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Machine learning is a versatile tool allowing for, among other things, training
intelligent agents capable of autonomously acting in their environments. In
particular, Multiagent Reinforcement Learning has made tremendous progress
enabling such agents to interact with one another in an effective manner.
One of the challenges that this field is still facing, however, is the problem of
ad-hoc cooperation, or cooperation with agents that have not been previously
encountered.

This thesis explores one possible approach to tackle this issue, using the
psychology-inspired idea of Theory of Mind. Specifically, a component de-
signed to explicitly model the skill level of the other agent is included, to
allow the primary agent to better choose its actions.

The results show that this approach does in fact facilitate better coordination
in an environment designed to test this skill, and is a promising method for
more complicated scenarios.

The potential applications can be found in any situation that requires coordi-
nation between multiple intelligent agents (which may also include humans),
such as traffic coordination between autonomous vehicles, or rescue operations
where autonomous agents and humans have to work together to efficiently

search an area.
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Symbols and abbreviations

Symbols

R the set of real numbers

R™ ™ the set of all n X m real matrices

Operators
A cardinality of a set A
AA the set of all probability distributions over a set A

A — B the set of all functions from a set A to a set B
rDy the direct sum, or concatenation of vectors x and y

r©®y  the Hadamard (component-wise) product

Abbreviations
Al Artificial Intelligence
MLP MultiLayer Perceptron
AV Autonomous Vehicle

RN Relation Network

RNN Recurrent Neural Network
LSTM Long Short-Term Memory
ToM Theory of Mind

TSP Traveling Salesman Problem
SM Skill Modeling

GT Ground Truth

RL Reinforcement Learning

DRL Deep Reinforcement Learning
MARL MultiAgent Reinforcement Learning
MDP  Markov Decision Process

PG Policy Gradient



1 Introduction

The problem of cooperation between intelligent agents (including humans) is
one of the biggest challenges facing Al research in recent years [1]. In many
fields it is desirable to have autonomous agents capable of cooperating with
arbitrary other agents in an efficient and safe manner, but that skill is far from
trivial and requires specially designed approaches that take into consideration
the unpredictability of other agents.

As an example, consider self-driving cars. If, at some point, one AV (Au-
tonomous Vehicle) manufacturer obtains a 100% market share and pushes any
competition out of the picture, it can have complete control over coordination
protocols, explicit or implicit — however this is unlikely to be the case. In the
foreseeable future, AVs will need to share roads not only with other AVs, but
also with humans, and humans are anything but predictable [2]. And yet, they
mostly manage to intuitively understand other members of traffic, avoiding too
many collisions.

One mechanism that seems to contribute to this phenomenon in humans is
the so called Theory of Mind [3]. It describes the way that people internally
impute mental states to others in a way that, while not directly observable,
allows to make predictions on their behaviors. It has been extensively studied
and observed to happen both in humans and other primates, and recently it was
also shown that it is possible to create Al systems that can exhibit ToM-like
properties when observing artificial agents [4].

The main approach to creating artificial autonomous agents is Reinforce-
ment Learning (RL) [5], in which the key idea is trial and error. By taking
(at first, randomly) actions in the environment and combining them with ob-
tained rewards, it can be inferred which actions were beneficial, and which were
harmful. After collecting a batch of experience, the agent is modified to take
better actions, and the cycle continues.

In particular, Deep Reinforcement Learning (DRL) is a way of training
RL agents by using deep neural networks. This approach has proven to be
effective, for example in the games of Chess and Go [6], in Atari games [7] and
in the multiplayer game DOTA 2 [8]. Some approaches to DRL involve learning
the expected value of each state of the environment, which is then used to
choose the next action. Others, which will be the focus here, directly optimize
a policy function mapping states to actions so that it reaches a maximal reward

on average.



When several agents are acting together in a single environment, Multia-
gent Reinforcement Learning (MARL) [9] becomes relevant. This carries
many new challenges, such as non-stationarity [10] and the lazy agent problem
[11] which makes it more difficult to accurately perform credit assignment.

Machine Learning [12] is a fundamental concept underlying Reinforcement
Learning describing a mechanism for building programs (or mathematical
models) which are not fully specified by the human designer. Instead, they only
provide a general structure of the algorithm, and then selecting its parameter
via an automatic process of training given some data.

Deep Learning [13] is a modern take on Machine Learning, where deep
neural networks are utilised. They're extremely versatile algorithms that can
be adapted for all sorts of applications like Computer Vision [14], Natural
Language Processing [15], Visual Understanding [16], Reinforcement Learning
[7] and more. They are also proven to be capable of approximating arbitrary
functions with enough hidden units and given sufficient data [17].

The problem of ad-hoc multiagent cooperation can also be seen as a form of
meta-learning, which is a general way of training agents on a variety of tasks, so
that they can efficiently solve other, previously unseen tasks [18]. In this case,
each potential partner agent is a different task (in the meta-learning sense), so
by learning to cooperate with various partners, the agent can become better at
cooperating with new ones.

An interesting property of multiagent learning systems trained via self-play
is that they develop autocurricula [19] allowing for an emergent progression from
simple to complex challenges. In competitive games, this can be understood as
the fact that since the agent is its own opponent, it has to learn to counter any
new strategy it creates. In a cooperative setting, it can take the form of social
dilemmas, where agents need to make a choice between their self-interest and
the collective goal.

This thesis focuses on the applications of ToM-based approaches to improve
RL-produced agents’ ability to cooperate with other agents that have not
previously been encountered in the training process. In particular, the skill
level of an agent is postulated to be a metric that’s relevant for decision-making
that involves cooperation.

To evaluate this hypothesis, I tested a neural network architecture designed
to explicitly learn to estimate the other agent’s skill level, and then use that

information in deciding the policy. The agent is then evaluated with a range of



partner agents on various skill levels.

All of that is performed in an gridworld-based environment, following
common practices of Al Safety research [20] for testing novel ideas. The agents
cooperate in a task of foraging their world for subgoals, and then reaching a

final goal, while sharing the reward signal making it a fully cooperative setting.

1.1 Thesis goals and problem statement

The main goal of this thesis is exploring a new way of facilitating cooperation in
multiagent reinforcement learning system by introducing a component dedicated
to learning the skill level of its partner. This architecture is then evaluated in
specially designed environments, and compared both with a baseline model,
and one that receives the skill level as an input.

Leading up to this, I describe the theory of Reinforcement Learning and
its multiagent variant, including the standard approaches and formalism, as
well as less-known techniques that are relevant for the experiments, such as the
Relation Network.

1.2 Structure

The theoretical background on Machine Learning and Neural Networks is
introduced in Section 2, followed by a description of Reinforcement Learning,
including the problem formalism and standard algorithms in Section 3.
Following that, Section 4 describes the experimental setup, consisting of
the environment in which the RL agents act, the architecture of the agents
themselves and the training procedures for policy optimization.
Section 5 describes the results of the aforementioned experiments, and

Section 6 wraps everything up with a summary of the entire work.



2 Machine Learning

The goal of this and the following section is building up a coherent theory
of all the key concepts used in this thesis, with as much mathematical rigor
as reasonably possible. In the end, all the necessary notation should be
introduced, justified and ready to be used in the description of the actual task
and experimental design. To this end, I'll take a bottom-up approach, starting
from elementary concepts, and ending with the specific niche of Multiagent
Reinforcement Learning.

Machine Learning in its most general form can be described as a set of
methods and algorithms that are only specified with a general architecture
and a certain objective, and then use data to fully specify the algorithm in
the process of training. It is generally divided into three parts: supervised
learning where the data includes specific labels that are to be learned, unsu-
pervised learning where the data doesn’t contain a uniquely given objective,
and reinforcement learning, the focus of this work, where the algorithm
interacts with an environment, generating its own data, optimizing for a given
reward function. Due to their respective relevance, I will provide a brief de-
scription of supervised learning now, skip unsupervised learning, and expand

on reinforcement learning further on in this section.

2.1 Supervised Learning

In this setting, the task can be described function approximation. Given an
input space X, an output space Y, a label space Y, a dataset D = {(zi,v5)}
where x; € X, y; € ), and a loss function L: JA) x Y — R, you want to find
a function f: X — Y called a model that minimizes the mean loss over the

dataset:

{ Z: 'C(f(xi)a Yi)

)

Note that it is not true that Y = ) even though quite often it happens to be
the case, e.g. in regression problems where ) = Y = R. In the other main type
of supervised learning, which is classification, the label space is a discrete set of
categories C' such that C = M < co. The output space can be the real vector
space Y =RMx~ (C' — R) interpreted as log-probabilities of a distribution from
the set of all probability distributions on C', denoted AC'. It’s also isomorphic
to the set of functions C' —+ R mapping each category to its log-probability.



However, in this case we can choose a selection function ¢: Y — Y that maps
the model’s predictions to actual labels, e.g. «(§) = argmax § choosing the
highest-probability element in C'.

An important concept to keep in mind when talking about Machine Learning
is generalization, since in actual use cases, we want the algorithm to work
well also on new, previously unseen inputs. That’s why it is useful to view
the dataset D as a finite random sample from a joint probability distribution
p(z,y). In this case, the task is to find a good approximation of the conditional

probability p(y|z), quantified as minimizing the expected loss

E L(f(z),y)

z,y~p(z,y)
With this formulation, it is no longer sufficient to just set V4, y,)en f(2:) = i,
which is the trivial solution to the problem with a finite dataset. Instead, the
model needs to, in a sense, understand the underlying structure of the dataset

so that it performs well on the entire distribution.

2.2 Neural Networks

A neural network is a versatile machine learning algorithm that can be applied
to supervised, unsupervised and reinforcement learning. It is a parametrized
function composed of one or more layers, with each layer being a linear trans-
formation followed by an activation function applied component-wise to its
output.

If, as is usually the case, the input and output spaces are real vector spaces,
we have X = RN and Y = R™. In the most common variant of a neural
network called the multi-layer perceptron (MLP), the n-th layer can be then
expressed as

Ty = g(Wnn-1 + By) (1)

where z,, is called the n-th hidden layer (with o = = being the input to the
network), g(-): Ri» — R is an activation function, [, is the size of the n-th
layer such that x,, € Ri». The parameters of the layer are the weight matrix
W,, € Ri»*ln-1 and the bias vector B,, € R*». Often, the weight and the bias
are collectively referred to as the weights of the layer (or of the network) and
are denoted by 6.

Quite often, the activation function is in fact just a function g: R — R,

and is applied to the input vector elementwise, by considering each component



separately. It also needs to be differentiable w.r.t. its input almost everywhere,
which will be necessary for training the network. The most common choice
is ReLU (Rectified Linear Unit) [13] defined as ReLU(z) = max(0,z). It
corresponds a very rough idea of a biological neuron, where the inputs are
summed, and if the total exceeds some threshold, the neuron fires proportionally

to the inputs.! Other common choices include the hyperbolic tangent tanh(x) =
T_,—T 1
21+Z*1 1+efz

comparison of each of these functions.

and the sigmoid function o(z) =

. In Figure 1 you can see a visual

30— RelU
tanh
25 sigmoid

-3 -2 -1 0 1 2 3

Figure 1: A comparison of the most commonly used activation functions:
ReLU, tanh and sigmoid. Note that the sigmoid function is the only one where
f(0) # 0 which can cause issues in deep networks, but it does fulfill the property
Veer 0 < f(z) < 1 which makes it suitable as a final activation function in
situations where we want the output to be interpretable as a probability.

A Feedforward Neural Network, or Deep Neural Network, can then be
constructed by stacking several linear transforms as defined in Equation 1
interspersed by activation functions. The word “deep” here refers to the
number of layers — the depth of the network. The dimensionality of each
hidden representation h,, is called the width of the layer, or the number of
hidden units. This is the same as the size of the x,, activation vector. A simple
schematic representation of a neural network can be seen in Figure 2.

In summary, a neural network can be viewed as a parametrized function
NNy(x) differentiable almost everywhere w.r.t. § and z, with a specific layer-

based internal structure that allows for flexibility and modularity (note: NNp, o

Keep in mind, this is not how biological neurons actually work — but it works well for
artificial neural networks, and biological accuracy is not a goal in itself.



NNy is also a neural network as long as the dimension of the output of NNy is

the same as the dimension of the input of NNj,).

Input Layer Hidden Layer Output Layer

Figure 2: A graphical representation of a neural network. Each node represents
one component of a vector (either input, hidden or output), and each edge
represents a component of a weight matrix.

2.2.1 Gradient Descent

By far the most common way of training neural networks — by which I mean,
finding a set of weights for which the network manages to approximate the
target distribution p(y|z) — is the Gradient Descent algorithm, or one of
the many algorithms that are based on it. At its heart, it is a fairly simple
idea dating back to Augustin-Louis Cauchy in 1847 [21] when he applied it
to the problem of solving systems of simultaneous equations. To describe it
informally: first, you choose an arbitrary argument (here: arbitrary weights) as
a starting point. Then, evaluate the gradient of the loss function at that point,
and update the weights in the direction of the negative gradient — and repeat
until convergence. A more formal description can be found in Algorithm 1.
In practice, a commonly used approach is called Stochastic Gradient Descent
(SGD), where instead of computing the gradient using the entire dataset at
once, only a subset (or batch) of data is used at each iteration. This allows for

more frequent updates, and counteracts overfitting due to extra stochasticity.

2.2.2 Adam optimizer

In many applications, including this work, the Gradient Descent algorithm only
describes the main idea of the optimization method. The exact algorithm used
to find the optimal weights is Adam [?], which is a modification of Gradient

Descent that allows for adaptive learning rates for each weight individually,



Algorithm 1 Gradient descent

Require: « : learning rate, a real number
Require: f(0) : the function to be optimized
Require: 6, : Initial parameter vector
t<+0
while 6; not converged do

t+t+1

gt < Vof(0i-1)

Oy 0,1 —a-g

return 6,




helping the network find better weights in a shorter time. The details of Adam
can be found in Algorithm 2.

Algorithm 2 Adam optimization algorithm. Good default settings are a =
0.001, 31 = 0.9, By = 0.999, ¢ = 10~%. All operations on vectors are element-
wise, and %, 8% denote 31 and (35 to the power t.

1: Require: « : stepsize

2: Require: (1, 3, € [0,1) : Exponential decay rates for the moment estimates
3: Require: f(f) : Function to be optimized
4: Require: 6, : Initial parameter vector

5 mg <+ 0

6: vg < 0

71+ 0

8: while 6; not converged do

9: t—t+1

10: gt < Vo f(0i-1)

11: my <= [y -my—1 + (1= B1) - g¢

12: v B + (1 — o) - g7

13: My < my\(1 — B)

14: 0y < v\ (1 — f3%)

15: 0, < 0,1 — - \(VO; + €)

16: return 6,

2.2.3 Backpropagation

The remaining piece necessary to get a neural network-based machine learning

algorithm is a way to compute the gradients Vyf(6), where

M

£(0) = = > LNNy(w:), 1)

1

In conjunction with the Gradient Descent algorithm or its modification like
Adam, this would be enough to get an algorithm finding ¢ minimizing the loss
as defined above.

The way the gradient can be obtained is by using the layered structure of
neural networks and an algorithm called backpropagation [22]. The essence
of this approach is computing the gradient w.r.t. the output layer’s weights,
and using the derivative chain rule to iteratively get the gradient w.r.t. each

previous layer. The exact procedure is laid out in Appendix A.
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2.3 Recurrent Neural Networks

In applications that possess a temporal structure, it can be beneficial to use
models that have some sort of memory or internal state to allow for maintaining
information between consecutive timesteps. For this purpose, Recurrent Neural
Networks [13] have been introduced. The core idea here is that the network
makes uses of a hidden state h' € R™ that’s updated between each consecutive

timestep in the following way:

ht = g(Whhht_l —|— thfL‘t —I— Bh)

where h! is the state and z' is the input at the t-th timestep. To properly
compute the gradients of the loss function, it is necessary to use a slightly
modified version of the backpropagation algorithm, called Backpropagation
Through Time [23], which takes into consideration the temporal structure and

ensures proper accumulation of gradients.

2.3.1 Long Short-Term Memory Networks

In practice, RNNs turn out to have difficulties in retaining long-term relations
across the timesteps, which prompted creating an enhanced version called the
Long Short-Term Memory Network, or LSTM [15] which deals with this issues
by introducing learnable gates in the state update rule. Specifically, an LSTM

cell is updated as follows:

Je=0Wy-[hi-r,z:] + by)
iy = o(Wi - [he—1, z¢] + b;)
Cy = tanh(We - [hy_1, 2] + be)
Ci=f0C,+i0C
op = o(W, - [h—1, 2] + b,)
hi = oy ® tanh(C})

where 7, is called the input gate, f; — forget gate, ¢, — cell state, o, — output

gate. A graphical representation of this computation can be seen in Figure 3.
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ht
N
Ct1 —>Ct
hea ° h
Xt

Layer Pointwize op  Copy

Legend: s

Figure 3: A visual depiction of the computation within an LSTM cell [24].

2.4 Relational Networks

In some applications, the network needs to process the positions of several
identical objects. By default, a regular MLP network has to learn this property
from experience, but with an appropriate architecture, this property can be
enforced in the network, making the training easier. This is the purpose of the
Relation Network (RN) [25], which in its original form was designed to enhance
image processing applications. It works by processing the representations of
each object pair independently, and then summing the outputs together — this
way, due to the commutative property of addition, indistinguishable objects
are processed in the same way and the output of the RN is invariant under the
operation of swapping them.

The original formulation of RN is as follows:

RN(O) = fs (Z go(0; ® Oj))

i<j
where f; and gy are neural networks, O = {o;} are objects present in the input,
and the @ operator is the direct sum, here equivalent to the concatenation of

its operands.

In this work, the Relation Network has been adapted to the specific situation
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of processing entities in a gridworld-based reinforcement learning environment.
Gridworlds are explained in more detail in Section 3.1.5. Firstly, the represen-

tation of each object is as follows:

0, =, DY D [i B ey,

where (z;,y;) are the grid coordinates of the object o; normalized to the range
[0,1), f; € B is a flag whose meaning depends on the type of the object, for
example indicating whether an object is active or inactive, t; is the type of the
object, and e¢; € R is the embedding of the object type t. The embedding is
a trainable vector that allows the network to distinguish between objects of
different types, while treating all objects of the same type the same way.
What’s more, in RL applications, one object is the most important — the
agent itself. The other objects are relevant mostly in relation to it, while their
relations between each other are not as significant, which is why instead of
summing over all pairs of objects (quadratic in the number of objects), the
agent’s representation is always used as the first object in the direct sum, so

the final formulation of the relation network becomes

RN(O) = fs <Z 9o(00 oz-> (2)

where og is the agent’s own representation.

This architecture can be used as an input layer for other models. For
example, the output of the RN can be then used as the input to an LSTM cell,
for what is called RNLSTM later in this work.
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3 Reinforcement Learning

Reinforcement learning is the third of the aforementioned types of machine
learning in which the task is to find a certain policy mapping states of the
environment, to actions that can be taken by the agent. Unlike in supervised
learning, there are not labels that can be used as a direct objective. In fact, there
is not even a single specified dataset to learn from. Instead, the reinforcement
learning problem is defined by an environment and a reward which defines

the objective.

>| Agent ||

state reward action
S, R, A

R!+1 ([ .
s.. | Environment

Figure 4: A schematic depiction of a reinforcement learning problem [26].

As depicted in Figure 4, the agent (which is the RL equivalent of a model)
takes actions in the environment and changes it in some way. Then it receives

the updated observation, as well as a reward signal.

3.1 Markov Decision Processes

A Markov Decision Process, or MDP, is a mathematical formalism common
for specifying RL problems. To be precise, an MDP is defined as a tuple
(S, A, T, R) where S is a set of states, A is a set of actions, T: S x A — AS
is the transition function determining the probabilities of states based on the
previous state and the action taken, and R: S — R is the reward function?
defining the objective to be optimized.

On the agent side, we have a policy 7: S — AA whose purpose is choosing
the next action, possibly in a nondeterministic way. Together, they produce
trajectories obtained via the following process: start with an initial state s,

choose an action ay based on m(sg) (e.g. via sampling from the distribution®)

2Depending on the source, the reward function can be defined differently, e.g. as R: S x
A — R. Those definitions are equivalent and out of convenience, I'll use the one present in
the main text

3In some cases, especially with deterministic policies, it might be beneficial to use a
different method for the sake of exploration.
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and observe the next state s; sampled from the distribution 7'(sg, ag) and the
reward ro = R(s;). The process is repeated until the end of the episode, yielding
a trajectory 7 = (Sg, g, 70, S1, A1, 71, - - -, Sp, An, ) € T. Through slight abuse
of notation, we can then define the total reward of a trajectory as R(7) = f} T

To solve an MDP is to find a policy 7* which maximizes the expected tt:ootal

reward when evaluated in the environment:

7" =argmax E R(7)

T
where 7 ~ 7 denotes the process of sampling actions from the policy
described above.
It is important to denote that a policy m can also be interpreted as a
conditional probability function 7(a|s) € R. Both of these formalisms are

equivalent and are often used interchangeably in literature.

3.1.1 Partially Observable Markov Decision Processes

While POMDPs [27] are not used in this work, they are still worth mentioning
due to their prevalence in Reinforcement Learning. They reflect the idea of
imperfect information — instead of observing the real state s;, the policy receives
an observation generated by a function O: S x A — AQ where 2 is the set of
possible observations. The observation in step ¢ depends on the new state s;
and the previous action a;_; which led to that state.

Formally, a POMDP is a tuple (S, A, T, R,Q,0). It is a generalization of
regular MDPs, since each MDP can be converted into one by setting (2 = S
and O(s, a) = 0,. It also turns out that each POMDP can be represented as
an MDP that combines the transition and observation mechanisms in its own
transition function.

Trajectories and total rewards in POMDPs work the same way as in MDPs,
with the only difference that the input to the policy is 0 ~ O(s, a) rather than
s directly.

3.1.2 Decentralized POMDPs

A generalization of POMDPs that allows for multiple agents is called Dec-
POMDP [28]. Tt takes the approach of splitting the environment action into a
joint action taken by multiple agents, each of which receives its own observation.
Formally, a Dec-POMDP is a tuple (S, {A;}, T, {R;}, {2}, O) where {4;} is
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the set of actions that can be taken by the agent i, {€2;} are that agent’s
possible observations and R; and each agent’s reward functions. By considering
the joint actions A = x;A; and joint observations 2 = x;{2; this can be viewed
as a POMDP, however it places a limitation in the information shared between

agents.

3.1.3 Time horizon and discount factor

One component that I omitted from the definition of MDPs and their general-
izations is the discount factor ~. Its purpose is ensuring that even for infinite
horizon environments, the total reward of a trajectory remains finite as long as

the rewards themselves are bounded.

R(t;v) = ivtm < 00 (3)

=0

In this work, the considered environments maintain a finite horizon — so
while its value would still have some impact on the learned policies, it loses its
theoretical justification and is therefore set to v = 1.

The intuition behind the discount factor is that it determines how much
attention is paid to the distant future, as compared to the near future. In the
case of v = 1, sacrificing 0.1 reward in this step to receive 0.2 reward in the next
step is well worth it. Alternatively, with v = 0.25, the respective discounted
rewards are 0.1 and 0.05, which makes the other decision to seem better.

For this reason, the discount factor can be seen in two ways — either as a
property of the MDP itself, or as an implementation detail of the algorithm
solving it. The result is largely the same, but the latter option gives more
flexibility in the possibility of adjusting the discount factor to generate different
behaviors. What’s more, in many environments of interest, there is no obvious
value for the discount factor, and it has to be chosen arbitrarily anyways, which
is why I chose to not include it in the definition of MDPs.

In practice, the discount factors used are often very close to 1, like 0.9 or
0.99. This allows for infinite-horizon problems to get the finite total reward
property, while not making the agent too myopic. In finite-horizon problems,

the discount rate is often equal to 1.
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3.1.4 Value function

An important concept defined for Markov Decision Processes is that of a value
function. Intuitively, it is meant to represent the expected reward that will
be collected starting from a certain state. However, there is not a unique way
of choosing the actions in the process of unrolling an episode, hence different
versions of a value function can be used depending on the context.

Given a certain policy 7, we can take the approach of choosing the following

action from that policy, giving the value of a state s under the policy m [26]

Vo(s) = Bol Rl = ) = B {3 e

k=0

5 = s} (4)

If the policy 7 is the optimal policy 7*, we can also consider the optimal value
function V*(s) which is the “true" value of a state in the environment.
Furthermore, it’s often useful to consider the state-action value function
Q™ (s,a), where the process is similar: in the state s you take the action a, and
then proceed to act according to the policy m. These two views are equivalent

as long as we have access to the MDP transition dynamics:

Vi(s) = max Q(s,a) (5)
Q(s,a)= E R(s,a) +7V(s) (6)

s'~T(s,a)
Alternatively, the value function can be defined recursively using the Bellman

equation [29]. There, the value of a state is expressed as:

Vi(s) = R(s,m(s)) +v E V7(s) (7)
s'~T(s,m(s))
And the value under the optimal policy is given by the Bellman optimality
equation:
Vi(s) =maxR(s,a) +7 E V() (8)

s'~T(s,a)

3.1.5 Gridworlds

A gridworld is a useful type of an MDP that allows to abstract away real-world
mechanics to focus on a specific property of the environment being considered.
They are especially suitable for basic research, where the subject of investigation

is fundamental principles and mechanisms, rather than real-world efficiency;,
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most notably in the area of Al Safety [30].

It has a certain width w and height h, and contains w x h grid cells aligned
in a rectangle. Each of those grid cells contains 0 or more objects from a set of
objects O, some of which may be agents. Each object has a position in grid
coordinates (z,y), as well as a type from a finite set of types T

As an example, consider a labyrinth gridworld in which a single agent needs
to reach a goal, navigating through a maze of walls which together occupy W
grid cells. It would have the types T" = {agent, goal, wall}, and the objects
O = {agent, goal,wally, . . . ,wally }*

There are various ways of representing a gridworld. For the purposes of RL
agents, it is convenient for the representation to have the form of a real-valued
tensor. The most straight-forward way is by using the grid topology directly,
along with the binary encoding of each cell’s contents. In other words, the state
of a gridworld would be a tensor s € Rw*h*O  This however leads to very large
and sparse state tensors and can be very inefficient. It also doesn’t generalize
to cases with a different number of objects.

A simple modification would involve using the objects’ types instead, causing
the state representation to stay in the constant space s € Rw*hxT gg long as the
number of types remains constant. This relies on the assumption that objects
of the same type are indistinguishable, and that there can’t be two objects of
the same type in the same grid cell. In both of these cases, extra information
can be conveyed by concatenating it to the tensor in a way dependent on the
specific situation.

If the gridworld is relatively sparse, a dense state representation might be
more suitable. The basis here is concatenating the coordinates of objects in a
fixed order, with s = [z1, y1, Z2, Y2, ..., Tp, Ys|T € R2°. This representation
can be supplemented with extra information by injecting it after each (x,y)
coordinate pair, as long as the order remains consistent.

An alternative used in this work is using Relational Networks. Using the
notation from Section 2.4, we can set O = O with the representation of each

object as described there

0, =2, DY, D fiDe

where the type embedding e; corresponds to one of the types in 7.

4Using agent and goal in both the object and type sets is a slight abuse of notation — in
general the two sets can be completely different
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This method has many properties that make it especially suitable for general-
ization in the reinforcement learning setting. First of all, it explicitly introduces
a symmetry with respect to the operation of swapping objects of the same type,
which can significantly simplify the task of the learning algorithm. What’s
more, it allows for seamless generalization to different gridworld sizes, different
object counts, and even different type counts. A model trained with a certain
set of objects can be easily used in a different environment with more (or fewer)
objects, which wouldn’t be possible with a dense representation since its input
layer’s size would have to be adjusted. Due to the coordinate normalization, it
can also be used in a larger environment, which wouldn’t be possible with the

grid-based representation.

3.2 Policy Gradient

The main task of a Reinforcement Learning algorithm is to find a policy 7(s)
which maximizes the expected return when evaluated in an environment. While
there are various methods of approaching this, the one used in this work is
based on the idea of policy gradients.

In a way, it is the most direct way of solving it in the spirit of machine
learning. The reward function can be seen as a function mapping policies to
real numbers (by evaluating them in the environment), and if that is then
differentiable with respect to the policy’s parameters, you can simply use
gradient ascent to find the optimal parameter set.

In other words, we're treating RL as a standard optimization problem,®

where the goal is to maximize the following reward function:

J(0) = Eren, R(7) (9)

Assuming proper differentiability properties of the policy, this can be solved
via gradient ascent, which is the same thing as gradient descent (see: Section
2.2.1) with the update multiplied by —1, and therefore can also use the modified
approaches like the Adam algorithm.

Of course, this would require an expression for an estimate of the gradient

Ve J(#) in terms of the trajectory or its components (i.e. observations, actions

5Note that while we can to some extent treat it as such, it is a bit more complicated than
that since the data itself changes depending on the current policy weights, adding an extra
layer of complication over typical supervised learning.
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and rewards). It turns out that this is, in fact, possible to obtain analytically,

and the final policy gradient equation is as follows:

VE, [R(7)] = E, [R(1)V log 7(T) KZR S ) V log (H w(at\st)ﬂ
t (10)

The full derivation can be found in Appendix A. The main value of this
equation is in the fact that the gradient can be estimated from empirical data
using only the rewards and the probabilities of actions taken in the trajectory,
both of which can be sampled by simply rolling out the environment with a
differentiable policy.

An important observation is that due to the Markovian assumption, actions
taken at step t’ cannot affect rewards obtained in earlier steps ¢t < t’. Since
adding a baseline value to the rewards does not change the expected value of
the policy gradient, this means that the total reward R(7) = >, R(s;) can be
replaced with the reward-to-go R, = /Z R(s;) without increasing the bias of
the estimation, but reducing its Varlarigg.

This is the basis of the REINFORCE algorithm [31] described in Algorithm 3.

Algorithm 3 REINFORCE, a basic Policy Gradient algorithm.
1: Require: 6y: initial policy parameters
2: Require: «: learning rate
3: k<« 0
4: while 6, not converged do
Collect a batch of trajectories {Dy} with the policy mg,
Compute rewards-to-go f%t
Compute the policy gradient estimate as:

. 1
gk = Z Zve log W@(at|5t)|9th

Dk T€Dy, t=0

*x

Update the policy weights using gradient ascent or a related algorithm:
Orr1 = O + gy,

9: k+—k+1
10: return 6,

An important thing to keep in mind is that due to the fact that the sampling

is performed according to the current policy, a single batch of data can only be
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used for a single gradient update, making it an on-policy algorithm. What’s
more, this estimate tends to have a very high variance. Finally, since the
reward is summed across the entire episode, credit assignment becomes an issue
and the agents might have difficulties recognizing which actions led to good
outcomes, and which were associated with high returns by coincidence.

Due to these problems (sample inefficiency, high variance, credit assignment),
REINFORCE is rarely used in practice and is infeasible for most RL problems.
However, similarly to gradient descent, modified approaches have emerged,

designed to counteract those issues, one of which will be described now.

3.2.1 Proximal Policy Optimization

The PPO algorithm [32] attempts to fix the aforementioned issues by including
some changes to the algorithm that allow it to work more efficiently, even if it
is not quite as elegant theoretically.

First of all, to improve the credit assignment issue, it utilizes an actor-
critic approach, with a value prediction network used to estimate the expected
return of a certain state. This is formalized as the advantage estimated as
A = ]%t — V(St) With this, it is possible to determine whether a certain action
was better than expected (A; > 0) or worse (A; < 0). The value network can
either be separate from the policy, or can share some of the weights to take
advantage of the multitask learning phenomenon.

Using a learned baseline (i.e. subtracting a constant value from the reward
function) also helps reduce the variance without introducing any bias — although
in the early stages of the training, the value estimation is completely random,
once it gets better, it can give a good estimation of the state’s value, making
the advantage more estimations reliable.

The largest difference, and the thing that makes PPO unique, lies in the
loss function it uses, the so called surrogate loss. To recap, a standard PG

loss that uses the advantage values can be expressed as the following:
L(s,a,0) = A™(s,a)logmy(als) (11)

This, after differentiation, gives the same expression as the equation for the
policy gradient, so it can be used as a loss function for automatic differentiation

software.
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In PPO, however, the corresponding equation is more complicated:

_ o melals) ([ mo(als) -
L(s,a,0,0;) = min (Wek(a|8 A% (s, a), clip <7T9k(a\s) 1 —e14¢€| A™(s,a)
(12)

Starting with the difference in the signature of this function — the reason for
this is that in the PPO algorithm, each batch of data can be used for several

gradient updates. To counteract that the data becomes off-distribution after
7o (als)
7, (als)
0 is the weights before performing any updates with the current batch.

the first update, an importance sampling term has to be included, where

The clip function discourages the policy from going too far from its original
values. A small modification to the weights can have a significant impact on
the policy, and combined with the fact that the loss function relies on data
generated by the “old" policy, this means the policy could easily stray too far
and experience a significant performance decrease, which might turn out not
to be recoverable.

Finally, the min operator between the clipped and unclipped expressions
(which are otherwise identical) means that we only really want to clip really
high values of the loss. If it is low, the gradient ascent algorithm shouldn’t
be moving in that direction anyways, so there’s no harm in having that part

unclipped.

3.2.2 Advantage estimation

An important improvement to the policy gradient algorithm is using the advan-
tage function as opposed to the raw rewards to optimize the policy. This idea,
stemming from actor-critic algorithms [33] gives the agent a better mechanism
for performing credit assignment.

The core idea is that if the agent is given an estimate of the current state’s
overall value, then it can compare the actual reward obtained through taking a
certain action to know if that action was better or worse than expected.

To this end, the network needs some way of estimating the state value,
which can be learned with another neural network, as described in the PPO
algorithm. With this, a common way of estimating the advantage values is by
using the Generalized Advantage Estimation (GAE) algorithm [34].

When thinking about advantage estimation, the question of how to actually
estimate the value of the state given a trajectory. In episodic tasks, it can be

viable to just rollout the entire episode and sum up the discounted rewards to
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go through Monte Carlo estimation:

=>_7""Ry (13)

>t
On the other hand, you can also use the existing value estimate of the
next state with a Temporal Difference-based approach, which doesn’t require

observing the entire episode, and is better suited for continuing tasks:

V(st) = Re 47V (s141) (14)

Both of these approaches come with pros and cons. What’s more, various
intermediate methods are easy to define, by considering the next n rewards
and the (n + 1)th value.

GAE introduces a way of interpolating between all of those by introducing
a special parameter A € [0,1]. The GAE advantage estimate can then be

computed as

AFAPON = SR, (15)
[=0

where §) = R(t) + YV (s141) — V(s;) is the TD error at timestep .

By adjusting the A parameter, the algorithm can put more or less emphasis
on the value estimation. In the extreme cases, A = 1 reduces to the Monte
Carlo estimate from Equation 13, and A = 0 produces the TD estimate from

Equation 14.

3.2.3 Exploration - Exploitation trade-off

While training a Reinforcement Learning agent, there appears a dilemma
regarding how it should choose its actions. On one hand, its objective is to
optimize the total reward by exploiting its current knowledge. On the other
hand, it has an instrumental goal of obtaining more knowledge to be able to
fulfill the aforementioned task more effectively, which it can do by the way of
exploration, or taking actions that do not seem optimal at the moment.
The general rule is that in early stages of the training, agents should focus
on exploration to build up their knowledge, and then transition to exploitation
by taking the best action as the training goes on. In some cases, the RL
agent is deterministic, which means it doesn’t have a natural way of sampling

suboptimal actions. Then, a common strategy is called e-greedy in which a
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value € € [0, 1] is set (and possibly varied throughout the training), and the
agent takes a random action with probability €, and the optimal action with
probability 1 — e.

In case of stochastic algorithms, which include policy gradient-based ones,
the policy itself is a probability distribution over all possible actions, so the
actions can be directly sampled from it, and over the course of the training,
the randomness should decrease naturally, if it is beneficial in that particular
environment (there are, after all, examples in game theory where optimal
strategies are stochastic).

However, even for stochastic policy gradient algorithms, exploration can
be enhanced by adding an entropy bonus. Recall the formulation of the PG
training objective in Equation 9, extended by an additional term proportional

to the entropy of the policy S(6):
J(0) = Err, R(7) + AS(0) (16)

where A € R is the entropy bonus coefficient, and S(6) is the expected
entropy of the policy my. In practice, this can be computed from collected
experience by computing the average entropy of distributions my(s) € AA

encountered in the collected trajectories.

3.3 Multiagent Reinforcement Learning

A generalization of Reinforcement Learning is Multiagent Reinforcement Learn-
ing (MARL) where it is possible for several agents to interact with the environ-
ment and, by extension, one another [35]. While it has clear applications in
real-life scenarios where agents have to interact with other agents, including
humans, it also carries many challenges.

The various MARL environments can be divided into three main categories,

for simplicity described on the example of two agents A;, As:

e Cooperative — the reward of a state is equal for all agents R;(s)

e Competitive — one agent’s gain is another’s loss, with R;(s) + Ra(s) =

const, the equivalent of a constant-sum game in Game Theory

e Mixed — anything that doesn’t fit in the other two categories
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3.3.1 Non-stationarity and agent modeling

A standard assumption in RL algorithms stemming directly from the Markovian
assumption is that the environment is stationary, meaning that the transition
T'(s,a) always yields the same distribution, or in other words, is an actual
function that remains the same throughout the training [10].

In a multiagent setting (Dec-POMDP) observed from the perspective of
a single agent, that is not quite the case. During the course of training, the
second agent’s policy changes, and because of that even if the action taken is
the same, the joint action will be different, yielding a different successor state
distribution.

One approach to dealing with this issue is the MultiAgent Deep Deterministic
Policy Gradient (MADDPG) algorithm [36] based on Deep Deterministic Policy
Gradient [37], an algorithm combining policy gradient and value-based methods.
Specifically, MADDPG uses a centralized critic shared between the agents to
facilitate implicit information exchange and coordination between the agents.

This work explores an alternative approach based on agent modeling. In
principle, given full information about the partner agent and including it in the
state representation, the problem becomes stationary again. However, since a
neural network-based agent can be arbitrarily large, I'm using an intermediate
step where the policy is conditioned on the information about the other agent’s

skill level — this will be explained in further detail in Section 4.

3.3.2 Self-play

An approach commonly used especially in competitive environments is self-play,
where the agents are copies of each other. It has been shown to achieve great
success for example in the game of Go with AlphaZero [6]. With self-play, the
agents can develop a natural training curriculum making it possible to learn
advanced and versatile strategies [38]. The core mechanism here is that if the
agent learns a new effective tactic, it can immediately start learning a way to
counter it.

This phenomenon, however, does not occur in cooperative environments
— there it is quite possible for the agent to overfit to only cooperating with
itself, making it incapable of cooperating with other, arbitrary agents. To
some extent, this can be mitigated by including old versions of the agent in the

training, which is the approach taken in this work, explained in more detail in
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Section 4.3.

3.3.3 Ad-Hoc Cooperation

In a standard ML context, it is quite simple to define generalization — the
model should learn to perform well on data it hasn’t seen before, but that
comes from the same distribution as the training data. It is not as simple
in the case of MARL, where there are different types of generalization to be
considered. Grover et al. [39] introduce a valuable classification in the context
of policy representation learning which has an “external” observer, but similar
types can be applied to agents observing themselves along with their partners
Oor opponents.

One axis to consider is generalization across tasks, which is relevant also
in single-agent RL. Given a family of MDPs, we want an agent trained on its
subset to perform well on all of them, including ones it hasn’t seen yet. In
many cases, this is included in the environment design by randomizing the
starting positions of various objects, like the agent or a goal it has to reach.

Then, specifically for MARL, there is the issue of generalization across
agents. Often it is desirable to have an agent capable of performing well with a
wide range of partner agents. So on one hand there is weak generalization
which refers to cooperation between agents which appeared throughout the
training but not with each other. Strong generalization, in turn, corresponds
to acting with a partner that has never been encountered in the training by
the agent.

Finally, this work focuses on a slightly different direction of skill general-
ization — a robust agent should be able to adapt to partners performing either
well, or poorly, coordinating with them or assisting in doing the tasks they are
not doing due to the lower skill level. Standard iterative RL approaches can
easily provide an excellent testbed for this, since early versions of the agents
are usually randomly initialized and can be seen as unskilled, later versions are

skilled, and there’s a wide range of intermediate states.

3.4 Meta-learning and mesa-optimization

Meta-learning is a concept tightly connected to generalization, most commonly
used in the context of the aforementioned task generalization. While standard

learning algorithms (whether Machine Learning or specifically Reinforcement
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Learning) learn to effectively perform a certain task, possibly generalizing across
some parameters of the task, the goal of meta-learning is learning to learn to
solve different tasks, using different, albeit in some way related, environments.

Meta-learning was introduced by Jurgen Schmidhuber in his Master’s thesis
[40], and the work that was particularly inspiring here was the Model-Agnostic
Meta-Learning framework [18]. It uses a general algorithm involving a double
training loop — one across different tasks, and another one across the timesteps
of the task. It requires computing second order derivatives (Hessian matrices)
of the loss function, although that can become computationally intractable
with large networks, so a first-order approximation was also shown to perform
well.

A related idea is that of mesa-optimization [41] which is considered
primarily in the context of Al safety and value alignment. It comes into play
whenever an outer optimizer (meta-optimizer) is used to create an agent acting
as the inner optimizer (mesa-optimizer). Using meta-learning algorithms carries
the risk of value misalignment, where the two optimizers’ rewards differ from
one another.

In the context of multiagent RL, a natural form of meta-learning is gen-
eralizing across various partner agent — by training with some of the possible
partners, it is desirable for the agent to learn to adapt to a new one efficiently.
Whenever it uses a recurrent policy (e.g. an LSTM network), the agent’s inner
state updates to reflect its knowledge about the partner agent can also play the
role of a mesa-optimizer, making this issue relevant even with an unchanging

environment.

3.5 Theory of Mind

Theory of Mind [3] is a concept stemming from Cognitive Sciences, describing
how humans (and other animals) build an inner belief state regarding others’
belief states. In human children, for example, theory of mind capabilities have
been shown to develop between the ages of 3 and 5 [42] which constitutes an
important step in their ability to function in a society alongside other people.

A common way of recognizing whether a system (e.g. a child, an animal, or
a computer program) is capable of modeling others is the so called Sally-Anne
Experiment. [43] It involves two children (or, in general, agents): Sally and
Anne, as well as an external observer whose capabilities we're evaluating. The

experiment proceeds as follows:
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1. Sally and Anne are in a room with a basket and a box, Sally has a marble
2. Sally puts the marble in the basket
3. Sally leaves the room

4. Anne removes the marble from the basket and places it in a box next to
the basket

5. Sally returns to the room

A cartoon used to depict the experiment in the original paper can be seen
in Figure 5.

Now, the question to the observer is: where will Sally look for the marble?
The correct answer, obviously, is the basket — this is the last place where she
saw it, and there’s no way for her to know that it is been moved. However, a
naive system incapable of reasoning about Sally’s beliefs would point to the
box instead, as that’s where the marble is actually located, it overwrites Sally’s
belief with its own beliefs.

Since it is important for humans, it can also be expected to be a useful ability
for artificial agents to possess in order to cooperate with other heterogeneous
agents in a shared environment, which is bound to be necessary in case of
wide-spread RL agents in public life.

Rabinowitz et al. [4] have shown that this is, in fact, possible for data-driven
systems in their Machine Theory of Mind algorithm which observes agents
acting in an environments and predicts their beliefs and intents.

A more applied approach has been taken by Foerster et al. [44] in the
Bayesian Action Decoder, followed up by the Simplified Action Decoder [45].
There, using explicitly updated predictions of the other agents’ belief states
has shown a significant improvement in their abilities to cooperate in the game

of Hanabi [1].
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4 Experiments

This section will detail the experimental procedure used to test the skill modeling
approach, including the specific models used, as well as the environments in

which they were trained.

4.1 Environment

The environments used to evaluate this approach are variations of the base
foraging environment, inspired by the Traveling Salesman Problem. They were
designed as to accentuate the properties of cooperation between agents, and in
some cases, making them explicit to enable directly measuring the cooperation
skill.

The environment is a fully observable, fully cooperative (meaning that the
reward is shared by both agents), deterministic, decentralized MDP on a 7 x 7
gridworld with two agents, Ng subgoals and one final goal. Using the notation

from Section 3.1.5, that means we have the object and type sets as follows:

O = {Agent,, Agenty, Subgoaly, ..., Subgoaly,, Goal}
T = {Agent,, Agenty, Subgoal, Goal}

In each timestep, both agents can take one of five actions:
A; = {north, south, west, east, stay}

Each of them moves the agent in the respective direction by one grid cell (or
makes it stay in place, for the stay action).

Informally speaking, the agents’ goal is to collect each of the subgoals by
stepping on them, and then reaching the final goal. More precisely, the first
time one of the agents steps on a subgoal, they both receive a fixed reward
and the subgoal is marked as collected. After all subgoals have been collected,
stepping on the final goal (by at least one of the agents) also gives a positive
reward and ends the episode. To encourage finishing the episodes quickly, the
environment also gives a small negative reward at each timestep. A visual

representation of the environment can be seen in Figure 6a.
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(a) Base environment (b) Two goals environment

Figure 6: A visualization of the environment in the a) base and b) two goal
variants. The meaning of icons is as follows: robot — first agent, human — second
agent (whose skill level determines the reward), gold key — uncollected subgoal,
empty key — collected subgoal, diamond with gold — the sole final goal, or the
goal giving a larger reward with a skilled partner goal, diamond — goal giving a
larger reward with a novice partner. The shading of the goals indicates whether
they are active, i.e. whether all subgoals have been collected.

4.1.1 Two goals variant

This version was designed as a simplified case in which the task of estimating the
other agent’s identity is made more explicit. Agents are trained and evaluated
in two configurations only: either a trained agent with a copy of itself, called
the expert or skilled partner, or with a randomly initialized novice agent. There
are two distinguishable final goals G, G4 that give different rewards Ri, R
upon collection, but collecting either of them results in terminating the episode.
This means that the sets O and T now each contain an additional element
corresponding to the second final goal and its type.

If the second agent is a trained agent, we have R; > Ry, and conversely, if
the second agent is a novice, Ry > R;. This way, the first agent is encouraged
to build up an internal model if its partner’s skill level, to choose the final goal
appropriately. A depiction of this environment can be seen in Figure 6b.

Although this environment loses some of the nice theoretical properties by
entangling the reward function with the identity of one of the agents (therefore
de facto ceasing to use the Dec-MDP formalism), it serves well as a stepping
stone towards the full system. So while the multiagent cooperation aspect is

not as emphasised, there is a clear focus on agent modelling, allowing to see
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whether the approach used in this work can fulfill that goal.

4.1.2 Final action variant

Here, the guiding principle is putting an explicit emphasis on the cooperation
mechanism between the agents, by incorporating a second phase inspired by
the game-theoretic concept of coordination using a fully cooperative Assurance
Game [46].

In this game, whose payoff matrix can be seen in Table 1, each player Aq
and A; has two available actions: cooperation C' and non-cooperation N. Both
(C,C) and (N, N) are Nash Equilibria, however only one of them is Pareto-
optimal. What’s more, to realistically model the scenario of cooperating with
partners of various skill levels, unskilled agents are more likely to not cooperate
(N) rather than cooperate (C).

Ag
c| N
cli1] o0
N 10,0]03,03

A

Table 1: Payoff matrix of the Assurance Game

To make it consistent with the rest of the environment, the action C is
represented by the action corresponding to movement north in the gridworld,
and the action N is represented by any other action. This way, a randomly
initialized agent has a 20% chance of cooperating.

Staying in the simplified realm of only two types of agents (expert and
novice) and assuming perfect information about the other agent’s identity, the
optimal behavior in the Assurance Game when acting with a skilled partner is,
naturally, the Pareto-optimal joint action (C,C') with the expected reward of 1.
With a novice partner, the optimal action can be found by finding the expected
utility as a function of the probability of cooperating (to consider both pure

and mixed strategies):

Up)=02p+0.8-03(1—p)=-0.04p+0.24
p*i=argmaxU(p) =0 (17)
p

U(p*) = 0.24
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In other words, the optimal action with a partner whose probability of cooper-
ating is 20% is deterministically not cooperating. This way, the joint action
will be (N, N) 80% of the time, and (N, C) 20% of the time.

The way it is implemented in the environment is that now the game has
two phases. In the first phase, the agents have to collect subgoals and head
to the final goal as usual. After that, however, instead of ending the episode,
the agents have to choose a single action in the Assurance Game. This way;,
they can use the first phase to make a judgement about the other’s skill level,
and then use that information to choose the correct strategy, extending the

two goal variant with an actual coordination mechanism.

4.2 Models

In order to solve those environments, I tested three types of models, each with
a different way of utilising Theory of Mind parameters (here: the skill level)
visualized in Figure 7.

The first model is the baseline that doesn’t involve any explicit skill modelling
components. It consists of a relation layer (see Section 2.4) to serve as the
input state embedding, followed by a recurrent LSTM layer, and the heads for
policy and value predictions.

The second model is the main variant investigated in this work, the Skill
Modelling (SM) network. While the model itself doesn’t receive any extra
inputs when choosing actions, it receives an extra reward signal, making it
perfect for the centralized training - decentralized execution (CTDE) approach.
An intermediate layer is trained to output its partner’s skill level, which is
also fed t