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Abstract

In this thesis we address the problem of emergence of cooperation between agents that
operate in a simulated environment, where they need to accomplish a complex task that
is decomposed into sub-tasks and that can be completed only with cooperation. A deep
reinforcement learning approach using a multi-layered neural network is used by the
agents within a reinforcement learning algorithm to learn how to accomplish the task of
moving heavy loads that require cooperation between agents. The goal of this work is
to empirically show that cooperation can emerge without explicit instructions, whereby
agents learn to cooperate to perform complex tasks, and to analyze the correlation
between task complexity and training time. The series of experiments we conducted
helps establish that cooperation can emerge but becomes unlikely in partially observable
environments as the environment size scales up. Another series of experiments shows
that communication makes the cooperative behavior more likely, even as environments
scale up, when the environment is only partially observable. However, communication
is not a necessary condition for cooperation to emerge, since agents with knowledge of
the environment can also learn to cooperate, as demonstrated in the fully observable

environment.
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Chapter 1

Introduction

Multi-agent systems are increasingly popular and are often tasked with accomplishing
complex tasks that require cooperation. People experience the reality of their physical
limitations as individuals when trying to move a bulky or irregular sized object which
requires them to coordinate with others to accomplish the task. The need to work coop-
eratively arises from trying to interact in the environment with artifacts that are larger
and more complex than what a single person can reasonably manipulate. Given the
complexity and multitude of tasks that have to be performed all around us, cooperative
team work is inevitable for successful functioning in organizations, sports, warehouses
and almost every facets of society. In an ever increasing pace of automation we see that
autonomous agents need to work cooperatively, where they operate in an environment
with objects that are bigger and more complex than themselves and hence cannot be
manipulated by a single agent.

Robotics and artificial intelligence are bound to evolve into the area of multi-agent
cooperation as more and more autonomous entities are deployed to accomplish tasks
that cannot be adequately performed by a single agent. A relevant example of an
environment that needs multiple agents coordinating tasks is that of a large factory
warehouse, where robots are tasked with automatic storage and retrieval of products.
Products that are bulky might require multiple robots to cooperate in order to move the
object without having to instrument the environment just as two human workers would
cooperatively work to move a bulky furniture instead of attempting to move it alone.

Another area where a multi-agent cooperative model could be extremely beneficial is
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the manufacturing process. The way car manufacturing is automated today is to have
an assembly line for the different parts to come together, where an engine is placed into
a chassis and the vehicle progresses down the line where human and robotic elements
take turns placing finer components. However, this requires instrumentation of the
environment to enable an adequate level of automation and even then a large workforce
is required to attend to specific tasks. Instrumentation is expensive and hence there are
significant opportunities to further automate manufacturing while managing costs. If a
team of robots could learn to accomplish cooperative tasks, such as inventory control
in a warehouse, or in the assembly line of the manufacturing process, there would be a
significant overall economic benefit.

Task specific teamwork, as evidenced in sports, is a learned effort through training
and practice. We can also assume that some of the programming for enabling teamwork
already exists within the human cognitive psyche, particularly taking into account that
we are social beings and need to depend on others for survival. However, cooperation
with people also depends on experience to a large extent. For example, a person with
no prior experience in playing soccer as a team may not know upfront the fundamental
strategy necessary for winning. A simple winning strategy that exhibits team coopera-
tion might be to pass the ball to the person closest to the goal. Such a person can either
learn through observing other team members or the person could be instructed by others
via an explanation of how the co-ordination effort works. Similarly, when we are tasked
to move a large table that is too bulky to haul by one person we can instruct another
person to coordinate the move. We may give specific step-by-step directional guidance
to move the object to a target location. Of course, human intelligence is sophisticated
enough to decipher a simple instruction such as “help me move the table”, and the
brain automatically charts a navigation path all the while perceiving the weight of the
object and the necessary dynamics within us to balance the table while gripping the
part of the object for maximum leverage. In case of a robot, however, with rudimentary
coordination skills we may pose the question on how to generate cooperative behavior
without directly programming instructions to do so. We may broadly inquire if when
multiple agents are placed in an environment where complex tasks can only be accom-
plished through teamwork, would we witness emergent cooperative behavior? The goal

of this thesis is to prove that such behavior can emerge with reasonable training and



that communication can enhance this learning process even further.

Reinforcement learning has been quite successful with training agents in a single
agent environment. However, it also has limitations in the continuous space of the real
environment because both the state space and the action space can be arbitrarily large.
Moreover, the solution space needed for task accomplishment can grow exponentially
large as an agent learns a sequence of tasks that eventually leads to the goal state. This
can be adequately understood using the constraints of a chess board. On average, a
game will last about 40 moves and each state will have about 30 possible moves. So
even in a toy environment reinforcement learning alone may not explore the state space
adequately to learn a winning strategy. Moreover, there is the limitation of observation
in a real environment where perceived information is either noisy or incomplete. In a
partially observable environment, an agent has to rely on relevant information to make
an optimal decision. However, the relevance of specific information can be challenging
to identify. For example, an autonomous vehicle might adequately decide to move into
another lane as long as the lane is free of traffic. Under usual circumstances, the action
of the vehicle can be decided adequately with sensors that detect that the lanes are clear.
However, if there is a speeding car also attempting to pass the autonomous vehicle from
behind and it is also imminently expected to appear in the next lane, this vehicle’s
location and speed will also become relevant.

In a different scenario of autonomous robots, let us consider a team of warehouse
robots that are tasked with cooperatively moving objects to a specific location. The
robots have to learn the optimal path to the object itself and then synchronously move
the object to the goal location. Robots can be easily programmed to do this but if a
robot were to be made truly adaptive it has to have the ability to learn the optimal set
of actions in any environment. The robot will explore the space and, given the correct
set of rewards, will learn to navigate to the location of the object and then possibly learn
to cooperatively move the object to the target location. The purpose of this thesis is
to investigate how robots learn to cooperate in a simulated environment that has been
broadly inspired by a factory warehouse. The series of experiments have been completed
in three phases with different conditions of the environment: (1) fully observable, (2)
partially observable, and (3) partially observable with communication.

The focus and main contribution of this thesis is to comprehensively study how
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properties of the environment affect learning in a new problem scenario and how com-
munication will affect the overall learning in a partially observable environment when
compared to a fully observable environment. To the best of our knowledge, the use of
neural networks with reinforcement learning for the purpose of studying the emergence
of cooperation in the three categories listed above, based on observability and commu-
nication, is a first. This work also shows that the availability of complete information in
a fully observable environment does not guarantee cooperation but can be rather detri-
mental to the learning effort in a large environment whereas communication provides a
more efficient way to make the relevant information available to agents.

The simulation framework for this study has been built from the ground up to enable
further research in multi-agent cooperation, with a focus on inter-agent communication.
The software built for this thesis includes objects that represent the environment, agents,
and loads, along with an implementation of the Q-Learning algorithm that uses a neural
network. Plotting and other rendering functionality for the objects are all part of the
software and will be made publicly available to further contribute to this area of research.

The following chapters detail out the work on this thesis.

e Chapter [1] introduces the topic of this thesis along with the motivations for the

research work.

e Chapter [2 provides an overview of related work in the area of multi-agent coop-

eration.

e Chapter [3| defines the specific problem in multi-agent cooperation addressed in

this thesis.
e Chapter [4] presents in detail the experiments we conducted in simulation.
e Chapter [f] provides an analysis of the results obtained in Chapter [4

e Chapter [f] provides conclusions and directions for future work.



Chapter 2

Related Work

Multi-agent cooperation has seen significant progress in the past two decades. Recent
application of deep learning in fields of computer vision and natural language processing
has contributed to its application in multi-agent task environments. One of the earlier
papers by Mahadevan et al. [I2] explores behavior-based robots using reinforcement
learning from a single agent perspective. A real robot called OBELIX combined with a
simulator for gathering data is used for tasks that involve pushing boxes. Q-learning is
used as the reinforcement learning algorithm. The paper makes a case for subsumption
architecture where an agent is organized into layers where each layer is responsible for
achieving specific aspects of the overall task at hand. An emphasis on the learning of
actions via reinforcement learning is made in the paper because it removes the burden
of programming the behavior into the agents. Reinforcement learning poses a conver-
gence problem in a large search space. This can be overcome by decomposing a large
problem into a set of smaller problems and thereby learning the smaller problems. The
paper also claims to address the perceptual aliasing problem using this technique which
means that the relationship between the state and the percept is rarely one-to-one. The
issue of temporal credit assignment problem is addressed with the use of subsumption
architecture since reward functions specific to modules limits the sequence of actions
needed before a reward can be awarded. The Q-learning algorithm is used which involves
learning the utility values of each state for a given action denoted by Q(s,a) where s
represents a state and a is an action. A weighted hamming distance computation is used

to determine the similarity of states so the same action can be applied. It’s shown that
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the algorithm successfully learns to find and push boxes. The subsumption approach is
also compared to a monolithic approach where the robot learns to complete the entire
task without decomposing it and as expected the monolithic approach was considerably
worse. Although this paper did not consider tasks that required cooperation it formed
the bedrock for using reinforcement learning in robotic learning agents.

In further development, Tan [22] studies cooperative agents with independent agents
as a benchmark. Agents can be cooperative by communicating different types of infor-
mation such as perception, rewards, action, episodes. The paper presents three case
studies each with three different types of information, instantaneous information, se-
quential information, learned decision policies. In the first case study the information
shared is the perception of another agent. The second case study shares learned policies
and episodes. The third case study involves joint tasks where more than one agent is
needed to accomplish the task. Tan’s paper makes the claim that cooperative agents
outperform independent agent although learning might take longer. The experiments
are setup to measure success in terms of the discounted reward per action. The ex-
tension of reinforcement learning from single agents in prior work to multiple agents
is defined by Tan as the comparison between n independent agents and n cooperative
agents. The main thesis of the paper is that agents can benefit from the information
shared between them. The experiments involve the capture of prey by hunter agents
in a fixed 10 x 10 grid environment. Each agent has four possible actions involving the
directional movements: up, down, left, right. Successful capture of prey yields positive
reward whereas movements have a negative reward associated with it. Agents also have
a limited visual field. The initial experiment established that a learning hunter outper-
formed a random one which is expected. Tan, also goes on to showing that cooperative
agents outperform independent agents. The cooperative endeavor used in the experi-
ments allows a scout to share percept information with the hunter for the location of
the prey and conclusively demonstrates performance improvement which improves even
further with increasing visual field depth.

Kasai et al. [7] further extends the work in [22] by enabling the learning of com-
munication codes. The pursuit problem where agents are tasked with cooperatively
capturing a prey is used for the purpose of learning communication codes. Learning of

communication code is called Signal Learning in the paper and it is accomplished by
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encoding key features of the state space such as location of prey as a sequence of bits of
fixed length. The paper examines the effect on performance when the signal length is
varied between experiments. Kasai et al. claims that learning relevant information to
share between agents is crucial because irrelevant information can have a detrimental
effect on the overall learning process. Some of the issues identified with multi-agent
reinforcement learning are concurrent learning problem, perceptual aliasing problem
and credit assignment problem. The work in this paper essentially automates the infor-
mation that is shared between agents whereas communication code was predefined in
[22]. For the pursuit problem, the hunter sends an appropriate signal to a helper agent
and also selects an appropriate direction to move based on the signal received from a
helper agent and its own percept. Prey is captured when two of the adjacent four cells
surrounding a prey are occupied. The hunter can perceive positions of the prey and
the helping agent, and also the signal received. Encodings are formed using predefined
rules for the positions and also the moving direction. Learning curves showed a trade-off
between training time and accuracy. In the series of experiments performed, the length
of the signal is varied from 0 to 4 and it is established that the performance improves
with an increasing signal length. That is, the number of steps to catch prey decreases
with an increasing signal length.

In [3] agents learn communication protocols to solve switch riddle and MNIST games
in a fully cooperative, partially observable environment. Two approaches are used Re-
inforced Inter-Agent Learning (RIAL) and Differentiable Inter-Agent Learning (DIAL).
Since agent behavior has to be coordinated, agents have to discover communication
protocol. During learning communication bandwidth is not restricted, that is learning
is centralized and execution is decentralized. RIAL uses Q-learning with a recurrent
network and two different approaches are used within this method. The first approach
is independent Q-learning where agents learn their own network parameters. The sec-
ond approach of independent Q-learning parameters are shared. In DIAL gradients
are passed between agents as real valued messages. During execution, since only lim-
ited bandwidth channels are available, the real valued messages are discretized. Agents
don’t observe the underlying Markov state but receive a private observation. Agents
select an environment action and communication action at each time step. Protocols are

defined as mappings from action-observation histories to sequence of messages. Since
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the space of protocols is high dimensional and because agents need to coordinate both
sending and interpreting messages, discovering an effective protocol is challenging. Pos-
itive reward for the coordination of correct interpretation of message sent by another
agent is necessary for discovering an effective protocol. Experimental results show that
DIAL outperform both RIAL methods. Parameter sharing is also found to be crucial
for learning the optimal protocol. The baseline also shows that no learning takes place
without any communication. The paper establishes that differential communication is
essential to utilize the full potential of centralized learning. The paper claims to be a
first attempt at learning communication and language with deep learning approaches.

Gupta et al. [5] consider cooperation in partially observable environments without
communication. The problem of cooperation can be formulated as a decentralized par-
tially observable Markov decision process as seen before. Gupta et al. claim that
policy gradient methods outperform both temporal difference and actor-critic methods.
However, since exact solutions are intractable, approximates have to be applied. It is
worth considering that since approximate methods are limited to discrete action spaces
applying them to real-world problems require careful design considerations. Further,
the combination of deep learning and approximate methods has given rise to deep rein-
forcement learning and has seen considerable success in complex tasks such as robotic
locomotion. The paper focuses on temporal-difference learning using Deep Q Networks,
policy gradient using Trust Region Policy Optimization and A3C. Three different train-
ing schemes are also considered and that includes centralized training/execution, con-
current training with decentralized execution and parameter sharing during training
with decentralized execution. Four complex multi-agent tasks that required cooperative
behavior were chosen to benchmark the performance of the approaches. A3C was found
to outperform in the discrete space whereas TRPO outperformed other algorithms in
the continuous space. The paper goes on to show that deep reinforcement learning
allows scalability in large continuous space.

Machine learning is capable of capturing statistical patterns of natural language
which are insufficient to make interaction with human agents possible. Emergence of
compositional language is investigated in a multi-agent environment in [I5]. Composi-
tional language is the combination of multiple words to create meaning. The motivation

for this work is to understand the development of human language and cognition. A
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pragmatic view is adopted which states that use of language implies understanding of
language. The compositional language in focus is a stream of symbols with a coherent
structure uttered by agents while also performing actions to cooperatively accomplish
tasks. Agents form concepts and arbitrarily assign symbols. Symbols refer to landmarks,
action verbs and agents. Language that emerge are specialized for the environment.
Words for concepts do not form if disambiguation is unnecessary in a given context.
The work also provides insights for the emergence of compositional structure. Compo-
sitionality emerges only when the number of concepts exceed vocabulary size. Moreover,
training on a diverse set of configurations also has an effect on compositionality.

The setting is an extension of Markov Decision Process (MDP) since multiple agents
are involved. All agents have identical actions and observations spaces. The policy is
used by all the agents to execute an action and the reward agents receive is shared. The
problem is formulated to finding a policy that maximizes the expected shared reward and
uses a reinforcement learning approach. Agents and landmarks possess physical location
and characteristics such as color and shape. Agent actions that are allowed are motion
in the environment and direction of their gaze. Agents also utter verbal communication
symbols at every time step which are observed by all the other agents. The symbols
have no predefined meaning and it is during the training that agents assign meaning to
symbols. Agent goals are kept private and include moving to a specific location or gazing
at a location. Agents also have a private memory bank that they learn to use effectively.
Since goals are private and may require action from a different agent such as one agent
telling another to go to a specific location, communication is necessary for achieving
goals. Communication is allowed using only discrete symbols from a fixed vocabulary.
Goal positions cannot be directly communicated since agents only possess positions from
their own reference frames. Moreover, the association between the position vector and
the symbols have to learned. When trained on environment with two agents, symbols
begin to appear for landmarks and actions. When more agents are introduced, symbols
begin to appear for agents to refer to them.

Lan et al. [9] show that discrete language appears even when using a continuous
space. Their work uses signaling games where an agents perceives some information and
produces a message for a receiver that takes an action. Discreteness, which is clustering

of words in acoustic space and displacement, which occurs with communication beyond
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the immediate context are the focus here. Besides the emergence of discrete language,
using a continuous communication protocol means that standard back-propagation can
be used for end-to-end training. Function Games are introduced which include a set
of contexts and actions, as well as a family of functions from contexts to actions. The
sender perceives context ¢ and function f from the environment and sends a message m.
The receiver receives the message along with a different context ¢’ and chooses action
a’. Both sender and receiver gets a reward if a’ = f(¢). The function f determines the
appropriate action. As an example, the context could be a set of objects. Lan et al. use
the Extremity Function Game and success in communication is measured in terms of
the accuracy of the receiver retrieving the correct object.

Multi-agent cooperative problems can also be formulated using a game theoretic ap-
proach. The work of Bhat et al. [I] is a study of the distributed task execution problem
where the goal is to maximize the total value of completed tasks in a discrete environ-
ment within a time window. The problem is formulated as a potential problem and
it was shown that a payoff-based learning algorithm can maximize agent performance.
Marden et al. review the game theoretic concept of potential in [13]. A related problem
is a distributed graph coverage problem and [24] presents a study of this formulation
which is described by a group of agents which are arbitrarily deployed on nodes in a
graph. Agents have to maximize coverage of the nodes by exploring the graph and cov-
ering nodes according to the regions they are assigned responsibility. The paper shows
that with sufficient communication range agents can maximize the covered nodes using
the proposed approach of a potential game.

Several more papers have been published regarding multi-agent cooperation with
variations such as those focusing on task allocation or task execution. So far the related
works cited have been those that are deliberate in their approach and the agents them-
selves have a level of sophistication. Yet another research area focuses on numerous
yet simple agents to demonstrate swarm intelligence. Inspired by the natural foraging
behavior of ants, [18] discusses optimization algorithm for combinatorial optimization
problems which are generally NP-hard. The paper approaches the problem of finding
optimal combinations of problem components by partitioning the problem. For ants,
swarm intelligence is exhibited by individuals cooperating to accomplish a task while

indirect communication takes place through chemical signals. The experiment is set up
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so that given two paths of differing lengths individual agents will show a higher prefer-
ence for the shorter path because of their ability to cover those trails faster and hence
being covered by more agents leaving a stronger pheromone.

Gerkey [4] presents a formal study of multi-agent task allocation which essentially
determines which robot should execute which task. Task independence is assumed and
order constraints are not permitted. Two type of cooperative behavior are identified,
intentional and emergent. Intentional cooperation occurs through communication and
negotiation. In an emergent approach agents cooperate through interaction and with no
explicit communication or negotiation. The paper only considers intentional cooperation
and does not propagate to the level of task execution.

Korsah [8] deals with intentional cooperation where tasks are explicitly assigned to
agents as a follow up to the taxonomy provided by [4] and provides a more complete
taxonomy involving interrelated utilities. The new taxonomy, called iTax, addresses
different levels of dependencies between tasks for different problems and breaks it down
into four categories — no dependency, in-schedule dependency, cross schedule depen-
dency, and complex dependency. In cross-schedule dependency the utility of a robot
depends not only on its own schedule but also on the schedule of other robots and is
relevant to the simulation experiments performed for this paper although task execution
is the main focus. The more recent paper by Nunes at al. [16] focuses on task allocation
with an emphasis on temporal and ordering constraints, and extends the taxonomy to
include different types of temporal and ordering constraints.

Stone [20] discusses coordination without preconditions where an ad-hoc team of
multiple agents with different capabilities coordinate on a set of tasks with perfectly
aligned goals. Robot soccer with the variation of a pickup game is an example of such
an ad-hoc cooperative strategy that can be studied within the framework of game theory.
The paper elaborates on the collaborative multi-arm bandit with a teacher and a learner
and challenges the community to develop other approaches. Multiple papers have been
written since that initial paper on ad-hoc teams.

Other forms of learning such as social learning have been investigated in [19]. Social
learning as opposed to individualistic learning involves the learner interacting with a
mediator who sets constraints, provides feedback and demonstrates actions so the learner

can associate meaning to words. Individualistic learning takes a more passive role
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to learning where feedback from the speaker is seldom provided. Social learning is
essentially an imitation of the learning process enacted by an infant acquiring language.
The experiments performed in [I9] focus on naming objects in the form of imitation

games.



Chapter 3

Problem Definition

Given the different approaches outlined in the related work Chapter, the problem of
cooperation can be broadly split into three categories of the environment which affects

how much relevant information is available to the agents.

The first category of fully observable environment has all state information available
to the agents, however, some of this information may not be relevant for learning

the cooperative task.

The second category of environment is a partially observable one with no communi-
cation between agents. Agents may not have all the relevant information available

at their disposal for learning the cooperative task at hand.

The third category is a partially observable environment with communication where
state information may not be available but agents have the ability to share, send
and receive additional information that might be relevant to the task at hand. We
want to investigate if agents under each of these conditions tasked with a novel

problem will learn to cooperate.

The specific problem created to investigate these conditions is the “warehousing
problem” which is a simulated environment motivated by a real-world warehouse where
robots might be tasked to find an object and then cooperatively move it using the help
of another agent. Since fully observable environments by definition make all the state

information available to the agents this is expected to hold true, however, it is not

13
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expected to be scalable since in a large environment the additional information that is
not relevant to the learning task would potentially have a negative impact on learning
because the state space would grow exponentially. Hence, given the large observation
space we also want to investigate the scalability of the learning schemes in a fully
observable model. We use neural networks with reinforcement learning algorithm for
scalability. However, we also want to investigate the feasibility of training a neural
network since learning with a large state space requires additional parameters.

The second problem we wanted to explore is whether cooperation will emerge in a
partially observable environment using the same warehouse problem. In this case the
visibility of the agent is limited only to its current location, which ensures a very small
observation space regardless of the size of the environment. The agent is also given
information about the location of the load and that of the goal. No information about
the location of the other agents is available in the partially observable version of the
warehouse problem. We want to investigate if a partially observable environment with
no communication is conducive to learning. Moreover, the same question of scalability
concerning the environment and the neural network still hold in this scenario.

The third problem we wanted to address also involves a partially observable environ-
ment but where communication between the agents is enabled. In a partially observable
environment, agents may not have all the information needed to learn the optimal action
for each given state. Communication give the agents the ability to share information
that the other agents may not possess. Besides the question of whether communication
will emerge, we also investigated if communication will allow the agents to learn more
or less efficiently, specifically using a neural network.

The problem can be seen as an instance of the piano mover problem [I7], simplified,
because we assume there is space to move the load from the initial place to the desti-
nation. We also need the robots to be in touch with the object, but we do not use force
sensors on the robots to sense the forces they exert on the load.

According to Gerkey’s taxonomy [4] our problem is ST-MR-IA. The taxonomy is

based on three main characteristics of the robots, tasks, and time, as follows:

e Single-task robots (ST) vs. multi-task robots (MT): ST robots can do at most

one task at a time, while MT robots can work on multiple tasks simultaneously.
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e Single-robot tasks (SR) vs. multi-robot tasks (MR): SR tasks require a single

robot to be completed, while multiple robots are needed to complete an MR task.

e Instantaneous (IA) vs. time-extended (TA) assignments: in IA, tasks are allocated

as they arrive, while in TA, tasks are scheduled over a planning horizon.

Actions
{
= () =
U

lift

object

Figure 3.1: Action space; the color change of the load from black to purple indicates
it has been successfully lifted

More formally, we define our environment as a n x m grid with discrete space iden-
tifiable by an 2 and y coordinate. Agents 7;,741,..754; € R are randomly placed in
this discrete space. Loads l;,l;+1, ;1 are also available in the discrete space in a fixed
location, along with a fixed goal location g. Loads are allocated to one or more agents.
The task to be completed by agent r; is to first learn the sequence of actions, a; € A
to move to the location of the load, I; that the agent is assigned to. Loads can have a
minimum threshold number of agents to be moved, typically 2, so assigned agents have
to cooperatively move the load to target g. The action space A seen in includes the
four directional movements and lift. At each time step t, agents take an action. Moving
the load requires a synchronous series of actions by different robots, including the lift
action. If agents move in different directions after lifting an object, they lose hold of

the object and the object has to be lifted again for moving. The robots will likely learn
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an optimal, i.e., shortest, path from the load location to the goal, but optimality of the
path is not a requirement, unlike what happens often in robot motion planning [10].

The approach we take is to use the Q-learning algorithm [23] with a neural network
to learn the Q-values. The use of a neural network in conjunction with Q-learning was
proposed in [2], but instead of using backpropagation we use a dense network and deep

learning.



Chapter 4
Experiments

In the simulation experiments, a varying number of agents are trained in the grid world
to perform the two tasks of (1) finding the loads assigned to them and (2) haul them to
their destination with the help of one or more other agents. The agents use an emergent
approach to learn the behavior, since there is no direct communication or negotiation
to induce cooperation. Reinforcement learning, and more specifically the Q-learning
algorithm was chosen as the learning algorithm to see if cooperative behavior would
emerge. A multi-layered neural network was used for learning the Q-values.

The agents can execute an action a € up, down, left,right,lift. The loads that are
already on the grid have to be picked up using the lift action and synchronously moved
to the target location. The loads are not allowed to move without the aid of agents and
may require multiple agents for the lift to produce the intended effect on the object.
Learning to cooperate between agents involves performing the lift operation and also
learning to synchronize the move actions after picking up the load to cause the object
to move in a specific direction.

At each step, the agents are either penalized or rewarded following the completion of
an action. A collision with the wall does not change the state of the agent but penalizes
more heavily compared (penalty is —5 for collision) to a non-rewarding step (penalty
is —1). Successfully finding a load rewards the agents significantly (450 reward) and
moving the load to the target location results in the maximum possible reward (4100
reward). All motion are deterministic and the environment is fully observable in the first

set of experiments. The series of experiments are then repeated in a partially observable

17
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environment with and without communication.
An example of the environment with a load in grid (0,0), target in (2,1) and two
agents, in grids (2,0) and (0,1) respectively are shown in Figure The agents are
shown as yellow circles, the load as a black square, and the target location as a green

Cross.

RLTest 0
2.5

2.0

1.5 4

1.0 Initialize —|—

0.54
0.0 4 |
_0|5 T T T T T T T
—-0.5 0.0 0.5 1.0 1.5 2.0 2.5 3.0 3.5

Figure 4.1: 4 x 3 grid world with 2 agents and one load

The neural network used for the experiments involving the fully observable envi-
ronment is a densely connected network of 4 layers, including the input and output
layer. The input layer takes in the state, which is the grid with numeric values assigned
according to the occupant of each cell within the grid. The state also includes a bit
that indicates whether an agent has successfully picked up a load. The ReLU activa-
tion function was necessary to allow the agents to learn to pick up the object and also
to find the target location. For the training itself minimizing the mean squared error
was sufficient to achieve a successful completion of the task. The mean squared error
formulates the loss function for training the neural network.

In the case of the partially observable environment the neural network is a densely
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connected network of 3 layers including input/output layer.
Both the fully observable and partially observable case use separate neural networks
for each phase of the task: (1) finding the object, and (2) moving the object to the
target location.

Reinforcement

actions —————»

Q-Value X Action .
> Action Environment
—

Neural Network

inputs >

Sensor -

Figure 4.2: Neural Network Based Reinforcement Learning

The Q-learning algorithm used for the series of experiments uses a neural network
backend, as shown in Figure [£.2] At each step, agents do an action in the environment
and receive a sensor percept, which includes the reward for the outcome state. The per-
cepts form the input to the neural network which is trained over a fixed number of times
steps. The output of the neural network are the Q-values. The action corresponding to
the highest Q-Value for a given state determines the best action.

Agents can use a fixed communication protocol that involves placing messages in
the environment that are essentially the z and y coordinates of their current location.
Agents place their location information in a shared buffer that is available for all the
agents in the environment. The shared buffer becomes part of the percept sequence of
all the agents, making the location information of the other agents available at each
time step. This communication is enabled in a series of experiments in the partially

observable model and is compared to the series of experiments with no communication.
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4.1 Experiments and Results for Fully Observable Envi-

ronments

4.1.1 4 x 3 grid with a single agent and a single load

The first experiment with a single agent and a single load is a relaxed version of the
problem, where the load is allowed to be lifted by a single agent. All subsequent exper-
iments involve more than one agent and require more than one agent to move the load.

Figure [4.3] shows the initial and final state.

RL Test 0 RL Test O
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Figure 4.3: Initial state and final state for the experiment with a 4 x 3 grid, a single
agent, and a single load
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Figure 4.4: Training for the experiment with a 4 x 3 grid with a single agent and a
single load, showing the loss over time steps. The left figure is for the search part and
the right figure is for the haul part
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Figure .4 shows convergence within 200,000 epochs for the agent to learn the task.
The agent successfully completes the task following the training and achieves the max-
imum possible reward, as seen in Figure |4.3] where the plus sign indicates the target
location.

We ran the experiments 10 times, each with different initial locations for the agents.
This prevents the neural network to memorize the path of the agent from the initial
location to the load.

The results were used to establish baseline numbers for the training time and to
prove that a single agent can be successfully trained to find the load, pick it up, and
move it to the target location. The constraint for the load to require multiple agents was
relaxed only for this experiment. Even for this relatively straightforward task involving
a single agent, two separate neural networks were necessary, the first for the search
task, where the agents find the load, and the second for the haul task, where the load

is moved to the target location.

4.1.2 4 x 3 grid with two agents that move a single load

Multi-agent cooperation was established in this phase where two agents were trained
simultaneously, following an exploration phase of the grid. Similar to the single agent
training, the task of search and haul were separately handled using two distinct neu-
ral networks. The constraint for requiring at least two agents to handle the load was
applied in this phase. The convergence was expected to be slower, because the proba-
bility of hitting the target is greatly reduced with two agents, so a larger training set
was used. Training between a single agent and multi-agents differs essentially in the
way data points are generated during the training session. Every step which occurs
simultaneously generates two intermediary states that are fed into the agent percepts,
and appears as a training data point within the neural network. An alternate solution
might have been to simply train a single agent longer. However, the synchronization
required for cooperation may not occur if agents are trained separately. The agents suc-
cessfully completed the task following the training and achieved the maximum possible

cumulative rewards.
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Figure 4.5: Initial state and final state for a 4 x 3 grid with two agents that have to
move a single load
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Figure 4.6: Training for the experiment with a 4 x 3 grid, two agents and a single load
showing loss over time steps. The left figure is for the search part and the right figure
is for the haul part

4.1.3 8 x 6 grid with 8 agents that move multiple loads in pairs

Training for the 8 x 6 grid with 8 agents required the pre-allocation of loads to agents.
This allocation remained fixed through the learning process. The agents find the loads
they are assigned and move them to the target location indicated in Figure [4.7] by a
green plus symbol.

With the expanded search space and the increase in the number of agents training
had to be performed on a substantial amount of data to achieve convergence. However,

in one case one of the agents failed to reach its target location in all the test runs. All
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the other agents successfully completed the task after the training and achieved the

maximum possible cumulative rewards.
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Figure 4.7: Initial state and final state for a 8 x 6 grid world with 8 agents that have
to move 4 loads
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Figure 4.8: Training for the experiment with a 8 x 6 grid, with 8 agents and 4 loads.
The left figure is for the search part and the right figure is for the haul part
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4.2 Experiments and Results for Partially Observable En-

vironments

4.2.1 4 x 3 partially observable grid with 2 agents and a single load

The same experiment was repeated in a 4 x 3 grid in a partially observable environ-
ment, where agent perception was limited to its own location, the goal location and
the load location. No information about other agents was made available in the per-
cept sequence. The neural network architecture used was similar to the one for the
previous experiments, with one network for the search and a second one for the haul
task. However, fewer layers were needed to achieve learning. Since, the number of input
parameters were also reduced, the neural network had fewer overall parameters and
hence could be trained more efficiently compared to the fully observable model. After
100, 000 iterations the agents learned to accomplish the task of finding the object and
cooperatively moving it to the goal location. In Figure the initial state and final
state are shown in the test run following training. Figure shows that training was
achieved within just 100,000 iterations.
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Figure 4.9: Initial state and final state for a 4 x 3 grid with two agents that have to
move a single load in a partially observable environment with no communication
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Figure 4.10: Training for the experiment with a 4 x 3 grid, two agents, and a single
load showing loss over time steps. The left figure is for the search part and the right
figure is for the haul part

4.2.2 5 x 5 partially observable grid with 2 agents and a single load

In a 5 x 5 grid with a partially observable environment, the agents also learned to find
the object and cooperatively move it to the goal location. However, the training time
doubled compared to the 4 x 3 case for the learning to take place. This is expected
because the environment size is about twice as large in terms of the number of discrete
locations compared to the 4 x 3 case. Figure shows the initial and final states from
the test run following the training of 200,000 epochs shown in Figure [£.12]
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Figure 4.11: Initial state and final state for a 5 x 5 grid with two agents that have to
move a single load in a partially observable environment with no communication
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Figure 4.12: Training for the experiment with a 5 x 5 grid, two agents, and a single
load showing loss over time steps. The left figure is for the search part and the right
figure is for the haul part

4.2.3 8 x 6 partially observable with 2 agents and a single load

Cooperation was not achieved in the partially observable case of the 8 x 6 grid as seen
in Figure The training time was increased to 1,000,000 epochs which is shown
in Figure [4.14 This was a 5-fold increase compared to the 4 x 3 case but the agents
failed to complete the tasks in the test runs. The rewards achieved were also much less

compared to the optimal case but still better than a random test run.
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Figure 4.13: Initial state and final state for a 8 x 6 grid with two agents that have to
move a single load in a partially observable environment with no communication
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Figure 4.14: Training for the experiment with a 8 x 6 grid, two agents, and a single
load showing loss over time steps. The left figure is for the search part and the right
figure is for the haul part

4.3 Experiments and Results for Partially Observable En-

vironments with communication

4.3.1 4 x 3 partially observable grid with 2 agents and a single load

and with communication

The series of experiments from the partially observable model were repeated using com-
munication. In the first experiment with the 4 x 3 grid the agent perception was just
limited to the goal location and obstacle location. However, agents were allowed to send
and receive messages from other agents. The neural network architecture used was the
same as the partially observable case with two separate networks for the search and for
the haul phase. The number of input parameters was increased since the communica-
tion messages were also included in the training. Despite the increase in the overall
training parameters, after 200,000 epoch, as seen in Figure the agents learned
to accomplish the task of finding the object and cooperatively moving it to the goal

location. The initial and final location are seen in Figure [4.15



28

RL Test 0 RL Test 0

25 25

2.0 | ] 2.0

15 154

1.0 4 Initialize + 1.0 4 ['down’, ‘down'}*—
0.5 0.5

0.0 004

—0.5 T T T T T T T =0.5 T T T T T T T
-0.5 0.0 0.5 10 15 2.0 2.5 3.0 35 —0.5 0.0 0.5 1.0 15 2.0 25 3.0 35

Figure 4.15: Initial state and final state for a 4 x 3 grid with two agents that have to
move a single load in a partially observable environment with communication
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Figure 4.16: Training for the experiment with a 4 x 3 grid, two agents, and a single
load showing loss over time steps. The left figure is for the search part and the right
figure is for the haul part

4.3.2 5 x 5 partially observable grid with 2 agents and a single load

and with communication

In a 5 x 5 grid with a partially observable environment and with communication, the
agents also learned to find the object and cooperatively move it to the goal location, as
seen in Figure However, the training time shown in Figure was significantly
greater than for the partially observable case with no communication. The was likley

due to the increase in the number of input parameters to the neural network.
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Figure 4.17: Initial state and final state for a 5 x 5 grid with two agents that have to
move a single load for the partial observable environment with communication
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Figure 4.18: Training for the experiment with a 5 x 5 grid, two agents, and a single
load showing loss over time steps. The left figure is for the search part and the right
figure is for the haul part

4.3.3 8 x 6 partially observable with 2 agents and a single load and

with communication

Learning was successfully achieved in the partially observable case with communication
with the larger grid size of 8 x6. However, the training time increased to about 1, 000, 000
epochs. The rewards achieved were smaller compared to the previous cases but still close
to the expected maximum reward achievable. This is because since even the optimal
policy would take more steps in a larger grid space. Figure shows the initial and

final state of the test runs for the 8 x 6 case. The increased training time as seen in



30
Figure [£.20] is comparable to the training time seen for the partially observable case

with no communication.
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Figure 4.19: Initial state and final state for a 8 x 6 grid with two agents that have to
move a single load for the partially observable environment with communication
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Figure 4.20: Training for the experiment with a 8 x 6 grid, two agents, and a single
load. The left figure is for the search part and the right figure is for the haul part

4.4 Experiments and Results for a Single Neural Network

A series of experiments using a single neural network was performed where agents had
to learn a single task, which included the two subtasks search and haul. The task would
require agents to learn to find the object and haul the object to the goal location using

a single neural network. However, agents failed to learn these tasks even when a single
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agent was used in the relaxed version of the problem where loads could be moved by
a single agent. This happened regardless of the size of the grid space and the number
of training steps. This probably failed because the two subtasks required learning two

different sets of parameters, since the destination location is different in each case.

4.5 Fixed versus Random Initial Locations

Another variation that was tried in the series of experiments is to randomize the location
of the obstacles and the goal. Since a fixed initial position for each agent was found
to be limiting in its ability to learn, a random series of positions were chosen for the
experiments. However, the goal and obstacle location remained fixed since learning

within a reasonable amount of training time could not be achieved.



Chapter 5
Analysis

The series of experiments in the three different cases of fully observable, partially ob-
servable with no communication, and partially observable with communication, show
that cooperation is achieved in the case of the 8 x 6 partially observable environment. In
all the other cases the agents learned the optimal set of actions in both the search phase
and the haul phase. Of particular importance is that the agents learned to synchronize
their actions to haul the object at each step exhibiting cooperation. In the specific case
of the 8 x 6 fully observable environment, one set of agents consistently failed to move
the load to the goal location whereas the other set of agents succeeded in all the test
runs. Cooperation did not emerge in the two cases with no communication between
agents but with communication we see that it is possible for cooperation to emerge
even in a large environment. This seems to indicate that communication is necessary
for cooperation in large partially observable environments. The training time across
all the experiments were consistently kept below 1,000,000 time steps. It appears that
the slightly better performance with the larger grid in the partially observable environ-
ment with communication can be attributed to the agent’s ability to share information.
However, more experiments would be needed to establish this conclusively, in particular
with even larger environments. Although the series of experiments we performed does
not provide conclusive evidence, it motivates further work in this area, particularly on
the observation space and information that is shared between agents.

A more detailed analysis of the rewards achieved during the series of experiments for

the fully observable environment (see Figure [5.1]) shows that a reinforcement learning

32
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agent definitively performs better than an agent randomly executing an action. Rewards
achieved through reinforcement learning are significantly higher compared to just ran-
dom actions even in the case of 8 x 6 grid where one set of agents was unable to learn
cooperation. Furthermore, agents executing random actions rarely see any rewards, par-
ticularly in a large environment, even when the environment is fully observable because
agents do not use the information that is available to them. This is further evidence
that the agents are indeed learning to perform the tasks and since the tasks can only
be accomplished through cooperation, they are exhibiting cooperative behavior without
explicit instructions to do so.

A further analysis of the training time shows that the larger grids need an increase
in the number of time steps needed to train. Moreover, the training time with com-
munication was greater compared to the training time with no communication. This is

because the larger state space correlates with a larger input size of the neural network.

Reinforcement Learning versus Random action rewards
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Figure 5.1: Reward comparison for the different experiments: 4 x 3 grid with a single
agent and a single load, 4 x 3 grid with two agents and a single load, and 8 x 6 grid
with 8 agents moving multiple loads in pair

Figure shows that agents successfully learn to cooperate in the smaller grid

spaces but in the larger 8 x 6 grid, agents succeed in finding the objects but fail to move



34
the objects to the target location. They still perform considerably better than random

agents but do not achieve the maximum possible rewards.

Reinforcement Learning versus Random action rewards
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Figure 5.2: Reward comparison for Partially Observable Environment: 4 x 3 grid with
two agents and a single load, 5 x 5 grid with two agents and a single load, and 8 x 6
grid with 2 agents and a single load

Besides the successful experiments where the expected behavior was observed with
the agents, the experiment with a single neural network was particularly unexpected
when the grid was at its minimum size at 2 x 2 and only one agent was placed in the
grid only one step away from the load. Even with just one agent and one load, a single
neural network failed to learn the task completely. Two separate neural networks had
to be used for learning the sequence of actions for the two phases of search and haul,
since these could not be learned using a single network. A variation in the sequence
of steps for accomplishing the task was also tried, which involved automatically lifting
the object when the agent was at the location of the object so the lift action did not
need to be learned. This led to successful training for the single agent and completion
of the task. However, this particular approach was not used because the premise of the
problem was that agents learn each action including the lift operation that are crucial

for the warehousing problem.



Chapter 6

Conclusions and Future Work

We have shown that the agents successfully achieved the desired cooperative behavior by
working as a team to accomplish a complex task which included two subtasks. Although
two separate neural networks were needed to learn each phase of the task, we have shown
that complex tasks that can be broken down into simpler subtasks and there is potential
for emergent cooperation, that is, without explicitly teaching the agents to cooperate,
agents can learn to cooperate.

The Q-learning algorithm that was used proved to be effective and maximized the
utility values in all the experiments performed in the fully observable environment. In
all cases, the learning agents outperformed a random agent, including the case where a
set of agents failed to learn the overall task. Similarly, in the partially observable cases
all agents succeeded in learning the task, except in the case of the larger grid. However,
this was remedied by allowing the agents to communicate which made the necessary
information available for learning to occur. Given the limitation of learning in a fully
observable environment and a partially observable environment we can conclude that
agents with the ability to communicate will generally outperform those with no means
of communication.

In our work, learning is centralized. The information that comes from the agents
and the environment is fed into a neural network, which returns Q-values and the best
action. Execution is decentralized. Each agent executes the policy, communicating
with the other agents only when communication is allowed. Centralized learning and

decentralized execution are quite common, but an avenue for future research is to explore
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distributed learning. Social influence, which has been shown to be a motivation for deep
learning [6], could be used to support distributed learning.

In the natural world emergent cooperation is seen in animals and insects that do not
necessarily exhibit higher intelligence in the form of language. However, cooperation is
also evident in social animals that exhibit some forms of communication. Communica-
tion can also emerge in competitive situations, where competition acts as an additional
pressure to improve performance (e.g., [I1]). Further work investigating intentional
cooperation to contrast the results with emergent cooperation will provide interesting
insights into the relation between language and cooperation.

Another avenue to investigate is the use of recurrent neural networks to improve
the learning process using a single neural network. This would further simplify the
overall learning process for problems that can be decomposed in simpler subtasks and
could be applied to even more complex tasks that require a decomposition in several
more subtasks. The taxonomy for task allocation presented in [8] distinguishes “simple
tasks” which can be decomposed into atomic non-decomposable tasks allocated to a
single agent, from “compound tasks” which can be decomposed in only one way into a
set of simple or compound sub-tasks and allocated to different agents, from “complex
tasks”, which can be decomposed in multiple ways and allocated in different ways to
multiple agents. In our experiments we used a simple task decomposable in only one
way in two atomic tasks, but we added complexity by requiring cooperation between
agents to execute the haul subtask.

The work presented in this thesis provides several avenues to investigate the role of
communication in a partially observable environment. Exploring even larger grid sizes
could conclusively determine the limitation of discrete environments and provide insight
on the feasibility of training in such an environment using neural networks. Additional
experiments with more variations on the information available to the agents can further
clarify the role of relevant information when it comes to learning. As an example,
during our simulation runs, agents never learned when critical pieces of information
were suppressed, such as the location of the goal. We considered to make the goal
information, which is critical to learning, available via the communication channel but
decided to focus on the location of agents themselves for use in the communication

protocol. However, investigating further into other pieces of information that are critical
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for task accomplishment would help determine how learning is affected by how the
information appears to the agent.

The system presented here allows us to set the minimum number of agents for
cooperating to move a load and our experiments were limited to two agents. Conducting
another series of experiments with a variable number of agents that have to cooperate as
a group can further contribute to our understanding of how information sharing between
agents affects their ability to learn.

Furthermore, the task allocation was predetermined for all our experiments, that
is, loads were assigned to the agents upfront. There is an opportunity to learn task
allocation, which would require another level of cooperation, since agents would have to
learn to form a team. This would follow along the work of [21I] and [14] which suggest

the formation of ad-hoc teams with particular attention to the role of communication.
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