agents' observations or representations and allow them to reliably
observe correct team labels or the surrounding environment (depending on the domain)
and nd agents in teams learn cooperative behavior while not being exploited by defectors
in a variety of conditions and environments.

Despite using individual learning agents, social networks and group construction can be
leveraged to study emergence of cooperation. Ultimatum games are those where a proposer
agents makes proposals to a set of responder agents with the goal of their proposal being
accepted. Pre-assigning roles to agents has been shown to increase fairness in multiplayer
ultimatum games using knowledge of agents' social networks [237]. Another type of mixed-
motive domain are collective risk dilemmas, where agents donate amounts of capital to a
collective pool to avoid some globally unfavorable outcome (i.e., paying costs to mitigate
climate change). Without the need for prior labels, constructing groups of agents with
diverse wealth and risk perceptions has been shown to promote cooperation in collective
goods dilemmas [148, ]. Furthermore, the compositions of a group has been found
to impact the policies developed by individual agents, placing emphasis on how diversity
levels in groups should be constructed to promote cooperation [147, 1.

Our work builds on the concept of reward sharing to build common interest; however, we
only allow teammates to share rewards in Chapter 4 instead of the broader population. We
study multiagent teams with individual RL agents that do not share networks, gradients, or
observations. Our results in Chapters 4 and 5 show how teams support the learning process
of individual agents in a variety of conditions and environments and promote autonomous
role specialization instead of pre-de ning roles or diversity distributions.
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2.4 Organizational Psychology and Multiteam Sys-
tems

The thesis of this dissertation is that teams can have signi cant advantages in guiding

the development of policies for individual agents that learn from experience. We hypoth-

esize that teams help agents better navigate challenging multiagent domains even if their
interests are only somewhat aligned with other agents (i.e., only the subset of agents on
their team or aligned to various degrees). This idea is broadly inspired by human team

organization and team-based behavior.

Organizational psychology (OP) has mainly focused on studying the dynamics within
a group of human agents; however, this approach has been argued to not completely
capture the mechanisms behind successful organizations since most tasks are completed
by the combination of multiple coordinating teams [45]. Such organization can be seen in
disaster response, companies, the military, and sports teams. Mathieu et al.[143] introduces
the concept of \teams-of-teams" as an organizational structure for human teams, naming
the structure multiteam systems (MTSs). MTSs are composed of two or more teams
that interface directly and interdependently to accomplish collective goals [247], though
they may operate under di erent contextual demands, authority structures, protocols,
and norms [270]. Studies of MTSs typically involve multiple teams of human subjects

given simulated tasks to study team coordination [270, , ], structure and boundary
status [97], component team di erences [136], goal type [49], leadership [244, , 1,
and shared cognitive, motivational, and cohesive emergent states [34, , , 44, 87].

One topic of particular interest is studying the abilities and impacts of people to balance
personal or team goals with the overall system goal, resulting in a mixed-motive social
dilemma [262, : ].

The MTSs community has relied heavily on user studies which often result in domain-
speci ¢ ndings and are sometimes inconsistent which can cause confusion about the impact
of team structures on peoples' abilities and development. For example, studies of the
bene ts of strong within- versus between-team transition and action processes (i.e., taking
actions/making decisions across multiple teams or within one team) have found con icting

results [41, , , 21], at least until between-team coordination limits system autonomy
with too much centralization [138]. Another example of inconsistency is the advantage of
centralized leadership teams [41, ] or decentralized planning among team boundary-
spanning agents [120, , ]. Consistency among subjects with fewer inherent biases

could provide rich insights into the bene ts of various aspects of team structure.

In our work, we build on the shared concepts of MAS and MTSs to study the concept
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of multiple teams within a larger system of agents with various incentives and goals. We
believe incorporating multiteam systems-style research into MAS could help provide more
stable ndings on the advantages of team structures. The dilemma of balancing related
self, team, and system-wide goals creates a social dilemma and a challenging landscape for
arti cial learning agents to navigate. The thesis of this dissertation is heavily motivated by
MTSs. We hypothesize that organizational structures that increase joint human productiv-

ity will have similar advantages in MAS. In the next section we detail the early groundwork

on teams in Al for task completion domains. We believe modern learning algorithms en-
able this research to expand further into studying interesting problems comparable to those
explored in MTSs.

2.5 Teamwork in Multiagent Systems

While this dissertation studies features of teams with learning agents, the general idea
of teamwork and agents working together is not new to MAS. Early work with teams
in Al identi ed models which highlight the importance of joint intentions, sharing plans,
and communication for agents to work together. Despite this early work, research using
multiple component teams within a population has lacked in recent MARL literature.

Cooperative game theory, coalition structure generation (CSG), and Team Forming
can be used to sort a population into sub-groups for some desired goal [265, , ]. In
the context of teams, CSG has been used to create sub-teams working towards speci ¢
tasks; however, CSG often relies on pure common-interest scenarios, stationary policies
or abilities, and requires full control over agents' social networks [116]. In sport domains,
coalitions of players with high utility have been found using cooperative game theory meth-
ods like the Shapley value [265, ]. In our work, we are concerned with understanding
the development of policies with learning agents divided into teams instead of algorithms
that create teams of agents with pre-determined skills.

Agents working to coordinate their behavior has been an important area of research
in MAS for several decades. We now present the progression of early work on teams in
Al with rule-based agents. These frameworks focus on helping agents coordinate their
actions instead of supporting learning; however, they provide valuable groundwork on
which we construct our model of teams. Early work by Pollack de nes a mental state
model for making collaborative plans among two agents [178, ]. This framework relies
on agents having mutual belief that both of their actions would achieve some mutually
desired and achievable goal. Extending Pollack's work, Grosz and Sidner [76] construct
SharedPlans, a model that includes more multiagent actions and mutual agent beliefs,
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similar to shared mental models in human teamwork [58, 63]. Eventually, SharedPlans
was extended to incorporate dialogue for communication between agents, however several
important limitations remained. First, SharedPlans assumed the impact of joint actions
were a linear combination of individual actions, ignoring the idea that joint actions could
have stronger impact when agents work together [102, ]. Second, the model assumed
complete prior knowledge of a plan to complete a task [129, ]. As a result, SharedPlans
alone was not complex enough for agents to overcome real problems that required long-term
planning and adaptation.

Informed by studies of human collaboration [14], Grosz and Kraus proposed a model to
share the internal intentions of agents, not just plans [75]. In their model, agents balanced
their intentions for their own success along with the success of the entire group. They pro-
posed a tree structure hierarchy of tasks, where agents perform sub-tasks along branches of
the tree towards the nal goal positioned at the root. However, this work was primarily do-
main dependent and only explored using simple rule-based agents. Tambe [233] leveraged
the same tree hierarchy of plans to construct a Shell for Teamwork model (STEAM), a
general model of teamwork where tasks can be completed by sub-teams of multiple agents
within the larger system. STEAM introduced sub-team goals to reduce the complexity of
teamwork overheads and uses formal logic and joint intentions to communicate between
agents. This idea of sub-teams extended beyond their previous work [234] and other mod-
els that allocated role-plans for individuals [110], which made STEAM the state-of-the-art
team model with rule-based agents [235]. Extensions to STEAM have added lightweight
agent wrappers [182] and increased team lifespan by designing the system to value team
persistence over potentially destructive short term plans [235]. However, rule-based agents
limited the scope for what these models of teams could achieve since these team hierar-
chy frameworks were not designed with the intention of supporting learning agents. We
construct our team model with multiple levels of goals similar to the team hierarchy used
for SharedPlans and STEAM; however, we use more complex RL agents to analyze how
teams and team structures in uence the policies that learning agents develop over time.

Although STEAM presented a multi-team structure within a broader system, more
recent research with teams has mostly overlooked this architecture. Recent work on ad hoc
teamwork has maintained the concept of valuable communication [137, ] and work with
learning agents has focused on the balance between individual and group preferences [55,

]. However, existing algorithms with teams typically assume the existence of a single
team with few agents [218, , 2, : ]. Whenever work has incorporated multiple
teams, the domains are typically competitive [203, ] or has viewed emergent sub-groups
as polarization [206]. One exception is Hu et al.'s work [95], where the local convergence
of an action within sub-groups leads to diverse communities, a positive result in their
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setting. However, that work only experiments with cooperative matrix games and removes
between-community social connections, whereas our work considers social dilemmas (both
matrix games and more complex dilemmas) and we do not remove any social connections
and allow for any agents to interact.

Fueled by recent successes in deep learning, self play, and natural group selection, Leibo
et al. [123] conceptually propose the idea @daptive units Their proposed de nition of
an adaptive unit is a group of agents that is composed of sub-units, which itself could be
composed of other sub-units, similar to how STEAM has sub-teams composed of agents.
They suggest that the interaction between multiple adaptive units forms aautocurricula,
a self-generated sequence of challenging environments based on the co-evolution of be-
haviours. Co-evolution of sub-units within the same environment allows faxploration by
exploitation since the underlying dynamics of the environment shift as interacting agents
exploit and optimize their current behavior. Leibo et al. do not expand on their theoret-
ical proposal in that paper [123]; however, Malthusian RL uses these concepts to design
an algorithm similar to evolutionary pressures of population size by changing the size of
sub-populations based on their performance [124].

While the ideas behind adaptive units and autocurricula are similar to sub-teams, a
key distinction from the work done in this dissertation is how adaptive units have been
implemented. Malthusian RL [124] changes the size of adaptive units (number of agents) in
subsequent episodes of an experiment based on the relative performance of all units in an
experiment over previous episodes (executing in parallel simulations). That work showed
convergence properties of population sizes across multiple domains, emphasizing how group
size has an impact on the policies that are learned. While our work also emphasizes the
impact of team size and structure, our work is di erent in several areas. First, we keep the
number of agents in each experiment to be constant. We then modify the number and size
of teams (Chapter 4) and how agents optimize their behavior for the goals of themselves,
their teams, and the entire system (Chapter 5). We nd that teams and various settings
of goal alignment promote agents to autonomously discover di erent distributions of role
specializations. Instead, since Malthusian RL uses a shared policy network for agents in
the same group, they found that biasing agents towards di erent roles was necessary to
achieve role specialization in some settings. We emphasize that prior role distributions
may not be known in di erent environments; thus, de ning prior biases for di erent roles
may result in sub-optimal role distributions. Finally, groups in Malthusian RL rely on the
performance of other populations in concurrent simulations instead of groups needing to
coordinate within the same environment as done in our work in Chapters 4, 5, and 6.

Our research builds on the prior work presented in this chapter. We adapt existing nd-
ings regarding the structure of teams and groups in OP and MTSs to MARL populations
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and analyze how features of teams impact learning with individual learning agents. Next,
we provide details of our general model of teams and present speci ¢ evaluation domains
we consider throughout this dissertation.
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Chapter 3

Models and Environments

Each chapter of this dissertation utilizes similar notation, frameworks, team models, and
environments. This chapter provides more details about the concepts that are used through-
out the remaining chapters. We rst de ne our model of multiagent teams. This model is
used throughout the dissertation; however, some aspects of the model will change depend-
ing on the speci c problem addressed in each chapter. We provide speci c extensions or
modi cations to this model in subsequent chapters as appropriate. Lastly, we then present
all of the environments used in the empirical evaluations throughout this dissertation.

3.1 A Model for Multiagent Teams

We model our base environment as a stochastic gaf@e= hN; S;fAgion; f RGN ;P 5 1,
a repeated game with probabilistic transitions played by one or more playerdN is our
population set of N 2 N agents that learn online from experience an® is the state
space, observable by all agents, wheseis agenti's observation of the environment state.
A= A; ::: Ay isthe joint action space for all agents wherd,; is the action space of
agenti. R=R; ::: Ry isthe joint reward space for all agents wherR; is the reward
function of agenti dened asR; :S A S 7! R, areal-numbered reward for taking an
action in an initial state and resulting in the next state. P : S A 7! ( S) represents
the transition function which maps a state and joint action into a next state with some
probability and represents the discount factor sothat0 < 1. represents the policy
space of all agents and the policy of agemtis represented as; : S 7! A; which speci es
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an action that the agent should take in an observed state.

Our teams model consists of a stochastic game with team§ T i, whereT is a partition
of the population of agents into disjoint teamsT = fT;jT;, N;[ T = N;T;\ T; =,;8i;j 2
N g. We de ne the term team structure as follows:

De nition 5. A team structure is the global composition off , such as the number of
teams and number of agents in each team.

Consistent with the original groundwork on multiagent teams [233, 76], we de ne a
team of agents as being bounded together through common interest. To be consistent with
recent MARL work, we model common interest through reward sharing and assume agents
have identical (deterministic) reward functions (i.e.,R; = R; for all i;j 2 N) [145, 96].
We de ne a new reward function for agents in a team a¥R; : S A S 7! R so that
the reward fori 2 T; depends on their own behavior and that of their teammates. Any
deterministic function can be implemented to de neT R; so long as every agent in a team
gets some amount of the team's reward. In our analysis and experiments, we use:

P
i2r Ri(SIAS)

TR = i Tij ’

(3.1)

where teammates share their rewards equally to be consistent with past work [254, 13].
While there exist several mechanisms for how teammates share rewards, our model of teams
makes the assumption that rewards are shared between teammates instantaneously. Other
popular methods include agents explicitly choosing how and when to share rewards [266]
or a centralized planner allocating a team's reward according to marginal contribution to
team success [195]. In Chapter 5, we relax the assumption that teammates fully share
rewards and in Chapter 6 we experiment with agents that learn how to share rewards
among groups in the population.

We de ne agents to be independent learners and learn a policy based on their in-
dividual experiences. As is standard in many MARL problems, each agent is trained to
independently maximize their own rewards. In particular, at timet each agent observes
the state sf and selects some actioa' which together with all agents forms a joint actiora’.
This action results in an environment transition from joint states' to joint state st*!, ac-
cording to the transition function P, and provides each ageritwith reward Ri(s!; at;st*t).

Agents seek to maximize their sum of discounted future rewards, = ., ‘R!. In later

1We can also allow for randomized policies.
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Figure 3.1: 4-States: Environment diagram.

chapters of the dissertation, we replac®; with various shared reward functions. For ex-
ample, an agent that fully optimizes their behavior for a team (Chapter 4) replaceR;
with TR;, recon guring the learning problem so that agents must simultaneously learn
what individual behavior maximizes their team's expected discounted future reward. We
also experiment with settings wherd; is replaced with a mixture of di erent reward com-
ponents for di erent groups (Chapter 5). We provide speci c details about these reward
functions in the appropriate chapters.

3.2 Specic Environments Used in Evaluations

Our speci ¢ environments range from few-state settings to elaborate and complex gridworld
domains with underlying social dilemma or hunter-gatherer dynamics. In this section, we
present the environments used in our evaluations throughout this dissertation.

3.2.1 4-States
4-States is a simple, partially observable stochastic game shown in Figure 3.1. This envi-

ronment can support any number of agentsN 1) divided into any number of teams and
the state transitions and rewards depend on the joint action of aM agents. There exists
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four physical states that agents individually observes,, s;, S3, and s4. At each timestep,
agents can take one of four possible actions: stay at their current statag] or move to
another state @;, a, or az). The \c" in s, corresponds with a binary signal (loosely,
visiting s, can be thought of asreward-causingdepending on this signal) and the k" in

s, refers to a reward state. Statesz and s, are extra states added to help us assess the
performance of agents' joint policies and return a reward of 0. To assist our discussion of
the reward dynamics in 4-States, we carefully de ne the di erence between the two types
of statesin this setting:

s! is the physical state within the environment that agent is located in and observes
at time t.

st is the joint state of all agents, or the state of the environment, at time (i.e., the
collection ofs! for all i 2 N)

In our analysis, we distinguish between the direct reward an agent receives from the
environment when transitioning into their own observed statesi™, Ri(s!;a!;si*!), and
the team reward, TR; (note the condition on the agent's own observed statg™ in R}).
We condition on the individual next states™ instead of the joint state when de ningR!
to support a deeper analysis of behavioral dynamics in the 4-State environment (specif-
ically in Chapter 6); however, references to reward for other environments use the joint
state (i.e., Ri(s';a!;s™*1)). There is never an environmental reward given to agerit for
individually transitioning to s, thus R!(s";a'; sc) = 0. However, any agent (regardless of
team a liation) visiting s. changes a binary signat that allows reward to be collected
at s;. Thus, the possible rewards (depending og) given to any agent transitioning to
s, are Ri(s';a';s;) = fO;rg, wherer > 0. We assume agents in a team share rewards.
When agenti individually transitions to s;, their reward (before sharing with their team)
is Ri(s;a';s;) =0 if ¢c=0, and their reward is Ri(s";a'; s;) = r if c= 1. Once the reward
is consumed ats;, ¢ has to be reset by visitings, again. Thus, visiting s, causes reward
to be obtained elsewhere in the environment (i.e., when visiting}). Explained further in
Chapter 6, visiting s. can be thought of as areward-causing state-actionpair. The two
additional states, s3 and s4, do not impact the reward dynamics of the environment but
are included to understand how well agents learn the underlying environment (i.e., they

should learn to avoid visiting these states).

This environment's reward function emphasizes the importance of coordination and
social responsibility. Visiting s; requires an agent deciding to ful ll a role of social re-
sponsibility and visit a state that will not return an explicit reward; however, an optimal
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H Cooperate ‘ Defect ‘

Cooperate||b ¢, b c c b
Defect b, ¢ 0,0

Table 3.1: An example of the Prisoner's Dilemma with the costs (c) and bene ts (b) of
cooperating > ¢ > 0). Mutual defection is the unique Nash Equilibrium when playing
the Prisoner's Dilemma with agents that do not share rewards.

’ H Cooperate‘ Defect ‘

Cooperate|[ b c,b c|2¢ B¢

2
Defect bc be 0,0

Table 3.2: An example of the Prisoner's Dilemma when agents are teammates. Mutual
cooperation is the unique Nash Equilibrium when playing the Prisoner's Dilemma with a
teammate and sharing rewards.

solution is when exactly one agent visits. at each timestep (and other agents are i,
to collect the reward). Thus, coordination is crucial to achieve a good joint policy in this
environment.

Chapter 6 shows how the size of a team has a signi cant impact on how agents coor-
dinate in this environment. Speci cally, if a team is large, agents form joint policies that
achieve sub-optimal results by either having too many agents s or visiting sz and s,
too often (which provides nothing to the underlying reward structure).

3.2.2 lterated Prisoner's Dilemma (IPD)

The Prisoner's Dilemma is a decades-old matrix game analyzed in game theory that repre-
sents a social dilemma [194]. In the one-shot Prisoner's Dilemma, two agents interact and
each must decide to either cooperate withQ) or defect on ) each other. We assume
there is a cost €) and a benet (b) to cooperating whereb > ¢ > 0 (the payo matrix

is shown in Table 3.1 for ongow agent and onecolumn agent). If an agent cooperates,

it incurs the cost c. If both agents cooperate, they both also benet, each receiving a
reward of b c. If one agent cooperates but the other defects, then we assume that the
cooperating agent incurs the cost, but the defecting agent reaps the bene b (e.g., by

41



Figure 3.2: Cleanup: Cleanup environment with six agents in three teams of two agents
each. Agents are represented as squares (i.e., two red, two purple, and two dark brown.

stealing the contribution of the cooperator). If neither cooperate, neither bene t nor incur
a cost, leading to a reward of zero for both. The unique Nash Equilibrium is obtained
when both agents defect, represented byD( D). Mutual cooperation does not form an

equilibrium, since if one agent cooperates, the other agent is strictly better o defecting
and receivingb, instead ofb c.

In the Iterated Prisoner's Dilemma (IPD), this game is repeatedly played which adds
a temporal component and allows agents to learn a policy over time. Instead of just two
agents, we work with a population of agents that are divided into teama priori. At each
timestep, agents are randomly paired with another agent, eounterpart, that may or may
not be a teammate. Agents observe the team identity of their counterpart at time ass!,
though additional identity information is not shared. Agents must decide to cooperate with
or defect on their counterpart asal. Their payo for the interaction is their team's reward,
based on their own and other teammates' interactions. Thus, their direct payo s for their
own interaction (that they contribute to the team reward) come from Table 3.1 if their
counterpart is not a teammate and their payo s come from Table 3.2 if their counterpart
is a teammate (when teammates equally share rewards by Equation 3.1). Agents update
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their strategies (i.e., learn) using their direct observation, what action they chose, and their
team's reward. Since the only information shared is the team the counterpart belongs to,
the strategies of all agents on a team ultimately a ects how agents learn to play any
member of that team.

We use the IPD for empirical evaluations in Chapters 4, 5, and 6. Our results show
multiple settings where agents in teams that have the game-theoretic incentive to defect
learn mutual cooperation with agents in other teams (despite not sharing any rewards with
these agents). These results are robust to multiple scenarios where agents may not fully
optimize for their team's reward and may instead be somewhat sel sh.

3.2.3 Cleanup Gridworld Game

The Cleanup Gridworld Game (or simply Cleanup) [249] is a temporally and spatially
extended Markov game that represents a social dilemma. This domain allows us to examine
a more complex environment than the IPD while maintaining aspects of an underlying
social dilemma. Speci cally, agents must learn a cooperative policy through movement
and decision actions instead of choosing an expliaboperation action like in the IPD.
Successful groups in Cleanup require some agents to perfaaotive provision [96], taking
actions that supply something of use [224]. Active provision in Cleanup is when agents
choose actions with no associated environmental reward, but these actions are necessary for
agents to achieve rewards (i.e., these actions amwvard-causing. Cleanup is a widely used
simulated environment in previous MARL research studying the emergence of coordination,
cooperation, and pro-social policies among a population of learning agents [96, , , 52].

Figure 3.2 shows a timestep of an experiment in the Cleanup environment with six
agents. The environment visually represents features (and agents) as squares in Figure 3.2.
The gridworld contains a river on one side and an apple orchard on the other side. Agents
are represented by colors, and we de ne teammates to share the same color. Figure 3.2
shows a scenario with three teams of two agents each; thus, two agents are red squares,
two are purple squares, and two are dark brown squares. Apples only grow in the apple
orchard and appear as green squares, whereas light brown waste only spawns in the river.
Agents clean the river using a \cleaning beam™ action that is represented by a collection
of yellow squares.

At each timestep, agents choose among nine actions: ve movement (up, down, left,
right, or stay), two turning (left or right), and a cleaning or punishing beam. An agent's
observability is limited to an egocentric window of 15 15 pixels. Waste accumulates in
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the river with some probability at each timestep which must be cleaned by the agents. Once
a cleanliness threshold is reached, apples spawn in the orchard proportional to the overall
cleanliness of the river. Agents receive a reward of +1 for consuming apples by moving
on top of them. The dilemma exists in agents needing to take non-rewarding actions to
clean the river to spawn new apples versus staying in the orchard and enjoying the fruits
of another's labor. Agents have the incentive to stay in the orchard; however, if all agents
attempt this free-riding policy, no apples grow and none get any reward. A successful
group in Cleanup will balance the temptation to free-ride with the public obligation to
clean the river.

In Chapters 4, 5, and 6 when teammates in Cleanup share some amount of their re-
wards, rewards are distributed to teammates at the timestep they are collected instead
of teammates needing to distribute rewards themselves. Future work could incorporate
methods where agents must learn to share with their teammates in subsequent timesteps;
however, our model of teams implements instantaneous reward sharing. This is analogous
to a team achieving some team-level goal.

In Chapter 4, we nd that teams promote autonomous role specialization and the
emergence of e cient global joint policies. These joint policies generate 33% more mean
population reward than the fully cooperative population (i.e., when all agents in the popu-
lation share rewards). In Chapter 5, our results show that this joint policy can also emerge
in settings when agents are slightly sel sh and in Chapter 6, we show how a team's ability
to generate high rewards is signi cantly in uenced by the size of the team.

3.2.4 Neural MMO (NMMO)

Neural MMO (NMMO) [228] is a large, customizable, and partially observable multiagent
environment that supports foraging and exploration. NMMO is di erent than Cleanup
since it simulates hunter-gatherer societies instead of supporting an underlying social
dilemma and has gained popularity among the MARL community to understand how
agents operate in large environments [168, 79]. Figure 3.3 shows the NMMO environment
with no agents. There is no standard NMMO implementation; thus, we con gure a map
with 1024 1024 pixels bounded by lava tiles to enclose the agents within the environ-
ment. Within the lava boundary, NMMO has squares of grass for agents to move freely
on, stones as obstacles, and water and forest (food) squares that regenerate over time. The
map is randomly initialized; however, we spatially separate water and forest to encourage
exploration. Otherwise, there would be water and forest tiles randomly interspersed and
agents would not be forced to explore di erent areas of the map. An agent's observability
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Figure 3.3: NMMO: Environment layout.

is limited to an egocentric window of 15 15 pixels. We con gure the environment so
that agents always spawn in the center of the map at the beginning of each episode (i.e.,
not in the water or forest area) and agents can take movement and combat actions.

Agents maintain a stash of consumable resources (food and water). Collecting any
forest (food) or water tile increases an agent's personal inventory for that resource by +0.1
up to a maximum amount of 1.0. At each timestep, an agent's inventory for both food
and water deplete by a rate of -0.02 down to a minimum of 0.0 each. When in teams,
teammates share water and food resources amongst themselves.

There is no standard reward function in NMMO. To simulate the dynamics of a hunter-
gatherer society with multiple tasks, we reward agents based on their inventory of resources.
We reward agents for positive increases to their lowest resource: niiji( min(l)! * when
min(1)t > min(l)t 1, wherel is the inventory of food and water. Thus, agents must learn
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to maintain both food and water to receive reward. We remove agent \death" by starvation
since this feature is not relevant to our study and it's removal maintains consistent episode
lengths and learning steps in each experiment. We use NMMO in Chapter 6 where
teammates share their rewards according to Equation 3.1. Similar to Cleanup, rewards are
distributed to teammates at the timestep they are collected instead of teammates needing
to distribute rewards themselves.

In Chapter 6, we nd that a single agent in NMMO is unable to learn the reward
dynamics of maintaining both food and water resources. When agents are in a team, they
divide labor to collect either food or water, similar to the dynamics of hunter-gatherer
societies. However, we nd that the ability for teams to form an e ective joint policy
depends on the size of the team.
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Chapter 4

The Bene ts of Teams in Multiagent
Learning

This chapter rst introduces the idea of multiagent teams in social dilemma domains with
individual learning agents. We nd that forming teams within a population helps agents
develop cooperative pro-social policies despite incentives to not cooperate. Furthermore,
agents are able to better coordinate and learn emergent roles within their teams to achieve
higher rewards compared to when the interests of all agents are aligned. This is done
through agents autonomously discovering a more e cient global joint policy when de ned

in certain team structures compared to the fully cooperative population.

4.1 Introduction

Observed in both animal and human behavior, the ability to work in teams can magnify
a group's abilities beyond the capability of any individual. In multiagent research with

Al agents, a large area of research focuses on the proces®whing teams of agents with

de ned abilities towards a known goal [265, , ]. With teams of learning agents,
multiagent reinforcement learning (MARL) has achieved impressive results in competitive
two-team zero-sum settings such as capture the ag [99], hide-and-seek [13], and Robot
Soccer (RoboCup) [111].

While Team Forming algorithms have important and widespread applications, they do
not analyze how team dynamics and structures impact the development of learning agents'
policies such as in MARL contexts. In the two-team zero-sum domains with MARL teams,
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the structure of teams are typically de ned (i.e., hide-and-seek is always 2 vs. 2), meaning
the potential impact of team structures are typically overlooked. Furthermore, when agents
are deployed into the real world, they will be faced with problems that are not zero-sum [12].
Therefore, there is growing interest in exploring how agents can learn cooperation in mixed-
motive domains, such as Sequential Social Dilemmas (SSDs) [125]. This chapter presents
an analysis of the impact and bene t of teams and di erent team structures on the learning
process for individual agents that learn in the context of mixed-motive domains.

Inspired by group structures in organizational psychology (OP) and early models of
teams from the Al literature for task completion (highlighted in Chapter 2), we implement
the general model of multiagent teams presented in Chapter 3 and evaluate it in the
context of social dilemmas. It is well documented that individual RL agents fail to learn
cooperation in social dilemmas while agents with common interest have more success [4, 13].
Our teams model is situated between these two extremes, where teammates are bound by
common interest but mixed-motives exist between non-teammates. We show in the Iterated
Prisoner's Dilemma (IPD) and Cleanup Gridworld Game (both presented in Chapter 3)
that teams improve how agents learn and develop pro-social policies. This chapter makes
the following contributions:

" We implement a model of teams inspired by early work in multiagent systems and
OP (presented in Chapter 3).

In Section 4.2 we discuss the theoretical rami cations of our model in the context
of social dilemmas regarding game-theoretic incentives under di erent environmental
conditions.

Through an extensive empirical evaluation, Section 4.3 shows how our model of
teams helps agents develop globally bene cial pro-social behavior despite short-term
incentives to not cooperate. As a result, agents in teams achieve higher rewards in
complex domains than the fully cooperative system by autonomously learning more
e cient combinations of roles.

4.2 Equilibrium Analysis with Teams

Our environment in this context is theN -agent stochastic game presented in Chapter 3. In
this section, we perform an equilibrium analysis in the context of the IPD environment to
understand how teams impact the game-theoretic incentives for behavior in this repeated
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H Cooperate ‘ Defect ‘

Cooperate||b ¢, b c c b
Defect b, ¢ 0,0

Table 4.1: An example of the Prisoner's Dilemma with the costs (c) and bene ts (b) of
cooperating p > c > 0).

game. Recall that in our implementation of the IPD, a population of agents is divided into
teamsa priori. At each timestept:

1. Agents are randomly paired with another agent, aounterpart, that may or may not
be a teammate.

2. Agents are informed as to what team their counterpart belongs to through a numerical
signal s;, though additional identity information is not shared.

3. Agents must decide to cooperate with@) or defect on D) their counterpart, a'.

4. Agents receive their team rewardT R}, based on their own and their teammates'
interactions.

5. Agents update their strategies (i.e., learn) using their own direct observatiah, what
action they chosea!, and their team reward T R!.

Since only the team information of the counterpart is shared, the strategies of all agents
in team T; ultimately a ects how agents learn to play any member off;. We are interested
in understanding how the introduction of teams may help or hinder cooperation. As a
rst step towards addressing this question, we investigate the impact of teams on tistage
gameof the IPD. To provide a clear comparison with the standard IPD, we take an ex-ante
approach, where agents are aware of their imminent interaction and the existence of other
teams but not the actual team membership of their counterpart.

Assume a pair of agentsj and j, have been selected to interact at some iteration of
the IPD and agenti knowsj will be a teammate with probability and a non-teammate
with probability (1 ). Also assume agenj is playing some strategy summarized by
the probability that agent | selects actionC conditioned on if they are a teammate or
non-teammate. Let r, = ( ;1 ) be the strategy prole for agentj, where ;i is
the probability that | selects actionC if j 2 T; (a teammate) and v =( j;;1 ;) be
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H Cooperate\ Defect ‘

b
Cooperate|| b ¢, b c| %, >°

2
Defect be be 0,0

Table 4.2: An example of the Prisonner's Dilemma when agents are teammates with full
common interest. C; C) is the unique Nash Equilibrium.

the strategy pro le whenj 2 T; (is not a teammate). The expected utility ofi choosing
to cooperate C) or defect (D) can be derived using Table 4.1, Table 4.2 (same tables as
in Chapter 3, repeated here for the reader),, and the strategy prole of j, r or -
(we denote strategy pro le as t below when referencing both , or 1, such as in the
expected utility to cooperateE(C; 1)).

If agent i decides to cooperate, it's expected utility, subject to agerjt's strategy, is
calculated by:

b ¢

E(C; 1)= b o9+@ ) 5

+1 )y 9+@ )  (4.1)

2ji(b C)+b c ji(b C)

E(C; 1)= 2 2 5

+@1 )b jc c+ 5 (42

jib jiC+b Cc

E(C; 1)= 5 >~ T Ilib d (4.3)
ec = 0T v e g (4.4)
Bc = 2N ea b g (@5)

If agenti decides to defect, it's expected utility, subject to agent's strategy, is:

E(D; 1)= i (bZC)

+(@ )[40 (4.6)
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E(D; 1)= % +(1 ) b (4.7)
We determine the conditions under which agent has incentive to cooperate as when
E(C; 1) E(D; 7). We calculate this scenario by substitutingg(C; 1) and E(D; 1)
from above:

b C); i+ 1) 1 )b o o (g 9 +@ )b (4.8)
(b C)é i 1) ot ¢ i (2 0) (4.9)

(b o
5 0 (4.10)
(b g+2c 2 (4.11)
b+ ¢ 2c (4.12)

2c

=2 (4.13)

The above derivation calculates the point at which agents have incentives to cooperate
in our environment. In the regular IPD without teams, agents have no common interest
making (D, D) the unique Nash Equilibrium and C, C), (C, D), and (D, C) the three
Pareto Optimal strategies. Since teammates share rewards, the degree of common inter-
est is ultimately determined by the amount they interact with their team, (i.e., more
teammate-teammate interactions means a higher degree of population common interest).
Therefore if Equation 4.13 is satis ed, the game-theoretic properties of the IPD transform
so that (C, C) is the unique Nash Equilibrium and Pareto Optimal strategy. We further
analyze these incentive dynamics in each of our evaluation domains in the next section;
however, we nd that teams often lead to agents learning cooperation in settings where
they have incentives to defect.
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4.3 Empirical Evaluation Con guration

In this section, we present the setup and results of experiments in the IPD [194] (Sec-
tion 4.4) and Cleanup [249] (Section 4.5) environments using MARL agents. While our
teams model does not require it, we assume that for &l; T; 2 T, jTij = jT;j (i.e., given a
team model, the teams are the same size). This avoids complications that might arise with
agent interactions if teams were signi cantly di erent sizes and to be consistent across our
domains. Alternative interaction mechanisms and teams of di erent sizes are left for future
work. We use the notationjT j5jT;j to indicate the total number of teams and the size of
each team. For example, IN indicates one team oN agents (fully cooperative) andN /1
representsN teams of one agent (fully mixed-motive). Of course, many scenarios may fall
between these two extremes. Since fully mixed-motive has agents working as individuals
(i.e., no teams, orN teams of one), it serves as a benchmark against which we can compare
the performance of team structures.

4.4 |PD Evaluation

In the IPD, each experiment lasts 0 10° episodes wheréN = 30 agents learn using
Deep Q-Networks [153]. An episode is de ned by a set of agent interactions where each
agent is paired with another agent and plays an instance of the Prisoner's Dilemma. Agent
pairings are assigned using a uniform random distribution over each team so agents are
unable to explicitly modify who they interact with, known as a challenging scenario for
cooperation to arise without additional infrastructure [4]. We de ne a counterpart as
having equal probability of being in any team (i.e.p(sf = T;) = p(sf = T;)8T;;T; 2 T).
Each experiment is repeated ve times to study variance in results. In Appendix A.1, we
prove how this con guration ensures that each agent has the same number of expected
interactions to learn from.

Population Reward Results

In our rst set of experiments, we explore the degree to which team structures support
cooperation. We x the cost () at 1, and let the benet (b) be 2, 5, or 10. To capture
the behavior of agents after they have converged to a policy, the top graph of Figure 4.1
shows the normalized average global reward of the last 25% of the episodes using individual
learning RL agents. We normalize the average global reward of each experiment in the
interval [0 ¢;0 + b and calculate 95% con dence intervals to compare di erent cost and
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Figure 4.1:IPD: The top graph shows the normalized average population reward of MARL
experiments with three di erent cost:bene t ratios when N = 30 with 95% con dence
intervals. The bottom graph shows incentivized actions from Equation 4.13, where positive
(or zero) is cooperation and negative is defection being incentivized. Team structures
are labeled|T j5T;j and bookended with fully cooperative (1/30) and fully mixed-motive
(30/1). When b 2 f 5;10g, every team structure besides the individualistic case (30/1)
achieves about as much reward as 1/30 without requiring a fully cooperative the population.
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Figure 4.2: IPD: The 5/6 team composition showing the percent of cooperation towards
teammates and non-teammates when= 1 and b2 f 2;5g. When bene t is greater, agents
develop pro-social policies towards non-teammates despite the incentive to defect.

bene t ratios on the same plot. To show the corresponding incentives of each experiment,
we include the bottom graph which displays the calculated action incentive by a modi ed
Equation 4.13, bi—cc. Each bar in this graph corresponds with the experiment in the top
plot so that positive (or zero) bars represent cooperation being incentivized and negative
bars represent defection. Cost and benet ratios are arranged from highest bene t (left)
to lowest benet (right).

Our results show teams always achieve more reward than individual agents (30/1);
however, this reward depends on the cost and bene t ratio. Wheln= 2, the experiment
results for average population reward a follow trend similar to the incentives of each scenario
in the bottom graph. Our main nding in Figure 4.1 is how, when the benet increases,
individual RL agents achieve high average population reward despite the incentive to defect
as shown in the bottom graph. Whenb 2 f 5;10g, every team structure, other than
the individualistic 30/1 scenario, achieves basically the same reward as 1/30 even though
there exists mixed-motive interactions with other teams. Defection is the incentivized
action in seven of 12 (58%) of these experiments that would produce low global reward
if agents actually learned defection. Instead, we observe agents develop reciprocally pro-
social policies that achieve high rewards in every scenario with teams of multiple agents
whenb2 f 5;10g. To analyze how high rewards are achieved in environmental conditions
that promote defection, we study agents' behavior over time.
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Analyzing Learned Policies

In evolutionary biology, fostering cooperation at varioudevelshas been found to depend
on the size of the cooperative return [210]. The idea behind cooperation levels comes from
the concept that not all cooperative actions are equal, cooperating with certain groups is
more signi cant than cooperating with other groups. Di erent types of cooperation, or
levels of cooperation, have yet to be explicitly explored in MARL; however, teams allow us
to identify two levels of cooperation in our IPD environment: cooperation with teammates
and cooperation with non-teammates. Figure 4.2 shows the percent of cooperative actions
over time with the 5/6 team structure whenb 2 f 2;5g. By Equation 5.2, agents have
the incentive to defect in both scenarios. The&-axis shows time and they-axis shows the
percent of an agent's actions that are cooperation (2,000 episode sliding window mean,
single episode progression).

Both graphs in Figure 4.2 show that agents immediately learn to cooperate with team-
mates regardless df. When b= 2, agents defect on non-teammates; however, whér= 5,
agents learn to cooperate with both teammates and non-teammates. We observe similar
behavior with every other team structure (not including 30/1) whenb 2 f 5;10g. That
is, cooperation emerges with teammates and non-teammates despite incentives to defect.
While other work requires strong assumptions of agent behavior to foster cooperation, our
results indicate teams allow agents to learn an emergent cooperative convention at multiple
levels of a system in certain settings.

4.5 Cleanup Gridworld Game Evaluation

We expand our evaluation of teams to the Cleanup Gridworld Game [249]. Instead of
distinct \cooperate" and \defect" actions like in the IPD, agents in Cleanup must learn
entirely cooperative or defecting policies through their general behavior in the environment
(i.e., cleaning the river or picking apples). This added complexity allows us to further
analyze how agents develop joint policies, converge to various roles in the environment,
and learn to explore the underlying dynamics of the environment.

To allow for multiple teams with the same size in Cleanup, we experiment witN = 6
agents (previous work typically usesN = 5 [96, , ]). Our agents use the Proxi-
mal Policy Optimization (PPO) [214] RL algorithm for 1:6  10° environmental timesteps
(each episode is 1,000 timesteps). Agent observability is limited to a 1515 egocentric
RGB window. Teammates share the same color and optimize fOIR; calculated at each
environmental timestep. Each experiment is repeated for eight trials.
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Figure 4.3: Cleanup: Mean population reward for each team structure with 95% con -
dence intervals. 6/1 represents individualistic agents and 1/6 represents a fully cooperative
population. Both 2/3 and 3/2 team structures achieve more reward than 1/6 and 6/1.

Mean Population Reward in Cleanup

Figure 4.3 shows the mean population reward for each scenario in Cleanup with 95%
con dence intervals. It has been previously assumed that the setting that achieves the most
population reward in Cleanup is when agents are fully cooperative and optimize for the
collective rewards of the entire group [266, 52, : ], similar to our 1/6 con guration.
However, teams introduce a new dynamic to the environment and we nd the 2/3 and 3/2
team structures both achieve 33% more reward than 1/6 despite the interests of all agents
not being aligned. As expected, the 6/1 scenario fails to achieve signi cant reward since
agents succumb to the incentive to free ride and few apples grow. McKee et al., [145] has
shown that only evaluating a system for mean reward masks other dynamics such as high
levels of reward inequality among agents.

Reward Equality Among the Population
Mean population reward does not fully investigate the dynamics of why or how team

structures achieve this higher reward. It is important to consider potential side e ects on
population reward equality, such as how the reward is distributed among agents in these
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Figure 4.4: Cleanup: Inverse Gini index (equality) for each team structure with 95% con-
dence intervals. Higher values represent more equality. Both 2/3 and 3/2 team structures
have high equality despite the interests of all agents not being aligned.

settings. It is important to understand if teams introduce scenarios that lead to high
inequality for settings where reward inequality may be detrimental to a system. We model
population reward equality as the inverse Gini index, similar to past work [145], calculated
as:

P Py . i
izo j=oJRi Ry

Equality =1 S—
g y 2N 2Ry

: (4.14)

whereRy is the mean population reward. Figure 4.4 shows our results for reward equality
over time with 95% con dence intervals where higher values represent more equality. The
1/6 scenario is, by de nition, always 1 since there is only one team. Despite earning high
reward, both 2/3 and 3/2 team structures also achieve high equality and always have
greater equality than 6/1. Success in Cleanup relies on agents coordinating to form an
e ective joint policy instead of simply choosing an explicit cooperation action (as in the
IPD). To further understand how team structures achieve the highest rewards while also
maintaining high equality, we analyze agents' policies and division of labor that generates
the increase of reward.
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Figure 4.5: Cleanup: One team of six agents. Mean number of apples picked (top) and
cleaning beams selected (bottom) per-episode.
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Figure 4.6: Cleanup: Six teams of one agent each. Mean number of apples picked (top)
and cleaning beams selected (bottom) per-episode.
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Figure 4.7: Cleanup: Two teams of three agents each. Mean number of apples picked
(top) and cleaning beams selected (bottom) per-episode.
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Figure 4.8: Cleanup: Three teams of two agents each. Mean number of apples picked
(top) and cleaning beams selected (bottom) per-episode.
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Division of Labor in Global Joint Policies

While agents in teams consistently learn to divide labor, the same numbered agent does
not always learn the same behavior across di erent trials of our experiments. This makes
aggregating multiple trials di cult. Therefore, Figures 4.5 through 4.8 show the mean
apples picked (top) and cleaning beams selected (bottom) for each agent in one trial of
our evaluation with each team structure (1/6, 6/1, 2/3, and 3/2). The behavior in this
trial represents the most common division of labor for each team structure. Agents on the
same team in each plot are presented as di erent shades of the same color (i.e., light red
and dark red are teammates). The-axis shows the number of apples collected or cleaning
beam actions taken and thex-axis represents time. Agents rarely punish, thus we omit it
from our analysis.

In the 1/6 con guration (Figure 4.5), two agents learn to mostly pick apples while four
agents clean the river. While this represents the most common division of labor with 1/6,
we do observe two trials where three agents learn to pick apples and three agents learn
to clean the river. These strategies achieve high mean reward, but is not the best joint
policy observed in our evaluation and consistently achieves less reward than the 2/3 and
3/2 team structures, discussed below. Shown in Figure 4.6, independent agents in 6/1 fail
to signi cantly clean the river; therefore, few apples grow which leads to low rewards. Five
agents free-ride on the labor of only one river cleaning agent. Figure 4.7 and Figure 4.8
show the 2/3 and 3/2 team structures respectively. We consistently observe populations
of agents in these team structures divide into four apple pickers and two river cleaners.
This division of labor joint policy achieves the highest reward in the Cleanup environment
out of all joint policies we observed. The 3/2 team structure tends to learn this division
slightly quicker (Figure 4.8), although both con gurations eventually achieve basically the
same reward on average as shown in Figure 4.3.

In summary, our results show how agents in team structures learn better specialization
among the population by autonomously learningoles within their team. This allows
populations in the 2/3 and 3/2 team structures to keep the river clean while most agents
collect the spawning apples to collect reward. This causes 2/3 and 3/2 to achieve high
mean population reward and equality across teams even though agents on di erent teams
optimize for their own team's reward.
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4.6 Discussion

This chapter shows that our model of teams has a signi cant impact on the development of
agents' policies. In the IPD, we show how teams allow agents to immediately identify and
cooperate with their teammates. Interestingly, we nd that RL agents develop a pro-social
convention and adapt this cooperative behavior towards non-teammates with speci c team
structures depending on the payo scheme, even if defection has greater expected value.
This behavior may be comparable with di erent levels of cooperation in humans, similar
to increasing cooperation from only kin selection to notions of direct reciprocity with other

groups [ ].

While it was previously assumed that optimizing for signals from all agents (i.e., a
fully cooperative population) achieves the highest reward in Cleanup [266, 52, , 1,
our results indicate that agents optimizing for only a subset of the population (i.e., a
team) and maintaining mixed-motives within the population achieves higher reward. Agent
specialization in Cleanup is rst identied by McKee et al. [145]. However, that work
views specialization into a speci aole of river cleaning agent or apple picking agent as a
negative result that causes high labor inequality. We argue that the context of teams should
change how role specialization is viewed in MARL. In the literature on Team Forming and
Coalition Structure Generation, teams are often constructed to explicitly Il necessary
roles [7]. We view role specialization as the agents autonomously learning these roles with
only the feedback of their team's reward. This reinforces our hypothesis that teams can
help improve how MARL agents learn to coordinate, and may be of speci c interest to the
emergent behavior community.

However, certain side e ects may occur among teams depending on the de ned team
structure. While our 3/2 team structure achieves high reward in Cleanup, there is higher
inequality than 2/3. To achieve the four apple picker and two river cleaner joint policy,
one team (T, (red) in Figure 4.8) must free-ride on the labor of the other two teams. In
practice, systems should consider potential side e ects if slight inequality is detrimental
to its welfare in the long-run, despite short-term stability. Furthermore, while we explore
teams of Al agents, teams may also consist of humans or hybrid populations of both Al
and humans. Exploring alternative team reward functions may lead to interesting results
and future research, particularly in the context of hybrid teams.
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4.7 Conclusions

This chapter provides an initial analysis into how team structures impact the development
of individual learning agents' policies. While teammates in this setting share rewards and
have common interest, mixed-motives are preserved between teams. Our results show that
teams help agents develop pro-social policies in social dilemma domains despite game-
theoretic incentives not to cooperate. In Cleanup, this leads to more globally productive
joint policies than a fully cooperative population (1/6 team structure). This is signi cant
considering that prior work assumes the fully cooperative population will achieve the best
results in mixed-motive domains and has often compared their methods to fully cooperative
outcomes. Instead, we nd that a fully cooperative population may be sub-optimal and
may not achieve the highest reward. In the next chapter, we relax the assumption that
teammates fully share rewards and explore the impact of di erent degrees of mixed-motives
among teammates.
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Chapter 5

The Impact of Credo on Multiagent
Learning

Chapter 4 explored the idea of how team structures impact the development of agents'
policies in mixed-motive domains. While teammates in that setting had common interest
by fully sharing rewards, mixed-motives were maintained between teams. A main nding
is how di erent team structures help support the development of pro-social policies that
can discover more e cient global joint policies than a fully cooperative population. In this
chapter, we relax the assumption that teammates fully share rewards and explore settings
where agents can partially optimize their behavior for various goals. We introduce a model
to de ne how agents can optimize for di erent goals in the context of teams and analyze
it's impact on the policies that individual learning agents develop.

5.1 Introduction

Humans have evolved with the inherent ability to cooperate and organize into teams.
Some hypothesize that this has signi cantly supported our path to achieving higher intelli-
gence [193, ]. People tend to organize themselves into \teams-of-teams" within a larger
system that are not in zero-sum competition, improving self identi cation and clarity of
goals within a smaller group [143]. Today, these teams are present at various levels of
complexity in order to survive, compete in sports, or complete tasks.

Wayne Gretzky, a former ice hockey player known aBhe Great One describes a suc-
cessful team as requiring \each and every [player] helping each other and pulling in the
same direction”. This statement, however, raises a number of questions.
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Do players on successful teams only optimize for the goals of their team?
Is this strategy the best way for teams to achieve success?

If not, under which conditions does optimizing for an alternative goal help or hinder
overall success?

Can incentives for individual goals actually promote behavior that is bene cial to
the team?

In this chapter, we analyze how the performance and bene ts of teams are impacted
when learning agents may have di erent preferences by which they optimize their behavior.
In multiagent reinforcement learning (MARL), agents learning to cooperate are often de-
ned to have common interest through sharing exogenous rewards [3, 12]; however, purely
pro-social agents may not be possible in practice. For example, consider scenarios where
agents are designed by di erent manufacturers or hybrid Al/lhuman populations interact.
Agents in these settings may have some self-interest for personal goals. Therefore, it is
important to understand how and when cooperation can be supported in systems where
agents may partially optimize for multiple objectives.

In this chapter we introduce agentcredg a model which regulates how agents opti-
mize for multiple objectives in the presence of teams. The noun credo, de ned as \the
aims which guide someone's actions" [224], describes our model of how agents optimize
for goals. To be consistent with the analysis in the previous chapter, we analyze credo in
mixed-motive social dilemmas popular in recent MARL research on cooperation [125, ].
A common assumption made in past MARL literature is that aligning all agents' reward
functions in mixed-motive environments is the strategy that will achieve the highest re-
ward [266, 71]. Chapter 4 disproved this assumption by showing that multiple teams
of fully aligned teammates achieves signi cantly more reward than the fully cooperative
system. In this chapter, we discover multiple situations in which, despite some sel sh
preferences among agents, certain credo con gurations with a de ned team structure also
signi cantly outperform the fully cooperative population. This chapter makes the following
contributions:

A

In Section 5.2, we augment the environment de nitions in Chapter 3 and formally
de ne the model credo in the context of multiagent teams.

" In Section 5.3, we study how the incentive structures of social dilemmas depend on
the interaction between agents' credo and environmental variables.
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" With learning agents, in Section 5.4 we show how di erent con gurations of credo
can lead to over 30% higher rewards than a fully cooperative population if agents
partially optimize for personal or team-based goals.

5.2 Model of Credo with Multiagent Teams

The model of multiagent teams with individual learning agents used in this chapter is
consistent with the model detailed in Chapter 3 and implemented in Chapter 4. In review,

a team is a subset of agents which have some degree of common interest for team-level
goals. Given a population, multiple teams with di erent preferences and interests may
co-exist that are not in zero-sum competition. Consistent with Chapter 4, we refer to the
number and size of all teams as a team structure and denote the set of all teamsraghe
teams agenti belongs to asT;, and a speci c team asT; 2 T;.

This chapter augments agents' reward functions by introducingredo. a model to reg-
ulate how much an agent optimizes for di erent reward components it has access to. We
relax the modelling assumption that teammates are bound through full common inter-
est [184, 99, 13, 36] to study how dierent credos impact a system of learning agents.
For example, an agent may optimize their policy for the performance of one or multiple
teams, while also being somewhat oriented towards its own personal goals. We represent
these guiding principles by decomposing the reward any agentmay receive from the
environment into three components:

A

IR: agents' individual exogenous rewardR;.
- TRiTi 8T; 2 T;: the rewardsi receives from each team for which they are a member.

" SR;: the rewardi receives from the system o agents.

TR/ and SR; can be implemented with any function to aggregate and distribute re-
wards amongst multiple agents so long as agents are able to receive some amount of reward
from these functions.

We de ne credo to be a vector oparameters cr;, where the sum of all parameters is
1. The credo of an agent is represented by



where ; is the credo parameter foii's individual reward IR, ,T is the credo parameter

for the reward TRiTi from team T; 2 T;, and ! ; is the credo parameter for the reward
receives from the systenSR;. The parameter notation is organized by increasing order of
group size, so thatcr; = hself:::; teams:::; system, wherejself < jteamg | systen;.
Agent i's credo-based reward functiodR" is calculated as:

RY = IR, + TTR" +1,SR;; (5.1)
Ti 2T;

The environment in our analysis consists of a stochastic game with a model of team
structure hGTi. Being consistent with Chapter 4, we continue to analyze the setting
when agents belong to exactly one team. Formally; is a partition of the population into
disjoint teams, T = fT;jT; N;[ T = N;T;\ T; =;8i;j g. This team structure simpli es
the credo vector for each agent to ber; = h ;; i;!ii, where ; is the credo parameter for
i's team and we drop the team-speci ¢ superscript.

Any deterministic function can be used to calculatdR;, TRiTi for any T;, or SR; in
our model so long as any agent in a team or system receives reward for being part of the
team or system (agents are part of the system by default). We implement functions to
be consistent with past work by de ning agents in a particular group to share rewards
equally [254, 13, 99]IR; = R;, the agent's normal individual reward function. Their team
reward is de ned asTR" : S A; S7!R, so that:

P
j2n Ri(SAS)
JTij ’

TR =

where teammates share their rewards equally, consistent with Chapter 4. The system-wide
reward is dened asSR; :S A; S 7! R so that:

P
i2n Ri(SiA;S)
Nj

SRi =

the mean reward of allN agents in the system. The nal credo-based reward for agent
R, is calculated using Equation 5.1 with these functions.

As is standard in many MARL problems, agents are trained to independently maximize
their rewards. In particular, at time t each agenti selects some actiom which together
form a joint action a'. This action results in a transition from joint state s' to joint
state s'*!, according to the transition function P, and provides each agent with reward
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B}(st;at;s”l). Agents seek to maximize their sum of discounted future reward¥, =

o 'RL Our model replacesR; with RY" at every timestep, recon guring the learning
problem so agents must learn behavior that maximizes their sum of discounted future
credo-based rewards according to the team structure and environment. This creates
various dimensions of incentives that can impact the policies that agents learn through
experience.

5.3 Equilibrium Analysis with Credo

We are interested in understanding the conditions under which credo may help or hinder
cooperation. Thus, as a rst step we investigate the impact of credo on th&tage game
of the IPD with teams. To provide a clear comparison with the standard IPD, similar
to in Chapter 4, we take an ex-ante approach where agents are aware of their imminent
interaction and the existence of other teams, but not the actual team membership of their
counterpart.

Assume a pair of agentsj and j, have been selected to interact at some iteration of
the IPD and agenti knowsj will be a teammate with probability and a non-teammate
with probability (1 )- Let . =( ;1 ;) representj's strategy prole whenj 2 T;,
where j; is the probability for cooperation (C). Likewise, let 1, = ( j;;1 ) bej's
strategy pro le whenj 2 T;, any other team.

For the sake of our analysis, we make the assumption that all agents have the same
credo. We calculate the expected values of cooperation and defection in situations where
agents are fully self-focusedc¢; = hl:0;0:0;0:0i), team-focused ¢r; = Hh0:0; 1:.0; 0:0i),
and system-focuseddr; = h0:0;0:0;1:0i). These values are then weighted by agents'
credo parameters to consider all mixtures of possible parameters. We then calculate the
conditions in which agenti has the incentive to cooperate as when the expected value of
cooperation based on credo is greater than the expected value of defection. We include
the full derivation in Appendix B.1. After algebraic simpli cation, we determine agent is
better o cooperating whenever:

2c b ¢

bt C + 1 T iC: (52)

Note that this is independent of the strategy pro le of their counterpart, + (we remove the
team notation from the subscript since the counterpart could be frori; or T;). Whenever
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Figure 5.1: Impact of teammate pairing probability and the cost of cooperatiort (bene t
b = 5) on action incentives with credo. Red corresponds with cooperation being incen-
tivized and blue corresponds with defection.
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cooperation is the dominant strategy in a stage game, it will be supported in the repeated
game.

Figure 5.1 shows the expected reward value of cooperation minus the expected reward
value of defection by solving Equation 5.2 withjT j = 5 teams. Each triangle shows the
results for the linear combination of agent credo composed of self+;(right axis), team-

( i; left axis), and system-focused!(;; bottom axis) parameters for an agent (increments

of 0.02). The colors indicate the expected value that agents would receive if they choose to
cooperate; thus, colors correspond with the incentive to defect (blue) or cooperate (red),
as computed by subtracting the value of defection from cooperation. White is used when
this di erence holds with equality.

Each row of plots represents di erent values of, the probability of being paired with
a teammate. The remaining probability 1  is spread across th¢l j 1 teams uniformly.
With ve teams, these values of represent when the chance of a counterpart being from
another team is four times more likely than their own team ( = 0:06), being from any of
the ve teams has equal probability ( = 0:2), and being from the same team is four times
more likely than another team ( = 0:5). Each column of plots represents a di erent cost
of cooperation so thatc 2 f 1; 2; 3g with the bene t xed to b=5. For our entire analysis,
we increase the cost and x the benet since we are interested in the ratio between the
cost and bene t of cooperation instead of their absolute values.

We observe less overall incentive to cooperate as the cashcreases (i.e., darker blue
and has more area inside the triangles). This pattern resembles ndings observed in human
behavior, where the amount of cooperation depends on the size of the bene t compared
to the cost [210]. Another observation is that defection is incentivized in the presence
of any amount of self-focus (right axes), with the exception of one environment € 1
and = 0:5). Even in this scenario, defection becomes quickly incentivized as self-focus
increases to ; = 0:2. The following empirical experiments show that learning agents are
able to develop globally bene cial cooperative behavior in multiple settings where defection
IS incentivized.

5.4 Empirical Evaluation

The following sections present the setup and results of experiments in the Iterated Pris-
oner's Dilemma (IPD) and Cleanup gridworld game environments using learning agents.
Consistent with Chapter 4, we assume that for all team$;; T; 2 T, jTij = jT;j (i.e., given a

team model, the teams are the same size). This avoids complications that might arise with
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Figure 5.2: IPD: Fully self-, team-, and system-focused agents wher= 1, b=5, =0:2
in a setting with ve teams (jT ] =5) of ve agents each (T;j = 5).

agent interactions if teams were of signi cantly di erent sizes and to be consistent across
our domains. We initializecr; to be the same for all agentsa priori and do not change
the parameters over the duration of an experiment. Since fully self-focused and system-
focused credos have agents working as individuals (i.e., the standard non-team framework)
and one full group (i.e., cooperative setting), they serve as benchmarks against which we
can compare the performance of other credo with teams.

5.4.1 IPD Evaluation

In the IPD, each experiment lasts 0 1 episodes. We con gurdN = 25 DeepQ-Network
(DON) [153] agents into ve teams (T j = 5) of equal size (i.e., ve agents per-team). While
our general team model allows for an arbitrary number of teams of any size, this work is
concerned with the relationship between agent credo and environmental conditions.

An episode is de ned by a set of agent interactions where each agent is paired with
another agent and plays an instance of the Prisoner's Dilemma. Agent pairings are assigned
based on , the probability of being paired with a teammate, and agents are unable to
explicitly modify who they interact with, a challenging scenario for cooperation without
additional infrastructure [4]. Each experiment is repeated for ve trials. We analyze two
types of credo distributions among the population: full-focus and multi-focus credo.
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Full-Focus Credo

We start by analyzing how the behavior of agents is impacted by the extremes of full
self-focus €¢r; = hl:0;0:0; 0:0i), team-focus €r; = h0:0; 1.0; 0:0i), or system-focus ¢r; =
h0:0; 0:0; 1:0i ) credo, denoted adull-focus credo.

Figure 5.2 shows our results where the-axis of each plot shows time and thg-axis
shows the percent of actions where agents chose to cooperate, averaged over 2,000 episode
windows (sliding window, increments of one episode). We set 1, b=5,and =0:2so
counterparts have equal probability of being selected from any team (singej = 5). Blue
represents when the counterpart is a teammate and green when the counterpart is not a
teammate.

When all agents are fully self-focused (left)¢r; = h1.0;0:0;0:0i81 2 N, they immedi-
ately learn defection towards all other agents (blue overlapped by green). When agents are
team-focused (middle)cr; = h0:0; 1:0; 0:0i, defection is the incentivized behavior as shown
in Figure 5.1 (top corner of each triangle plot). However, we nd agents quickly identify
and cooperate with their teammates and almost every agent simultaneously develops stable
pro-social policies with non-teammates despite not sharing rewards (similar to Figure 4.2
in Chapter 4). We hypothesize this is due to a combination of reduced reward variance for
actions in speci ¢ states and interactions with teammates providing a strong positive feed-
back signal favoring cooperation. Only one agent over all trials learned defection against
non-teammates, likely due to random initialization, although mutual cooperation is sus-
tained among the other agents despite this defecting agent. In the right plot when agents
are fully system-focused, agents learn to cooperate with every agent regardless of team
(blue overlapped by green). The-greedy exploration algorithm prevents this percent of
cooperation from ever reaching 100%. While other work requires strong assumptions of
behavior to steer agents towards cooperation [3], these results indicate that full common
interest may not be necessary to promote cooperation across an entire population with
teams.

Heterogeneous Environment

Next, we experiment with settings where each of the ve teams may have di erent
credos within the same environment (e.g., 1 self-focused team, 3 team-focused teams, and
1 system-focused team). We use the same environmental settings as Figure 5.1, so that

2 £0:060:2;0:59, c2 f 1,2;3g, and b = 5 to understand how credo and environmental
parameters impact how agents learn. This set of experiments is designed to understand how
teams following di erent credos learn to interact with each other, and which credos have
advantages in certain environments and population distributions. We assign tearariori
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Figure 5.3: IPD: Cost is 1 and all agents follow di erent full-focused credos. Percent
of actions that are cooperation (Total), only with teammates (In-Team), and only with

non-teammates (Out-Team). We experiment with di erent probabilities of being paired

with a teammate 2 f 0:06;0:2; 0:5g and the benetis 5.
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Figure 5.4: IPD: Cost is 2 and all agents follow di erent full-focused credos. Percent
of actions that are cooperation (Total), only with teammates (In-Team), and only with

non-teammates (Out-Team). We experiment with di erent probabilities of being paired

with a teammate 2 f 0:06; 0:2; 0:5g and the benetis 5.
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