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ABSTRACT

KEYWORDS: Reinforcement Learning ; HRL; meta-controller; object detection;

ddgn; dgn; state space; reward; shaping.

Hierarchical Reinforcement Learning (HRL) has become a popular approach towards
solving complex sequential decision-making problems. This paper explores the use
of compressed state space representations with existing RL algorithms to address the
challenges presented by the complex video game environments, such as Montezuma’s
Revenge and Super Mario Bros. These games are particularly difficult for traditional RL
algorithms because they contain additional objectives to satisfy in order to complete the
designated goal, as well as the requirement for long-term planning. These environments

give rewards only after completion of the episode, resulting in very sparse rewards.

The proposed method utilizes an object detection model along with a hierarchy of
policies associated with those objects that are learnt from repetitive game-plays and
operate at different levels of abstraction. The top-level policy selects high-level goals,
while the lower-level policies execute actions to achieve those goals. The TD learning
algorithm is used to update the value functions for both the higher and lower-level

policies.

The experiments conducted on Montezuma’s Revenge and Super Mario Bros demon-
strate that the proposed method performs without degradation when compared to tradi-
tional RL algorithms. Furthermore, the approach is shown to be more sample-efficient,

which is particularly important when working with real-world applications.

Finally, the paper discusses recent advances in HRL and deep reinforcement learn-
ing to improve the scalability and flexibility of HRL algorithms. These developments
are expected to enable the use of HRL in a wider range of applications and further

improve the performance of HRL algorithms.
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CHAPTER 1

INTRODUCTION

Reinforcement Learning Algorithms are a class of algorithms that enables “agents” to
learn an optimal behaviour through iterative trial-and-error interactions with a given
environment. RL Algorithms typically involve three main components — a Policy, a
Value Function and a Reward Signal. The policy is what determines the agent’s be-
haviour when it is allowed to act in an environment, the value function estimates the
long-term rewards the agent can expect to receive in the future if the given policy is fol-
lowed by the agent. The reward signal provides feedback on the quality of the agent’s
chosen action. At this point it is quite evident that in both discrete and continuous set-
ting, the sheer volume of observations/state-space and their value functions and policies
corresponding to each of the state will eventually exceed the computational feasibility
metric. Hence one can state that Reinforcement Learning is ill-fated by the curse of
dimensionality — the number of parameters to be learned grows exponentially with
the size of the state and action space representations. Some of the popular works for
tackling this curse, mostly exploit the temporal abstraction, such that decisions are not
required at each timestep or they deal with temporally extended sub-objectives which
ideally follow their own policies until termination. This in turn creates a reliance on
the theory of Semi-Markov Decision Processes to provide a formal basis, which will
be emphasized later on in details. The above notion of extending activities until their
termination, naturally leads to Hierarchical Architectures of Reinforcement Learning

Algorithms.

Shifting our focus from Reinforcement Learning algorithms to Humans, we are able
to parse the world as a collection of objects, that are discrete, persistent, which can be
interacted with. At any given point in time, the human eye can selectively focus on
one object-of-interest while peripherally discarding the irrelevant information in the
decision-making process. Humans can use this (unique) compact representation of the
environment for planning, reasoning, and exploration. In certain tasks, for e.g., games
which require the player to complete a set of complex sub-tasks or sub-objectives, a

human can identify the different objects of interest (or sub-tasks) efficiently. One such



example can be seen from an Atari game called Montezuma’s Revenge, which
requires the agent to obtain a key in the very first room and then unlocking a door, after
traversing the game environment. Possible objects of interest in such an environment
could be the avatar that moves in a 2-D plane, a rolling skull, a key, etc. Or in the case
of Super Mario Bros, where the primary objective is not to collect as many coins
as possible, but to reach the green goal flag (atleast in level 1). These types of games
may or may not be solvable in a linear fashion, but fulfilling certain optional (untold)
objectives may yield more reward in the long-term, irrespective of short-term negative

rewards, if any.

Without any prior information related to such an environment setting, a novice Hu-
man Player would have to explore all the possibilities before understanding the Dy-
namics of the environment in order to complete the given task. This can be interpreted
formally in the following manner: the novice human player constructs a differentiable
mapping from an image to a discrete tabular list of objects, where each object consists
of a differentiable position, feature vector, and scalar presence value that allows the

representation to be learnt using an attention mechanism.

Existing strategies to solve RL tasks of this nature, usually take the whole image as
the state-space and let the Non-Linear Function Approximator learn the weights to bet-
ter estimate state-action values. Using such strategy doesn’t aid in mitigating the curse
of dimensionality, rather it adds another layer of complexity. If any two consecutive
frames of a game’s state are analyzed, one can find that in some cases a large amount
of pixels may vary, while on some other states a very negligible amount of pixels are
changing. A consistent compact representation of the actual state space, should provide
better overall results in terms of reduction of dimensionality of the input. It could be
more robust to variations and supposedly easier to transfer between different environ-
ments — provided that the compressed representation captures the underlying structure
of the environment. A similar association can be persuaded utilizing only visual frames
as input to an object detection model or a neural network which would ideally decom-
pose it into some sort of embedding for each of the objects present in that particular
given frame. Our approach thus commences, taking this ideology of finding relations
between multiple objects in a given frame, coming up with an unique compressed rep-
resentation and training an RL Agent to solve the re-defined problem statement. Such

an approach of using Object Embeddings instead of passing the frame as an input to the
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agent has a potential to unravel newer avenues towards General Video Game Al

1.1 State-Space Shaping

State-space shaping is a technique used in reinforcement learning to modify the state
space of an environment with the objective to improve learning efficiency of an RL
agent. In the context of an MDP, the state-space shaping involves adding additional
informative features or removal of unwanted features from the observations or state-
space to provide more informative and structured input to the agent. MDPs provide
a formal framework for modeling sequential decision-making under uncertainty, and
shaping state-space can be particularly useful with large or continuous state spaces. By
reducing the dimensionality of the state space or providing more informative features
could aid towards learning an optimal policy for the given task. One key consideration

while shaping the state space for MDPs, is whether the resulting state space also remains

Markovian.
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Figure 1.1: An illustration of conjectural State Space Shaping.

While shaping of state-space seems very trivial, it comes with some quirks of its own

* Complexity: Creating a well-designed state-space can be a complex task, partic-
ularly in large or continuous state spaces. Choosing the right features or variables
to include in the state space can be difficult, and even small changes to the state
space can have a significant impact on the performance of the agent.

* Overfitting: There is a risk of overfitting when shaping the state space. If the
state space is very unique to one environment or activity, the agent may be unable
to generalise its knowledge to other settings or tasks.



* Curse of dimensionality: If one intends to add more features to the existing state
space, in that case state-space shaping can amplify the curse of dimensionality
problem. The number of possible states can increase exponentially, which can
make it more difficult for the agent to learn an optimal policy corresponding to
given states.

* Evaluation: Evaluating the effectiveness of a state-space shaping technique can
be challenging task. It may be difficult to determine whether an improvement in
performance is due to the state-space shaping or because of other factors, such as
a change in the learning algorithm or hyperparameters.

* Trade-offs: There may be trade-offs between the benefits of state-space shaping
and the cost of implementing it. For example, adding more features to the state
space can improve the expectation of converging to a globally optimal policy, but
it may also increase the computational cost of learning.

Overall, state-space shaping can be a powerful technique for improving the learning
efficiency of an agent. However, it requires careful consideration of the challenges and
trade-offs involved to ensure that the resulting state space is informative, generalizable,

and computationally feasible.



CHAPTER 2

Background

2.1 Markov and Semi-Markov Decision Processes

The majority of research in RL revolves around the use of Markov decision processes
(MDPs) as a formalism. Although RL is not limited to MDPs, researchers often choose
this discrete-time, finite state and action framework as it provides a straightforward
framework to study fundamental algorithms and their characteristics. At each timestep,
the agent perceives the system’s state s contained in a finite set S and executes an
action a from a finite, non-empty set of Actions A of admissible actions. The Agent
receives an immediate reward given by the environmental Reward Function R(s, a), and
transitions to the next state s’ with a probability P(s’|s, a). This entailment of Rewards

and Transitional probabilities is often referred to as the one-step model of action a.

8255\
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Figure 2.1: An example of the subset of a decision network depicting a finite part of an
MDP

A policy 7(s,a) is defined as the probability with which the Agent executes action
a whenever it observes the state s. For any policy 7 and s € S, V" (s) denotes the

expected infinite-horizon discounted return from s given that the Agent uses policy 7:
V7(s) = Elryga,yrie + 7 ras + - sy = 5,7

where 7, 0 < v < 1, is a discount factor. V™ (s) is the value of the value function signi-
fying the value of state s under policy m, where V™ is the value function corresponding

to policy 7.



The goal for such discounted MDP setting is to find an optimal policy, i.e. 7*, that
maximizes the value of each state. The unique optimal value function corresponding to

this optimal policy is defined by V™.

Another perspective of looking at RL Algorithms is through their Action-Value
Functions — which assigns values to admissible state-action pairs. Given a policy T,
the value of (s,a), a € A, Q™(s,a) is the expected infinite-horizon discounted return

for executing action « in state s and thereafter following policy 7:
2
Q7 (s,a) = E[r1, Y72 + 7 143 + - |80 = 5,0, = a, 7]
Similar to Value Function, and optimal action-value function, (* exists and is assigned

to each admissible (s, a) pair.

Dynamic Programming methods exploit the fact that value functions satisfy Bell-

man Equations in the following manner:

Vi(s)=> (s, a)

acA

R(s,a) 4+~ Z P(s|s,a)V7™(s")

and
V*(s) = max
acA

R(s,a)+ 7 Z P(s|s,a)V*(s")

Analogous equations for Q™ and Q* exist:

Q' (5,) = R(s,0) +7 3 P(s'ls, ) max Q" (')

E)

In an MDP, only the sequential nature of decision process is relevant, not the amount
of time that passes between consecutive timesteps. A generalization of this can be seen
from the Semi-Markov Decision Process (SMDP) in which the amount of time between
one decision and the next is a random variable. If the random variable is real-valued,
then the SMDP models continuous systems, whereas with discrete integer-values, the

SMDP models discrete events systems.



2.2 Reinforcement Learning

Various techniques have been proposed for approximating Markov decision process
(MDP) solutions with less effort than required by conventional dynamic programming
(DP). However, reinforcement learning (RL) methods stand out due to their use of
stochastic approximation, and function approximation techniques. In Reinforcement
Learning, the agent can solve sequential decision-making problems by working in a
trial-and-error fashion. The optimal policy thus learnt, through repetitive interactions
with the environment, is the one that maximizes the expected cumulative reward over
time, by learning an optimal mapping between the states and valid set of permissible

actions. RL algorithms combine some or all of the following features:

* Computation is limited to states on or near multiple sample trajectories, real or
simulated, avoiding the exhaustive sweeps of DP. This approach can exploit situa-
tions where many states have low probabilities of occurrence in actual experience
since computation is guided along sample trajectories.

* The basic DP backup is simplified by sampling. Instead of generating and eval-
uating all possible immediate successors of a state, the effect of a backup is esti-
mated by sampling from the appropriate distribution.

* Function approximation methods, such as linear combinations of basis functions,
neural networks, or other methods, are used to represent value functions and/or
policies more compactly than lookup-table representations.

The agent’s policy doesn’t need high precision in states which are visited rarely.

2.2.1 Elements of Reinforcement Learning

( Agent
state reward action
St Ry Ay
iRi+1r
Zir1| Envi
‘ i+1| Environment |¢—

Figure 2.2: General framework for Agent-Environment interaction in a typical Rein-
forcement Learning problem.

Reinforcement Learning has the following crucial elements for its formulation (Sut-

ton and Barto|(2018)):



» Agent: The agent is the entity that interacts with the environment and takes ac-
tions based on its current state. The agent’s goal is to learn an optimal policy that
maps states to actions in a way that maximizes the expected cumulative reward
over time.

* Environment: The environment is the entity with which the agent interacts. It
provides the agent with feedback in the form of a reward signal for each action it
takes. The environment can be modeled as a Markov Decision Process (MDP),
where the agent’s actions influence the next state of the environment.

» State: The state is a representation of the environment at a particular time step.
It includes all relevant information about the environment that the agent can per-
ceive.

* Action: The action is the decision made by the agent at a particular time step
based on its current state. The action can influence the next state of the environ-
ment and the reward received by the agent.

* Reward: The reward is the feedback provided by the environment to the agent
for each action it takes. It is typically a scalar value that represents the desirability
of the outcome of the action taken according the current policy.

* Policy: The policy is a mapping from states to actions that determines the action
to be taken by the agent in each state. In easier terms, it can be thought of being
the strategy that the agent uses to choose actions. The goal of the agent is to learn
an optimal policy that maximizes the expected cumulative reward over time.

* Value function: The value function is a function that estimates the expected
cumulative reward of following a particular policy. The value function is used to
evaluate the quality of a policy and to guide the agent’s decision-making process.

Besides the above, there is also the notion of a “Model”. The model is the agent’s
abstract representation of the environment which aims to mimic the real world environ-
ment’s stochastic behaviour. The model may be imperfect or incomplete, which may
lead to errors in the learning process. The model of the environment is composed of
primarily two parts:

* State transition function (P): The state transition function is responsible for the
environment dynamics and predicts the next state s, which the environment tran-
sitions to after the agent takes an action a from its current state s. In other words,
the state transition function define how the environment evolves over time in re-

sponse to the agent’s actions. The transition dynamics can be deterministic or
stochastic, depending on the specific problem being addressed.

P(s,a,8") = P(sip1=5|s: = s, A = a)
* Reward function (R): The reward function maps each state and action pair to
a scalar value that represents the immediate feedback or reward that the agent

receives from the environment, upon transition from state s to state s’ upon taking

8



an action a. The reward function encodes the goal of the RL problem and provides
the agent with information about which actions are desirable and which are not.
The reward function can be designed in different ways, depending on the specific
problem being addressed.

R(s,a,s") = E[Ry|S; = s, A; = a, Sp11 = ]

Overall, the model of an environment in RL is a mathematical representation of the
system that the agent is trying to learn to operate in. It provides the agent with a set of

rules to follow and a feedback signal to guide its learning process.

These elements work together in a feedback loop to enable the agent to learn an
optimal policy through trial-and-error interactions with the environment. The agent
takes actions, receives feedback in the form of a reward signal, updates its estimate
of the value function, and adjusts its policy accordingly. The entire cycle of state —
action — reward represents a single time-step of the decision-making process. The
process continues for multiple such timesteps till it completes the desired objective.
Through this process, the agent learns to make decisions that maximize the expected

cumulative reward over time.

2.3 Overview of Intrinsic Motivations

2.3.1 From a Cognitive and Neuroscience perspective

Looking at the intrinsic motivation from a perspective of cognitive and neuroscience,
the concept and source of intrinsic goals in Humans is quite complex. Existing research
in cognitive sciences, however, provides some valuable insights. The foundational ideas
discussed in this section about the cognitive systems used by humans to form their fun-
damental knowledge are based on research in developmental psychology through the
works of |[Spelke and Kinzler (2007) and Lake et al.|(2017). Developmental psychology
suggests that humans across different cultures, including infants, children, and adults,
use certain cognitive systems and intuitive theories on numerical quantities to form
their fundamental knowledge — analogous to an agent’s observations and its respective
actions. Even the youngest of our species, i.e. newborns and infants, also seem to rep-

resent the visual world based on principles of cohesion, continuity and contact. Infants



can differentiate between sizes and distances and understand higher order numerical
relations. Toddlers typically use this knowledge to generate intrinsic goals during its
curiosity-driven activities. Questions starting with “What happens if ... 77, “Maybe if
I do this...”, etc. expand their knowledge space and help them learn hierarchical causal
relationships between events and how one event can lead to another one or affect some
other event. A clear notion about how infants represent the visual world and other

agent’s behaviour has revolved around the works of Woodward (1998)).

The successor representation is a concept that has been further investigated in Neu-
roscience. It involves representing a value function based on the expected future occu-
pancy of states, which can be useful for solving spatial navigation problems by iden-
tifying reasonable sub-goals. In a review paper, Botvinick et al.| (2009) provided an
extensive overview of hierarchical reinforcement learning, discussing its relevance to

cognitive and neuroscience research.

2.3.2 In the Context of Reinforcement Learning

In the context of reinforcement learning (RL), intrinsic goal-driven strategy refers to
a learning approach in which the agent is driven by internal or intrinsic goals rather
than external or extrinsic goals. This means that the agent learns to perform a task not
just because of the rewards that it receives from the environment, but because it has an

internal motivation to achieve certain goals or objectives.

The use of intrinsic goals can help to address some of the limitations of traditional
RL approaches, which rely heavily on external rewards to guide the learning process.
Intrinsic goals can encourage the agent to explore its environment and learn more effi-
ciently, even in cases where external rewards may be sparse or delayed. Additionally,
intrinsic goals can lead to more diverse and adaptive behavior, as the agent is not solely

focused on maximizing the external rewards.

There are different approaches to incorporating intrinsic goals into RL, such as
curiosity-driven exploration, self-supervised learning, and goal-conditioned reinforce-
ment learning. These approaches vary in terms of the specific goals or objectives that
the agent is encouraged to pursue, and the mechanisms by which these goals are incor-

porated into the learning process.
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2.4 Object Detection Framework

For the shaping of state space, and decomposition of input frames to corresponding
object we are using a popular state-of-the-art Object Detection model architecture called
YOLOV7 (You Only Look Once). The model is based on the original YOLO algorithm,
which is a single-stage detection method and is able to directly predict the bounding
boxes and class probabilities for each object in a given input image. The broader view
of the architecture of YOLOvV7 model consists of a backbone network, a neck network
and a head network. The backbone network is responsible for extracting features from
the input image, whereas the neck network is a small convolutional layer that is used to
combine the features extracted from the backbone network. The last and final network,
i.e. head network, is used to predict the bounding boxes and class probabilities for each

object in the image.

Backbone FPN Feature Pyramid

2
Head Concatenate

Conv 3x3
c2C

Head

filter size
in dim, out dim

| A X ¢
A

£ ST SEEE EREE :
H H ] ip. ! '
H I H H Conv 1x1 2 S5 HE / Cross H
i EE : :b_) 512,512, —bl canuABlnck I-*-bl Conv Block IT-’, E i : c |Enopy
i | convaxa | i} | convixl | I 1 i H / Loss '
' H o L le B il convasa | i} '
P G || cangl: | Upsample Block | Y RPN B _/ :
: H 1Cat Conv 1x1 g = it L1 Loss :
i ¢ Ei i i . c 512, 2564 Con\rABIock H Conv Block IT-).' : & E 4 :
! " N 1 i :
V) convixt | 4 el @ T 1 1| convixa | | _/ !
H " ' Block v I
! : HE 1 | - i :
H WGCy :E x2 ot p.t 25305) 't Objectness &
i i L Conv 1x1 E— 43! l v 1 loss  +
H H I HE] '
: ¢ EE ¢ _i : 256, 1284 : E : E _/ :
....................................................................................... PR K-y |
Conv Block  Upsample Block FPN Head YOLO loss

Figure 2.3: YOLO network architecture as depicted in Roboflow Blog.

The backbone network of the YOLOvV7 model is based on the CSPDarknet53 Archi-
tecture, which is a mixed variant of WongKinYiu’s Cross Stage Partial networks (CSPs)
and Alexey Bochkovskiy’s Darknet framework on real-time object detection. The op-
timized implementation of the backbone network, at its current iteration, consists of a
series of convolutional layers, followed by a set of shortcut connections. The short-
cut connections are used to skip over some of the convolutional layers, which helps to

reduce computational cost of the model.
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2.4.1 YOLOV7-tiny

A full-fledged YOLOV7 architecture is still too computationally heavy in terms of run-
time inference performance in the context of using it in RL where typically training
is done in the order of Millions of timesteps. To combat this issue, we are using a
scaled down version of YOLOV7, called “YOLOv7-tiny”. The backbone in this case
is a YOLOvV7-tiny backbone, which consists of a series of convolutional layers with
varying numbers of channels, kernel sizes, and stride sizes. The backbone has four
levels of feature maps, each with a different spatial resolution. The head takes the fea-
tures generated by the backbone and uses them to predict the bounding boxes, class
probabilities, and objectness scores. The head is composed of a series of convolutional
layers, followed by spatial pooling layers, and then concatenated together. The result-
ing features are passed through a few more convolutional layers before finally being
used to generate the object detection predictions. Compared to the other versions, the
edge-optimized YOLOvV7-tiny uses Leaky-ReLLU as the activation function, while other
models use SiL.U as the activation function. YOLOv7-tiny can effectively reduce about
40% of the total parameters and 50% computation of state-of-the-art real-time object
detections, and achieve faster inference speed and higher detection accuracy. All YOLO
architectures, including this one, need to conduct a post-processing of bounding boxes

via non-maximum supression (NMS) to arrive at its final prediction.

2.5 An Overview of RL Algorithms Used

2.5.1 DOQN

The Deep Q Network (or DQN) is an RL Algorithm proposed by [Mnih ez al.| (2015)
from DeepMind and was the first successful attempt to combine reinforcement learning
with deep neural networks. The basic idea behind DQN is to use a neural network to
approximate the Q-function, which is used to determine the optimal action to take in a
given state. The Q-function maps a state-action pair to the expected total reward that

can be obtained by taking that action in that state and then following the optimal policy.

The vanilla DQN Algorithm has several key components:

* Replay Buffer: It is used to store experience tuples (s,a,r,s’) that the agent

12



encounters during training. The replay buffer allows the agent to learn from past
experiences and helps to decorrelate the data which can improve learning stability.

* The Target Network: While in the training phase, the Q-network is updated
using the Bellman equation, which involves taking the maximum expected reward
over all possible actions in the next state. But the Q-Network is also used to
take actions during training, which can lead to instability in the learning process.
Thus, the target network is used to generate the target values for the Q-Learning
updates. The target network is actually a copy of the main network, updated
periodically — either by copying the current Q-Network directly (Hard update)
or using Polyak update or soft copying the current Q-Network.

* ¢-Greedy Exploration: During the training phase, the agent employs an e-greedy
policy to select its actions. This policy involves choosing the action with the high-
est Q-value with a probability of (1 — ¢), and selecting a random action with a
probability of . This ensures that the agent explores the state space and learns
about the optimal policy.

However, there are some limitations to the DQN algorithm. One limitation is that it
can be slow to converge and may require a large amount of data to learn a good policy.
It can be very sensitive to certain set of hyperparameters, such as the learning rate and
the mini-batch size. Finally, the DQN algorithm can struggle with tasks that require
long-term planning, as it only considers the immediate reward and does not take into

account the future rewards that may be obtained by taking a particular action.

2.5.2 DDQN

Similar to DQN, Double DQN uses two identical neural network models. One of them
learns during the experience replay, similar to DQN. While the other one is a copy of
the last ¢ episodes of the first model. The Q-values are actually computed from this
lagging model, inorder to reduce the overestimation bias. In DQN, the Q-values are
calculated with the reward added to the next state’s maximum Q-value. Naturally, if
every time the Q-value calculates a higher number for a certain state, the value for that
specific state will become disproportionately higher. This can lead to overestimation
of Q-values, especially for actions that have been selected more frequently in the past.
Thus in Double DQN, the Q-values are calculated using the main network, but the
action selection is based on the Q-values calculated using the second network. This
reduces the overestimation of Q-values, as the secondary network is less likely to be

biased towards frequently selected actions. Theoretically, and practically, the Double
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DQN algorithm can be more accurate in determining the optimal action for a given

state.

2.6 An Overview of Object-Oriented MDPs

The initial motivation for focusing on Objects to facilitate the RL Agent’s decision tak-
ing process, has been provoked through the works of Diuk et al.| (2008) in 2008. The
authors’ initial motivation behind their work emerged with the intention to solve the
problem with traditional MDP framework that it is limited in its ability to represent
complex real-world problems, as it assumes a fixed set of variables and actions that
may not be relevant or informative for the given problem. They introduced Object-
Oriented MPDs a representation based on objects and their interactions, which is a
natural way of modeling environments and offers important generalization opportuni-
ties. Their implementation methodology focused on starting from attributes that can
be directly perceived by the Agent, rather than attributes introduced by the designer.
The state in this approach is represented as a collection of objects, each of which has
a set of attributes and methods that define its behaviour and interactions with other
objects. Similar to the work on Relational MDPs, |Guestrin et al.| (2003) they have
also defined a set of classes C = {C, (s, ..., C.}, with each class includes attributes,
Attr(C) = {C.a1,C.ay,...,C.a,}, and each attribute has a domain Dom(C.a). Any
particular environment contains a set of objects, O = {01, 09,...,0,}, Where each ob-
ject can be mapped to a certain class — in other words, each object is an instance of
one class: o € C;. The state of the underlying MDP is the union of the states of all
its objects: s = Uj_,0;.state, where o.state is a value assignment to all the attributes
for that specific object. When two objects interact in some way, they define a relation
between them — a change in value of one or multiple attributes in either or both inter-
acting objects, determines an effect. This behaviour can be interpreted in a class-level,
i.e. multiple objects belonging to the same class behave in the same way when interact-
ing with other objects (or even the Agent). Actions are also defined as methods that can
be applied to the objects, resulting in changes to their attributes and the environmen-
tal state. Different domains require different relations, which depend on the transition
dynamics of the environment. In their work, they have used a Boolean Relational Func-

tion, as per the complexity of their hypothetical testing environment, Taxi Domain.
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By incorporating an object-oriented perspective, the framework is able to capture more
reined and complex relationships between objects and actions, leading to more effective
and efficient decision-making in a wide range of real-world applications.

Hence, one can get a vivid perception on how to represent multiple objects, from a given

environment, that may or may not belong to the same class.

The concept of learning functions that operate on sets of variable-sized inputs has
been explored in the novel work by Zaheer et al. (2017)), namely, Deep Sets. Their
approach provides an unique insight into solving problems that deal with variable-sized
inputs, where the objective functions remain invariant to permutations. The authors
presents a family of functions that characterize such permutation-invariant functions,
which can be used to design deep network architectures that operate on sets. Unlike
typical Machine Learning Algorithms, such as regression or classification, which are
designed for fixed-dimensional data instances, their proposed approach handles inputs
or outputs that are permutation invariant sets or variable dimensions. A standard prob-
lem of similarity search and metric learning of Unsupervised Learning could be of valu-
able importance in the work of discussion. The authors of Deep Sets paper have pro-
posed fundamental architectures to handle “sets” as inputs and allowing conditioning
on arbitrary objects. Specifically, the authors propose a deep neural network architec-
ture that consists of two stages: an encoding stage that maps each element in the input
set to a fixed-size embedding, and an aggregation stage that combines the embeddings
into a single output. The idea is to design the encoding stage as a traditional neural net-
work architecture, such as LNN or CNN, that maps each input element to a fixed-size
embedding, while the aggregation stage is implemented using a permutation-invariant
function, such as the mean or max pooling functions, that combine embeddings into a

single output.

According to their work, each instance (or object) x,, is transformed into some
representation ¢(x,,). These representations ¢(z,,) are then added up and the output is
processed using a p network, similar to any deep network. In case any additional meta-
information z is available, then the above mentioned networks could be conditioned to
obtain a conditional mapping ¢(x,,|z) — In other words, adding all representations and

applying some non-linear transformation.

Equivariant Model: The Equivariant model proposes a neural network layer, de-

noted by fg (), to be permutation equivariant during training. This is true when all off-

15



diagonal elements of # are tied together and all diagonal elements are equal, such that
© = A + ~(117) for A,y € R. The layer applies a non-linear function to a weighted
combination of its input (Ix) and the sum of input values (117)x. Since, summation
does not depend on permutation, thus the layer is permutation-equivariant. The au-
thors also implemented a variation of this approach that utilizes maxpooling over the

elements of the set, which is commutative in nature.
f(x) = o(AIx + v maxpool(z)1)

According to their demonstrations, this variation performs better in certain applica-
tions — possibly due to the fact that for v = ), the input to the non-linearity is max-

normalized.

Samothrakis et al.| (2015) through their novel work proposed an approach for devel-
oping agents that can play a wide range of video games. Their work employs a fixed set
of general features, i.e., distance to the nearest enemy, number of tokens collected and
so on, to encapsulate the current game-state. The approach proposed in the paper com-
bines two techniques: neuroevolution and novelty search. They first compare different
policies (e-greedy and Softmax) and function approximators using their evolutionary
algorithm S-NES as a learning scheme. Neuroevolution involves using evolutionary
algorithms to evolve the structure and weights of neural networks, while novelty search
involves searching for novel behaviors that may not necessarily be rewarded by a spe-
cific task. As mentioned in their paper, initially they planned that the Agent will learn
how to maximize the score in 10 different games, without any domain specific heuristic
— But failed to accomplish (partially) for environments requiring long-term planning.
The lack of a learning signal in their approach proved fatal on the long run for their
agent on environments with long-term planning or requiring substantial amount of ex-
ploration to begin with. They note that their approach may be particularly effective for
games that have no clear objective or reward structure, as novelty search is able to find
behaviors that are not explicitly rewarded. While this approach often works well, those
general features have to be handcrafted, which is laborious and requires human exper-
tise. This pattern of approach is relatively game-specific and could not be applied for

the context of General Video Gameplay Al.

Malinowski et al. (2018) proposed a novel approach for Visual Question Answering

(VQA) which incorporates a hard attention mechanism. This approach achieves highly
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competitive performance on a VQA dataset and even surpasses soft attention architec-
tures in some cases. The hard attention mechanism selects a subset of information for
further processing, focusing computation on important parts of the input. Malinowski
et al. were inspired by attention mechanisms in biological perception, which select
subsets of perceptual information for more sophisticated processing, which would be
prohibitively expensive to perform on all sensory inputs. However, hard attention-based
networks have a key downside within a gradient-based learning framework: the choice
of which information to process is discrete and non-differentiable. As a result, gradi-
ents cannot be backpropagated into the selection mechanism to support gradient-based

optimization.

To address this challenge, they incorporated L2-norms of feature vectors into their
hard attention mechanism to select subsets of information for further processing. In the
first version of their approach, a fixed number of feature vectors is selected in descend-
ing order of norms, while in the second version, the number of feature vectors selected
depends on the input. This approach allows for the generation of hard attention masks

that can contain semantically meaningful information, such as coherent objects.

Malinowski et al. encoded images using a CNN (ResNet-101) and questions using
an LSTM to obtain fixed-length vector representations. After a few layers of combined
processing, attention over spatial locations was applied, similar to what soft attention
mechanisms do, followed by Sum-Pooling or Max-Pooling. The authors assumed that
important outputs of the CNN would tend to grow in norm and thus are likely to be

selected.

The main contribution of this work is the incorporation of hard attention mecha-
nisms into VQA, which improves the accuracy and efficiency of learning by focusing
computation on important parts of the input. The use of L2-norms of feature vectors
is an innovative solution to the non-differentiability challenge posed by hard attention
mechanisms. Furthermore, the generation of hard attention masks that contain seman-
tically meaningful information is an exciting development that could be useful in other

applications beyond VQA.

One limitation of this approach is the reliance on fixed-length vector representations
for both images and questions, which may not capture all the necessary information.

Additionally, while the hard attention mechanism improves efficiency and accuracy, it
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may not be as interpretable as soft attention mechanisms. Another limitation is the
use of only one type of attention mechanism, whereas a combination of hard and soft

attention mechanisms may yield even better results.

In conclusion, the incorporation of hard attention mechanisms into VQA by Ma-
linowski et al. is a novel and exciting development that improves the accuracy and
efficiency of learning by focusing computation on important parts of the input. The use
of L2-norms of feature vectors is an innovative solution to the non-differentiability chal-
lenge posed by hard attention mechanisms. However, the approach also has limitations,
such as the reliance on fixed-length vector representations and the lack of interpretabil-
ity of hard attention mechanisms. Further research could explore the combination of

hard and soft attention mechanisms to improve results even further.

In the context of hierarchical RL, |Goel and Huber (2003) discuss a framework for
subgoal discovery using the structural aspects of a learned policy model. The authors
argue that traditional approaches to subgoal discovery often require a large amount of
prior knowledge or manual intervention, and that learning subgoals from scratch could
be more effective. Their approach involves using a set of learned policies to discover
subgoals that can be used in an HRL framework. The policies that are learned using
unsupervised learning techniques are used to cluster similar states together. The result-
ing clusters are then used as subgoals in an HRL framework. The authors reduce the
requirement for manual intervention or prior knowledge by employing unsupervised
learning approaches to uncover subgoals, resulting in increased performance on bench-
mark tasks. Overall, Goel and Huber’s research demonstrates a viable approach for

subgoal identification in HRL utilising learnt policies.

Simsek et al.| (2005) provide a graph partitioning approach aimed towards subgoal
identification. Their approach involves constructing a graph representation of the prob-
lem space, where nodes represent states and edges represent transitions between states.
Afterwards, the graph is partitioned into clusters using a local graph partitioning algo-
rithm, which identifies sets of states that are tightly connected to each other but weakly
connected to the other parts of the graph. These clusters are then used as subgoals in
the RL Framework. The authors also examine the features of the subgoals identified
by their method. They discover that the subgoals are frequently positioned near obsta-

cles or other factors that are necessary for successful task completion in areas with high
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state density. This strategy of incorporating graph partitioning for subgoal identification

could be beneficial in the our problem statement.

The context of Graphs brings us to the work by Mylavarapu et al. (2020b.a), where
the authors have presented a novel Multi-Relational Graph Convolutional Network
(MRGCN) based framework. The input to the MRGCN is a multi-relational graph
where the graph’s nodes denote the active and passive agents/objects in the scene, and
the bidirectional edges that connect every pair of nodes are encodings of their Spatio-
temporal relations. Now, they use this strategy for a different problem statement, i.e.
Vehicle Behaviour Classification Task. The proposed Interaction graph, models dif-
ferent agents and objects in the scene as nodes of a graph. This graph captures the
spatio-temporal evolution of relations between all-pair of objects in the scene with ap-
propriate bi-directional asymmetric edges. For the extraction of only active objects of
interest, behavioural relations between the nodes have been used to denote the overall
behaviour of the Agent. This in turn provides us with an encoding from a sequence
of single-camera observations using straight forward projective geometry techniques.
The viability of an additional Neural Attention Component has also been addressed by
the authors, which can boost the MRGCN’s performance further to perfect predictions.
As indicated, this is one of the takeaways from their work which could potentially be

beneficial in the context of Object/Goal/Subgoal Prioritization.

2.7 Related Works

Kulkarni et al.| (2016)), came up with Hierarchical Deep Reinforcement Learning , which
primarily follows the principle of hierarchy consisting of a top-level value function
which learns a policy over intrinsic goals, and a lower-level function learns a policy over
atomic actions with intrinsic rewards to satisfy the given goal. It allows flexible goal
specifications, efficient space for exploration in complicated environments. Similar to
their demonstrations, our environment setting also provides delayed or sparse rewards.
A probable solution as mentioned by the authors (of this work), was to first learn ways
to achieve intrinsically generated goals and subsequently learn an optimal policy to
chain them together. Each value function V (s, ¢) can be used to generate a policy that

terminates when the agent reaches the (sub)goal state g. The collection of these policies
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can be hierarchically arranged with temporal dynamics for the case of semi-Markov
Decision Processes. For higher dimensional problems, the authors have mentioned that
these Value Function can be approximated by Neural Networks in the form V' (s, g; 0)
as per their implementation goes, their model consists of two modules — (i) The meta-
controller, which takes the state as input and picks a (sub)goal, (ii) The lower-level
controller, which takes both state and chosen goal by the meta-controller and selects
action until that goal is optimally reached or the episode is terminated. This cycle
goes on between meta-controller and controller till a desired optimal policy is learned
by both. For the controller, the following Q-value Function has been utilized by the

authors:

QT(S7 a7g) = ma’XE[Z f)/tlitrust =Ss,ay = a, g = ¢, 7T-CLg}
ag

t'=t

= I%%XE[H + ’YICTLlaXQT(StH,atH;g)‘St =S a;=a,gt = 9>7Tag]
t+1

where, g is the agent’s (sub)goal in state s and 7,, = P(als, g) is the action policy.
Similarly, for the meta-controller, we have:

t+N

Qs(s,9) = maxE[Y _ f{ +ymaxQi(sen, o')lse = 5,90 = 9,7
t'=t

where, N denotes the number of time steps until the controller halts given the cur-
rent goal, ¢’ is the agent’s goal in state s,y , and m, = P(g|s) is the policy over
goals. The transitions (¢, g¢, f;, S¢+n) generated by () run at a slower time-scale, than
the transitions (s, a, gi, rt, St4+1) generated by 1. Regarding the Model architecture,
for Montezuma’s Revenge, they have used stacked convolutional layers with rectified
linear units (ReLU). The input to their meta-controller was a set of four consecutive
images of 84 x 84. A binary mask is appended over the images and this augmented
input is passed to the lower-level controller. Two experience replay buffers D, and D,
were set up. In the two-phased training procedure — the first phase is basically a fully
exploratory step with e of the meta-controller set to 1 and only the controller is trained
on actions, whereas, in the second phase jointly both the meta-controller and controller
are trained. Upon keen observation of how their agent learns, it has been observed that
the agent first learns to properly reach smaller goals like Ladder, avoiding skull,

etc. but only at a later stage, it learns to properly reach ‘harder’ goals.
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The authors don’t speak openly regarding whether any strategies related to automati-
cally dientanglement of objects from the given raw pixels were applied or not. Their
work surely motivates other works of similar stature which could focus on a general

purpose approach apart from being domain/env specific.

The ability to perceive and represent visual sensory data into useful and concise
descriptions is considered a fundamental cognitive capability in humans, and thus cru-
cial for building intelligent agents. Thus the ability to capture latent generative factors
of an environment, is crucial for building intelligent agents that can perform a wide
variety of tasks. Learning such representations without supervision from rewards is a
challenging open problem. The method introduced by Anand et al. Anand ez al.| (2020)
tries to tackle this problem by learning state representations by maximizing mutual in-
formation across spatially and temporally distinct features of a neural encoder of the
observations. Their representation primarily focused on high-level semantics and ig-
nored the low-level details (such as precise texture of the background). Prior work in
the field of neurosciences suggested that the brain maximizes predictive information
Bialek and Tishby (1999) at an abstract level to avoid sensory overload. Thus their
proposed representation learning approach relies on maximizing an estimate based on
a lower bound on the mutual information over consecutive observations z; and x;,1.
Evaluation of such representations are done based on how well they capture the ground
truth state variables.

The proposed Spatio-Temporal DeepInfoMax (ST-DIM) architecture consists of two

different Mutual Information Objectives:

¢ Local-Local Infomax

_ S exp( frmn (e, Teg1))
E[;g = Z Z — 10g

m=1 n=1 Zm:exnﬁzt exp(fm,n(wtymt*))

here, the score function of the Local-Local Objective is f, , and can be defined
as

fm,n(il?t, xtﬂ) = ¢m,n($t)TVVl¢m,n(5€t+1)

* Global-Local Infomax The global-local objective in the given below equation
maximizes the mutual information between the full observation at time ¢ with
small patches of the observation at time ¢ + 1.

Lo — A eXp(gm,n(l"t;ﬂftﬂ))
GrL = Z Z —log

Zx;‘ €Xnewt exp(gm,n (xh ‘(Et*))

m=1 n=1
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The score function for Global-Local Objective g,, ,, can be defined as

gm,n(%, fL‘t+1) = ¢($t)TWg¢m,n($t+1)

and ¢, ,, is the local feature vector produced by the intermediate layer in ¢ at the
(m, n) spatial location.

where, X = {(x,z¢1);}2, be a minibatch of consecutive observations that are
randomly sampled from several collected episodes. X,,..,; = X[, 1] correspond to the
set of next observations. In this context, the positive samples correspond to pairs of
consecutive observations (x;, z;,1) and negative samples correspond to pairs of non-
consecutive observations (x;, 7. ), where x, is a randomly sampled observation from
the same minibatch. Their model was able to successfully categorize state variables
of all the tested games among six major categories: agent localization, small object

localization, other localization, score/clock/lives/display and miscellaneous.

So far their work has been a gold mine in creating a model of the representation as

part of my proposed work.
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CHAPTER 3

Methodology

To address the limitations of existing Reinforcement Learning strategies with large
state-spaces, we propose a streamlined framework that uses an Object Detection model,
which acts as a wrapper for generating embeddings for the state space. Generally, the
state space for not-so-trivial Atari 2600 games is actually the frame for that particu-
lar game-state, which is interpreted in the form of continuous states. We have used a
state-of-the-art object detection network, called YOLOvV7, and supervisedly trained it
beforehand to detect the bounding boxes for our objects of interest in a particular frame

of the game-state.

3.1 Environment Description

3.1.1 Montezuma’s Revenge

The first game environment in which we tried on is one of the hardest Atari game,
namely Montezuma’s Revenge. In this game environment, your Agent plays as a trea-
sure hunter named Panama Joe, whose goal is to find an ancient treasure hidden by

Aztec warrior deep inside the catacombs. The catacombs are inhabited by monsters

Figure 3.1: Montezuma’s Revenge



and is a network of rooms, forming a large maze. Your character/agent can perform
basic movement actions like jump, climb ladders, but lacks skills in 1v1 combat. Thus
the monsters in the game should be avoided at all cost — a collision with an enemy
would result in the loss of a game life. The Atari 2600 version has 24 rooms, but for

our research we are limiting it to the first room itself.

It is harder to solve for RL Agents in general because of the fact that there is no
notion of reward at every timestep. The first level (first room) of this environment
has an objective of opening any of the doors, which would ideally allow the Agent to
transition to other rooms. But to unlock the doors, you would need a “Key”. Reaching
the Key is not as simple as it seems to be. There are some obstacles in its path and
complex platforms to traverse to finally reach the Key. There is a Skull type enemy or
the Key Monster, interacting with which would result in immediate death of the player
and a negative reward as the death penalty. Specialty of Montezuma’s Revenge is that
the rewards are only received from the environment after completion of the episode or
end of Horizon or death of the Agent. Adding more complexity to the problem is the
environment’s stochasticity due to the presence of an enemy (skull) whose initial start
state is pseudo-randomly initiated by the environment. Thus the initial state is also not
fixed if one chooses to use the raw image frames as state space representations for their

RL Agents.

3.1.2 Super Mario Bros.

Super Mario Bros. is a video game made by Nintendo in 1985. At this point of time,
typically everyone is already familiar with what Super Mario Bros. is and how it is
played. Super Mario Bros is a fairly straightforward linear game with the primary

objective being reaching the rightmost flag at the end of the level as fast as possible.

Mario must jump, run, walk across the level while avoiding enemies and platforms
and holes on its way there. Jumping on the top of enemies eliminates them, while jump-
ing onto a block of interest results in gaining extra reward, in the form of coins, or new
mushroom pops up which can potentially give Mario “power-ups”. A Red Mushroom
will make Mario bigger, which in turn would make Mario smaller if he hits an enemy

but not kill him. When Mario is in his larger form and strikes a question block with a
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Figure 3.2: Super Mario Bros.

power-up, a fire blossom is released, granting him the ability to fling fireballs and elim-
inate his enemies. If he is hit by an enemy while in his Fire Mario form, he will revert
to his normal size. Each world is divided into four levels. Some levels are underground
and others are underwater. When Mario is underwater, he cannot jump on any enemy
and he will shrink or die if he touches one. But for our experiments we are limiting

Mario to only Level 1.

3.2 Agent Architecture

3.2.1 Pipeline Overview
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Figure 3.3: Overview of the Proposed Architecture.

Our proposed architecture contains a three layer architecture — (a) Meta-Controller,

(b) Critic, and (c) Controller. It follows the following process pipeline:

* The Agent steps through the environment with some initial random action based
on the randomly initiated policy.
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* The observation or next state (s;;1) gets passed through the Object Detection
Model (or the Meta-Controller) and gets transformed to a compressed and con-
sistent uniform representation consisting of the coordinates of objects present in
the original frame.

* The Meta-controller chooses one of the object as a sub-goal (g;), based on its own
policy (7,) and fixes it for “/A”" number of episodes.

* This transformed next state (s;,,) and subgoal (g;) gets passed to our RL agent,
i.e. the Critic-Controller part of the architecture, as its next observed game state.

* The rewards given by the actual environment are normalized and then shaped as
per each environment’s specific requirement.

* The critic gives intrinsic rewards to the agent to converge to an optimal policy to
reach the subgoal chosen by the Meta-Controller.

* The Agent takes decision based on this transformed state and shaped rewards
which it receives after each transition to the next state, and accordingly learns to
solve the environment eventually.

3.2.2 Observation Preprocessing

Our initial attempts of just using one frame didn’t yield satisfiable results, as just one
frame was not providing seemingly enough information for the RL agent to get a notion
of transitions. Moreover while processing some frames it has been noticed that the
in some games a significant amount of “flickering” is noticed — where some objects
appear only in even frames while the other objects appear only in odd frames. These
anomalies are the result of limited computational capability of Atari 2600 system’s
display capabilities. As a solution to the aforementioned issue, was to stack multiple
frames one on top of the other and then taking the max of each pixel value among the
stacked frames. Since from one frame to the other there is a very minimal change, using
this strategy doesn’t result in corruption or misinterpretation of actual state space. The
number of frames to stack is considered a hyperparameter and needs to be tweaked. In
our experiments, we have stacked 4 frames back-to-back and taken the max of them as

described by Mnih etz al. (2015) in their implementation.

3.2.3 Primary Architecture

Our work proposes an architecture which consists of three parts (broadly), except the

environment:
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¢ Meta-Controller
¢ Critic

¢ Controller

As per the processing pipeline, each frame of the game state after going through
some common transformations (discussed in the following subsection), gets decom-
posed by the Object Detection Wrapper into a compressed representation of
the state space containing sufficient information for the RL algorithm to learn. The
Controller or Actor part, on its own doesn’t get any beneficial feedback from the en-
vironment since the environments we are dealing with have very sparse rewards. The
Agent will get environmental rewards, only after completion of the entire episode. The
Meta-Controller, according to our design, chooses a suitable subgoal based on the de-
tected objects on the frame and sends an intrinsic reward signal at each timestep to the
Agent or controller. The intrinsic reward metric used here is basically the L2-Norm
between the agent and the chosen subgoal. The goal of the Controller is then to reach
that subgoal or detected object. Once this is fulfilled, the control is handed back to the
Meta-controller. The Meta-Controller then chooses another subgoal or object to reach
from that state where the previous subgoal terminated. As an implementation quirk, we
have limited the horizon for reaching a specific subgoal to be at most 1000 timesteps,
after which the control goes back to the meta-controller which selects the next subgoal
regardless of the termination of existing subgoal. The loop repeats till the both the

Meta-controller and the Controller (Agent) converges to an optimal policy.
In other words,

* Let O: be the given set of objects, decomposed from the given frame.

 Given a state s;, the Meta-Controller chooses a subgoal o; Vi € O according to
its own policy 7,.

* The controller assumes this chosen subgoal (0) to be its goal and gets intrinsic
rewards in order to reach this subgoal (0).

* When the agent reaches the goal, the Meta-Controller chooses another subgoal
from O, and the loop repeats.

* The Meta-Controller has no prior notion of whether the chosen subgoal is the
actual goal or not. It will choose subgoals depending upon its own policy (7).
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3.2.4 Implementational Maneuvers

Taking inspiration from a plethora of works which have been done earlier on Atari 2600
environments or NES environments, we have also implemented similar strategies in our
work in the implementation part.

e One of the notable strategies is the “Frameskipping” strategy:

* Generally when an action is performed, the animation corresponding to that par-
ticular action is played by the environment. Moreover, each action results in very
insignificant changes in most games — ideally you would need to repeat the same
action for multiple timesteps to see actual visible changes. For e.g. there is a plat-
form, or stairs or ladder to climb, performing one up/down/right/left action won’t
make the transition of the agent from the platform/stairs/ladder to some other
platform. At least one needs to repeat the same action multiple times to traverse
that specific region of the environment.

* So to reduce the computational expense of taking a decision every timestep, we
are making the agent take decisions every k' timestep.

* Running only the emulator for consecutive steps requires negligible resources,
compared to having the agent select unnecessary actions at each timestep.

* More precisely, when the agent sees a state and selects an action to perform, that
action is performed for the next k£ frames and then the next frame is passed back
through the processing pipeline back to the Agent as its next state (s;+1)

* This strategy allows effectively play k times more timesteps without significantly
loosing information nor increasing runtime duration.

e Another notable changes made by us is reducing the action space.

* The original Atari 2600 controller had 18 permissible actions, and NES _py sim-
ulator had 12 actions for all supported games.

* But in practice all the actions are not necessarily important for all environment.

* So for our environments, we reduced our permissible set of actions to —
— For Montezuma’s Revenge: the action space has been reduced to 7
[FIRE, UP, RIGHT, LEFT, DOWN, UPRIGHTFIRE,
UPLEFTFIRE].

— For Super Mario Bros: the action space has been reduced to 5
[["NOOP’"], I['RIGHT’'], ['RIGHT', "A'],
["RIGHT’, ’'B’], ['RIGHT’, 'A’, 'B']].

¢ In the Montezuma’s Revenge environment the start state is not unique across different

runs due to random initial position of the enemy.

* For that reason we have incorporated the NOOP Reset Environment strategy.
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* The idea behind this strategy is to sample initial states by taking random number
of no-ops on reset.

* A No-op action is assumed to be the action 0, which is a standard for Atari and
NES games.

e In Super Mario Bros, the position of the enemies are randomly initiated by the game
environment. Intentionally this has not been fixed, to induce some sort of generaliz-
ability and making the RL Agent resilient towards runtime stochastic behaviours of the

environment.

e In the experimentation phase, it has been noticed that there has been some ambiguity
noticed in the order in which these optimization strategies are applied. The order in
which these strategies applied matters significantly while implementing them. Here is

a probable order in which we applied the strategies which we mentioned earlier:

Shape Action Space.

Clip Environmental Reward.

Limit Horizon.

Noop reset.

Max of n-frames.

Frameskipping.

Our proposed wrapper.
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CHAPTER 4

Results and Discussion

This section includes a study of the observations and efficacy of our proposed method-

ology and analyze the different design choices proposed.

4.1 Analysis in Montezuma’s Revenge Environment

Our first environment on which we intended to test our strategy was the famous

Montezuma’s Revenge. As per our model architecture, the agent was receiving intrinsic
rewards at each timestep based on the Meta-Critic’s policy. Through this strategy, the
agent was able to learn to reach two of the four designated objects of interests. But
miserably failed to reach any of the other objects with utmost certainty. Upon testing
on other environments, it can be concluded that it is highly possible that target to reach
was still very sparse for the agent to learn the optimal policy to reach that subgoal.
The environment is not solvable as of writing this paper, within feasible limits, through
regular RL algorithms — regardless of whether we apply our strategy on top of it or

not.

4.2 Analysis in Super Mario Bros Environment

The second environment on which we tested our proposed methodology depicted that
our shaping of the state space has negligible negative impact on how the agent learns
to traverse the environment. In our experiments, we tested with both DQN and DDQN.
Both of them were able to solve the environment’s level-1 without any special changes
to hyperparameters. Reward shaping played an important role in ensuring faster con-

vergence to an optimal policy.

Upon applying our custom state space wrapper, the agent initially failed to cross

over basic obstacles, as sufficient information regarding obstacles was not provided to
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Figure 4.1: Comparison of Mean of reward per timestep. (a) The benchmark without
our strategy. (b) With our strategy.

it. After successive exploratory steps, the agent started to learn the optimal policy even-
tually to reach the green flag and finish the level. With our compressed representation,
the agent learnt to interact with boxes of interest regardless of the global objective, in
order to maximize the cumulative reward received. At another phase of testing, the in-
trinsic rewards for Super Mario Bros was shaped in coordination with few other factors

to ensure faster convergence.

Reward Function:

The new environmental reward function assumes the objective of the game is to move
as far right as possible (increase the agent’s X-value), as fast as possible, without dying.
To model this, three separate variables compose the reward:

* v: the difference in agent X-coordinate values between states, gives the instanta-
neous velocity for the given step

V==T1 — X9

where, z 1s the z-position before the step and x; is the z-position after the step.
Thus summarising:

v >0 moving right
v=4qv<0 moving left

0 not moving

* c: The difference in the game clock between frames, this penalty prevents the

31



agent from standing still
C=Cy— C

where ¢j and ¢, is the clock reading before and after the step, respectively.

¢ =0 no clock tick
C =
c <0 clock tick

* d: The death penalty that penalizes the agent for dying in a state
_Jd=0 alive
~|d=-15 dead

Finally the environmental reward is calculated of the form:

r=v+c+d
\MNMVNWWM A JJ\W/N/\ W \M j; % KWWm ;WF W A W
M | RJ il ¥
A R
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(a) Comparison of Mean episadic length ) Without our strategy (i) With our strategy Loss Function () Without

Figure 4.2: Comparison with and without our strategy applied.
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CHAPTER 5

Conclusion and Future Work

In this work, we proposed a new way of approaching state-space shaping by incorporat-
ing object detection strategies. Use of the transformed representations, our work shows
that Deep RL strategies can work with as minimal information as possible as long as its
sufficient and unique for each state. Our method matches performance close to meth-
ods that rely solely on raw pixel obsevations. Furthermore, our method has the scope
of generalizability across different levels or variations of the game environments, given

that the transition dynamics and objects don’t change.

Although our approach showed promising results, there are still several avenues for
future research. One possible direction is to investigate the impact of different object
detection strategies on the performance of the proposed method. Switching to alter-
native object detection approaches could have detrimental effects or may infact help
improve over our existing strategy. Additionally, our method’s success in video game
environments highlights its potential applicability in other domains, such as robotics or
autonomous driving. Future research could explore the method’s generalization across

different domains and environments.

Finally, an important avenue for future research is to investigate the interpretability
and explainability of our approach. Understanding how our method makes decisions
and what features it uses to shape the state space could help us gain insights into the
behavior and limitations of the algorithm. This could also lead to more transparent and

trustworthy Al systems, which are increasingly important in real-world applications.

In conclusion, our proposed approach for state space shaping incorporating object
detection strategies and HRL with Deep RL shows great potential for solving challeng-
ing video game environments and could be applied in various other domains. We hope
that this work inspires further research in this area and contributes to the development

of more robust and efficient autonomous systems.
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