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Abstract

Reinforcement learning (RL) methods can achieve performance superior to humans in

a wide range of complex tasks and uncertain environments, ranging from video game

playing based on incomplete pixel observations, robotics control, autonomous driving,

chip placement for PCB, and even discovery of faster computational algorithms. RL

can thus be considered a promising avenue for the automation of critical tasks that occur

in various industries and modern society. This is due to the relatively higher generality

of RL methods akin to that of animals and humans, which require a relatively lower

amount of supervision and domain knowledge to solve a given task when compared to

classical automation methods.

Nevertheless, high performance is not always the sole focus when considering

the practical application of RL methods in a societal context such as game AI

or autonomous driving. Namely, a greedily performing agent can frustrate and

inconvenience surrounding human users that interact with such agent, lead to physical

damages, or material losses in more extreme cases. This fact makes the case for the

need for more human-like agents. While imitation learning methods can reproduce

the behavior of a human expert and build a human-like agent, its performance is

limited to that of the expert. This thesis first presents a training scheme to construct



a human-like and efficient agent by mixing reinforcement and imitation learning for

discrete and continuous action space problems. The proposed hybrid agent achieves

higher performance than a strict imitation learning agent and exhibits more human-like

behavior in the context of video game playing.

In contrast to current RL methods, the ability of humans to efficiently understand

and learn to solve complex tasks with relatively limited data is attributed to our

hierarchically organized decision-making process. Meanwhile, sample efficiency is yet

another long-standing challenge for RL agents, especially in long-horizon, sequential

decision-making tasks with sparse and delayed rewards. Hierarchical reinforcement

learning (HRL) augments RL agents with temporal abstraction to improve their

efficiency in such complex tasks. However, the decision-making process of most HRL

methods is often based directly on dense low-level information, while also using fixed

temporal abstraction. This thesis further tackles the matter of sample efficiency in RL

by introducing the hierarchical world model (HWM), geared toward capturing more

flexible high-level, temporally abstract, and low-level dynamics of the task. On top of

providing the theoretical foundation for integrating the proposed HWM with the HRL

framework, empirical experiments demonstrate improvement in sample efficiency and

final performance when using the HWM over classical model-based RL.

Finally, this thesis emphasizes the importance of low-level code optimizations used

in the implementation of RL methods which do not receive much attention despite

being critical to the performance of RL algorithms. The fourth chapter of this thesis

investigates the effect of one such optimization known as “early stopping” whose usage

is seldom documented in public implementation of the Proximal Policy Optimization

(PPO) algorithm. This optimization technique, which is referred to as KLE-Stop,



stops the policy network update within an epoch if the mean Kullback-Leibler (KL)

Divergence between the target policy and current policy becomes too high. Empirical

experiments were conducted to show the importance of KLE-Stop and its more

conservative variant KLE-Rollback when they are used in conjunction with other

common code-level optimizations. The results demonstrate how such early stopping

optimizations mitigate the sensitivity of the PPO to the number of policy network

updates while being more robust to their respective hyperparameters.

Overall, this thesis addresses the critical challenges that arise on the path of applying

RL methods for automating complex real-world tasks by providing a principled

framework to efficiently train robust and reliable RL agents that exhibit human-

like behaviors and a more efficient high-level decision-making inspired by human

cognition.
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Chapter 1 Introduction

1.1 Background

Recent advances in hardware capability and theoretical developments in the field of

deep learning (DL) have spurred the rise in popularity of artificial neural networks

(ANNs) and their applications [27,28,43]. Owing to their generality, the use of ANNs

has spread from the field of computational science and cross-pollinated with a plethora

of other fields, ranging from computer vision [17,36,56,57,82,112], natural language

processing [8, 18, 112], speech recognition [92], and even protein folding [46, 111], to

only cite a few.

Reinforcement learning (RL) is one such field that also happens to be the core

topic of this thesis. Originally motivated by the study of the psychology of animal

and human learning and the problem of learning through trial-and-error, RL has

seen subsequent growth and formalization inspired by optimal control and theories of

dynamical systems [106]. As a consequence, modern RL has come to encompass the

study of the decision-making of intelligent agents in arbitrary environments, and how

such agents can learn viable solutions to achieve a given goal through a process of

trial and error. Such roots make computational reinforcement learning an incredibly
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promising avenue to further our understanding of animal and human cognition and

decision-making. Recent studies [63,64] have even shown how RL agents can be used

as a controlled experimental setting to substitute for biological agents in neuroscience

experiments. More specifically, a fully embodied virtual rodent was trained using RL

and analyzed with tools from the neuroscience literature [71] to emphasize potential

relationships between biological rodent brains and their artificial alternative.

RL is further intertwined with other learning paradigms that exist under the

umbrella of deep learning. One such paradigm is referred to as supervised learning

(SL). In the SL paradigm, the agent or model is given a pre-determined and finite set

of input samples and their corresponding label., which is considered as the correct

answer. An SL model is thus geared to approximate the function that maps from a

given input data to the correct label [28]. For example, a function that can determine

if a given input image features a dog or not, corresponding to the classification

problem, or a function that expresses the cost of a house as a function of time and

geographical location, a task that can be considered as the archetypal regression

problem [28,106]. A robust and generalizing SL model is also expected to extrapolate

the learned approximation to samples outside of the training distribution. Different

approaches that frame the reinforcement learning problem as a supervised learning

problem have also been proposed. One such approach is referred to as imitation

learning, which is further elaborated in Chapter 2. Imitation learning aims to recover

expert policies based on a finite amount of samples drawn from their interaction with

an environment [15,39,42,106]. This approach is somewhat limited to tasks where

expert policies are available, and where the finite nature of the training dataset contains

enough information to capture optimal policies. Nevertheless, imitation learning
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can be used to bootstrap the learning of RL agents by pre-training on available and

potentially sub-optimal datasets to learn representations that are useful in downstream

reinforcement learning tasks [51, 77, 98]. Upside Down Reinforcement Learning is a

recent approach that reframes reinforcement learning under the guise of a supervised

learning problem with rewards as labels and actions as an additional context to

the agent’s input [91, 103]. This enables the use of powerful supervised learning

methods [36, 82, 112] to achieve competitive results with traditional RL methods,

excelling when expert data is available.

Unsupervised learning (UL) is yet another paradigm of deep learning closely

related to reinforcement learning. Unlike supervised learning which requires each

sample in the dataset to be assigned a ground truth label, unsupervised learning usually

works with unlabelled data [28]. UL methods leverage a class of generic unsupervised

objective functions to learn latent structures underlying unlabelled data [28]. The

variational auto-encoder (VAE) [50] is a representative of such unsupervised learning

methods. Given a dataset of unlabelled images of handwritten digits ranging from 0

to 9 [58], the VAE leverages an encoder (compression) and decoder (reconstruction)

architecture to learn salient features of the digit images compressed into a low-

dimensional latent space. Unsupervised learning is even more complementary to

reinforcement learning. It allows to extract more information from the data samples

generated through the interaction of RL agents with the environment by using auxiliary,

unsupervised learning objectives alongside the reward signal of RL [33–35,45]. This

results in more useful learned features which have been demonstrated to be incredibly

useful to RL agents for better decision-making, but also in learning macro skills that

can hasten exploration in, and completion of downstream RL tasks [9, 23, 45, 97].
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Reinforcement learning thus clearly demarcates itself from its supervised or

unsupervised learning [28, 106] siblings by focusing on algorithms and solutions that

can learn optimal sequences of action based on a numerical reward signal depending

on the goal of the agent is expected to achieve. Beside supervision via numerical

reward signal, another core idea of reinforcement learning is the concept of policy. In

the RL framework, the policy is a mapping from perceived states of the environments

to actions. Depending on the goal of the task at hand, an optimal policy would map

a given state to an action or sequence of actions that lead to the completion of said

task. In the crudest cases, a policy can be a simple conditional statement, a lookup

table, or a parameterized function (ANN) to handle more complex scenarios [28, 106].

The policy component essentially represents the behavior of the RL agent. Depending

on the nature of the task, the policy can be structured to be either deterministic for

straightforward cases, or stochastic to support tasks with uncertainty [31,62]. Another

salient idea of reinforcement learning is the concept of value function. Unlike the

reward which represents the short-term value of being in a current state and taking an

arbitrary action, the value component is a medium to long-term estimate of the current

state with respect to the end goal. The value component can be either used to articulate

a policy thus resulting in the family of RL methods referred to as value-based RL

agents [14, 67, 89], or complement learning the policy component, resulting in the

family of policy gradient and actor-critic agents [62, 94, 95, 106, 118].

Reinforcement learning methods that rely solely on policy and value functions can

be further consolidated in the group of model-free reinforcement learning (MfRL)

methods. Empirically, such methods are fast to train, but require large amounts of

samples [14, 62, 67, 94, 95, 106]. Sample collection lends itself to scaling, which

4



can be achieved by increasing computational resources, as well as combining it with

parallelization techniques [61, 78, 117]. MfRL methods excel in tasks that mostly

require reflexive behavior (myopic, short-term planning), and have held onto the

state-of-the-art performance on various benchmark tasks [4, 109].

Aside from model-free RL methods, their model-based reinforcement learning

(MbRL) counterpart has recently been catching up to state-of-the-art performances

on RL tasks. This is mainly due to the increased capacity of modern ANNs which

enables the dynamics of complex environments [12, 33–35, 43]. As suggested by

their denomination, MbRL methods include an additional concept that occurs in RL

referred to as world models. World models are generally learned in an unsupervised or

self-supervised fashion [29,34] based on trajectories generated from the interactions

of agents with the environments. When accurate enough, world models can be used in

place of the original environment to generate synthetic trajectory samples which are

then used to further refine the policy and value components. This is reminiscent of the

ability of humans to simulate various situations in their minds and even conceptualize

mental plans before executing them in physical reality [106, 110]. A model-based RL

agent usually boast higher sample efficiency than its model-free counterpart, a direct

consequence of the former’s ability to use synthetic samples for learning. However,

the gain in sample efficiency often comes at the cost of slower training, as learning a

world model generally implies a more complex agent architecture and requires higher

computational resources. Nevertheless, this trade-off can be practically advantageous

compared to model-free alternatives in tasks where safety is paramount such as

autonomous driving, or tasks where sampling has a higher cost, such as physical robot

locomotion [119].
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Empowered by ANNs and the advances in machine learning, RL agents have

become able to solve a wide range of complex tasks, such as video game playing based

on incomplete pixel observations [32–35,72,94,95,115], robotics control [73,74,119],

autonomous driving [44,87, 96], chip placement for PCB [65], and even discovering

faster matrix multiplication algorithms [24], with a relatively limited amount of

supervision. In contrast with traditional methods of automation, RL agents are a

promising avenue for the automation of real-world high-impact tasks, especially given

the context of aging demographics and the ever-increasing complexity of the industrial

processes of human civilization [76].

1.2 Problem description

Despite the recent advances and development of RL methods, there is still room for

improvement before they can be consistently trained and reliably deployed in complex

real-world scenarios. The challenges under examination in the present thesis are

threefold.

1. First, from a qualitative perspective, RL agents to be deployed in the real world

are expected to demonstrate societally acceptable behavior with consideration

for their surroundings. This is especially critical as those agents will have to

account for and interact with human agents. However, RL agents are trained to

maximize an arbitrary objective function corresponding to the task of interest.

This usually results in overly greedy agents that do not necessarily align with the

safety and reliability criterion expected from them in society and would create

more harm than good [21, 83, 90, 101]. In the context of video games, overly

6



greedy RL agents can result in levels of difficulty that frustrate the human players

and reduce the level of satisfaction and engagement of human users [83, 90]. In

the more critical cases such as deploying RL-based autonomous driving agents

or industrial robots, overly performant and unpredictable agents can result in

physical harm and even loss of life [21, 87, 96, 101].

2. The second hurdle in the path of reliably training RL agents on complex real-

world scenarios is the sample inefficiency of the learning process itself. Unlike

humans, RL agents require a magnitude of orders higher number of interactions

with the environment to explore the available state-space through trial-and-error,

then learn satisfactory enough policy that sole the task at hand. Although

this challenge can be partially addressed using parallelism [61, 72, 115, 117]

to accelerate the sample collection process, such alternative would be limited

in real-world by physical reality. On the other hand, cognitive and behavioral

science literature suggests that the learning efficiency demonstrated by animals,

and more specifically humans is at least in part due to their ability to plan and

make decisions at higher levels of asbtraction [3,6,32,110]. Under the traditional

RL framework, trial-and-error fueled exploration is usually performed at the

finest time scale, which becomes untractable in the highly complex tasks that

are ubiquitous in real-world scenarios. This suggests that current RL methods

are limited in their efficiency by the lack of temporally abstract exploration and

high-level decision-making. Such restriction essentially limits the range of tasks

that can be automated using RL methods.

3. Finally, from a practically grounded perspective, a usually overlooked but

7



highly relevant aspect in the RL pipeline is the efficiency and reliability of the

implementation and training procedure themselves. Namely, implementation

details that might be considered negligible and irrelevant to the final performance

of the agent can nevertheless have an unexpected impact [13, 22, 38]. More

specifically, the cost of training successful RL agents is heavily tied to the

structure of the neural networks, hyperparameters choice, and the training

pipeline used [22,38]. Such costs also increase proportionally to the difficulty

of the task at hand, especially when it comes to critical real-world tasks with

complex observation and action space. Therefore, the practical cost of RL-based

automation can be as much, if not higher than that of traditional automation

methods, which ultimately defeats the purpose of RL in the first place. This

makes the case for the need to improve RL methods from the conceptual level,

down to the practical (implementation) level by shaving off as much overhead

as possible from the training algorithm itself [13, 22].

1.3 Structure

This thesis aims to address each of the aforementioned challenges to further bridge the

gap between theoretical RL and the latter’s practical applications, thus broadening the

range of tasks that can be reliably automated using RL methods.

Chapter 2 introduces a hybrid of reinforcement and imitation learning that trades

off between high performance and human-likeliness of RL agents that could be

deployed among human agents in a societal context. Chapter 3 presents a human

cognition-inspired model-based hierarchical reinforcement learning architecture that

8



leverages the concept of temporally abstract exploration and high-level decision-

making to improve sample efficiency. Finally, Chapter 4 examines the low-level and

more practical aspects of RL agents implementation and highlights implementation

techniques that improve the efficiency of the training process itself, as well as the

robustness and reliability of the resulting RL agents.

9



Chapter 2 Hybrid of Reinforcement

and Imitation Learning for

Human-Like Agents

2.1 Introduction

Reinforcement learning (RL) achieved impressive progress in several areas including

Go [100], autonomous driving [44,87, 96,114], and video games [14,66,68, 94, 95].

The RL trains an agent to maximize future rewards, and the trained agent occasionally

outperforms human experts. However, high performance should not be the sole focus

when considering the application of RL methods. For example, when a non-player

character (NPC) is trained via RL, it can become too strong to be defeated by human

players, which will lead to frustration and an inability to enjoy the game. Similarly, an

efficient autonomous vehicle can inconvenience surrounding cars and pedestrians by

taking abrupt turns or more generally by exhibiting selfish behavior or creating a sense

of fear even when the behavior is efficient and safe in reality. Hence, an approach that

builds an agent which behaves like a human is desirable.
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Imitation learning (IL) trains an agent to learn a policy from training data provided

by a human expert [75, 85, 104]. An agent trained with IL is thus expected to exhibit

human-like behavior. However, IL is not a goal-oriented method and is dependent on

the demonstration data provided by a human expert. Therefore, the performance of an

IL agent is likely to be capped to the former’s. Various studies have leveraged human

expert demonstrations to improve the performance of the RL agent [10, 39, 55, 69].

However, there is a paucity of studies on the human-likeliness factor.

This study aims to produce an agent that behaves like a human while retaining

high performance by RL. This work introduces a hybrid agent based on RL and IL

and demonstrates how the performance level of an RL agent and the tendency of

human expert behavior can be transferred via IL to a student agent. The proposed

approach is applied to an original game and the Atari57 suite’s Gopher game [4] as

environments of discrete action spaces. It was also applied to the TORCS racing

simulator [121] as an environment of a continuous action space to demonstrate its

potential in real-life applications, such as autonomous driving, where a human-like

agent is highly desirable and of utmost importance. A performance test and sensitivity

test (like the “Turing test”) conducted in a double-blind fashion demonstrated that

the proposed approach built agents that achieve better performance and exhibit more

human-like behaviors when compared to those of IL and RL agents, respectively.

This chapter is thereby structured as follows: first Section 2.2 reviews the existing

works in the field, then respectively lays the background of the methods which were

built upon as the proposed method in Section 2.3. Next, the experiments conducted

using the proposed method, followed by the corresponding results and discussions are

presented in Section 2.4. Finally, the chapter is concluded in Section 4.6.
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2.2 Related Work

2.2.1 Improving reinforcement learning performance from expert

demonstrations

Across several topics such as robotics, general games, or autonomous driving, several

studies have aimed to combine reinforcement learning (RL) and imitation learning

(IL). The precursors of the aforementioned studies include Chang et al. [10] who

proposed locally optimal learning to search (LOLS) intended for structured prediction

tasks. This is based on the more general learning to search (L2S) method [15, 81,

84, 85]. Specifically, LOLS involves random sampling from either the learning

policy or reference policy (expert policy) given an arbitrary state during the rollouts.

Subsequently, it minimizes the objective loss function and guarantees convergence to

a policy that is at least as good as the reference policy.

Following this, Nair et al. [69] extended the concept via the usage of expert demon-

strations to overcome the difficulties of exploration in tasks with high dimensional

state-action space or sparse rewards. They introduced a demonstration buffer that

stores trajectories sampled from an expert, which are subsequently used in combination

with the trajectories sampled from the learning policy to update the value function.

Thus, the learning policy is oriented toward more promising avenues and consequently

speeds up the training process. The authors demonstrated the effectiveness of their

method by applying it to a 7-DOF fetch robotic arm to solve a block stacking problem

with a continuous action space. The proposed method achieved a relatively better

exploration when compared to the baselines. It also exhibited a performance exceeding
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the expert’s performance in solving the stacking task when provided with a few

additional simulator tweaks.

Similarly, Hester et al. [39] proposed deep Q-Learning from demonstrations

(DQfD) that also leverages a very small amount of demonstration data to significantly

accelerate the training process. The agent is initially pretrained on the expert’s

demonstration data via a combination of both supervised and temporal difference (TD)

losses based on the vanilla deep Q-learning (DQN) [68] and is subsequently trained by

interacting with the domain with its pretrained policy as usual. Hence, the agent learns

to imitate the expert’s policy while improving it with the self-learned policy via RL.

The resultant policy outperforms pure reinforcement learning baseline (double dueling

DQN [116]) in 41 out of the 42 games that are experimented on with a significantly

faster convergence rate.

More recently, Balaguer et al. [2] focused on a robotic arm problem, namely

towel folding with cooperative manipulators through momentum fold. Their proposed

algorithm leveraged human demonstrations to reduce the search space of the RL learner,

thereby allowing it to converge faster to a satisfactory policy. Furthermore, Sun et

al. [104] introduced Truncated HORizon Policy Search (THOR), which is based on the

idea of reshaping the reward [70] and leveraged even sub-optimal expert demonstrations

to shorten the learner’s planning horizon, thereby significantly accelerating the learning

process. Additionally, their algorithm keeps track of a disadvantage function between

the expert and learner policy and prioritizes the optimization of the self-learned policy

when the policy induced by the expert is determined as sub-optimal, and thus the final

policy out-performs the expert.

Le et al. [55] introduced hierarchically guided IL and RL in the hierarchical
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reinforcement learning framework (where a high-level policy or meta-controller is

trained to select a sub-goal to be solved by low-level sub-policies until the final goal

is achieved). By training the meta-controller following IL of a high-level interactive

expert, hierarchical guidance limits the training of the RL sub-policies to the relevant

state space and consequently improves the sample efficiency of the training process

while reducing the cost of expert demonstrations.

The aforementioned studies mainly focus on improving the performance, sampling

efficiency, and training speed of the RL agents. By contrast, the present study

investigates the feasibility of grasping desirable features to characterize a human expert

while improving the performance following an RL agent or self-learned behavior.

2.2.2 Building human-like behavior based on human demonstra-

tions

To the best of the authors’ knowledge, a conceptually close work was only explored by

Hecker et al. [37]. They focused on autonomous driving and proposed a formalism to

achieve accurate and comfortable human-like driving. The method achieves better

driving accuracy by augmenting the data set consisting of car-mounted front-facing

image data of human driving with a manually engineered set of map features. The

learning policy also incorporates long-short term neural networks to consider previously

executed maneuvers, and thus its output is sequential as opposed to traditional point-

wise predictions. Furthermore, the driving loss is enhanced with an adversarial loss

that discriminates between human-like driving and policy learning via RL in addition

to a loss that penalizes abrupt steering or acceleration over a short period, thereby
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resulting in a final policy that is close to the human expert’s demonstrations. However,

the human-likeliness of the behavior is systematically evaluated by clustering the

driving data of the human expert and learned policy’s predictions and measuring their

similarity. Although such an evaluation method is pragmatic, it does not guarantee a

measurement of human impression, namely because they are equivalent to the metrics

used for imitation learning of a human expert.

2.3 Methods

2.3.1 Preliminaries

Reinforcement Learning

Traditionally, a simple Reinforcement Learning (RL) problem is approached through

the formal lens of the Markov Decision Process (MDP). An MDP is defined as a

5-tuple < S,A, 𝑃, 𝑅, 𝛾 >, where S denotes a set of states, A denotes a set of actions,

𝑃𝑠′ (𝑠, 𝑎) = 𝑃(𝑠𝑡+1 = 𝑠′|𝑠𝑡 = 𝑠, 𝑎𝑡 = 𝑎) denotes the probability that state 𝑠 transits to

state 𝑠′ due to action 𝑎 on time-step 𝑡, 𝑅(𝑠, 𝑎) denotes the reward received after the

transition from state 𝑠 to the state 𝑠′, and 𝛾 (0 < 𝛾 ≤ 1) denotes a discount factor that

represents the importance of future rewards when compared to the present rewards.

On every time-step 𝑡 during training, the agent obverses a state 𝑠𝑡 ∈ S and produces an

action 𝑎𝑡 ∈ A. In response, the environment returns the corresponding reward 𝑟𝑡 and

next state 𝑠𝑡+1.

The Deep Q-network (DQN) [67,68] algorithm is one of the earliest RL methods that

achieved reliable results over a wide range of tasks with discrete action spaces [4, 7].
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From an arbitrary state 𝑠𝑡 at time-step 𝑡, a DQN agent is trained to predict the

expected return 𝑅𝑡 =
∑𝑇
𝑡′=𝑡 𝛾

𝑡′−𝑡𝑟𝑡′ where 𝑇 denotes the terminal time-step. The

agent subsequently takes an action that maximizes 𝑅𝑡 based on the prediction. The

optimal action-value function is defined as 𝑄∗(𝑠𝑡 , 𝑎𝑡) = max𝜋 E[𝑅𝑡 |𝑠 = 𝑠𝑡 , 𝑎 = 𝑎𝑡],

and applying the Bellman equation to this yields the following expression:

𝑄∗(𝑠𝑡 , 𝑎𝑡)=E𝑠𝑡+1∼E [𝑟𝑡 + 𝛾max
𝑎𝑡+1

𝑄∗(𝑠𝑡+1, 𝑎𝑡+1) |𝑠𝑡 , 𝑎𝑡]

where E represents the transition function of the environment. During training, the

agent estimates 𝑅𝑡 by iteratively updating the action-value function 𝑄(𝜙(𝑠), 𝑎) where

𝜙 denotes a function that produces the fixed length representation of state 𝑠. Thus,

the action-value function 𝑄(𝜙(𝑠), 𝑎) converges to the optimal 𝑄𝑖 → 𝑄∗ as the update

iteration 𝑖 →∞ [106].

Although DQN achieves strong performance over a high dimensional state space,

it was proven as limited to low dimension discrete action spaces. Therefore, for

continuous action spaces, the definition of the action space is overloaded so that

A ⊂ R𝑁 is continuous instead. Analogous to the discrete case the goal thus translates

to obtaining a policy 𝜋 that maximizes the expected return from the start distribution

𝐽 = E𝑟𝑖 ,𝑠𝑖∼E,𝑎𝑖∼𝜋 [𝑅0]. The deep deterministic policy gradient (DDPG) method [62] is

based on the deterministic policy gradient (DPG) method [99], which defines the policy

of the RL agent as an actor function (𝜇(𝑠 |𝜃𝜇) parametrized by 𝜃𝜇 and mapped from a

state 𝑠𝑡 to a corresponding action 𝑎𝑡) and a critic function 𝑄(𝑠𝑡 , 𝑎𝑡) to approximate the

value of a state-action pair (𝑠𝑡 , 𝑎𝑡). The actor update is subsequently performed based
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on the policy gradient as defined by David Silver et al. [99].

The introduction of deep and non-linear approximators makes the update of the

critic function 𝑄(𝑠, 𝑎 |𝜃𝑄) prone to divergence. Thus, the DDPG method leverages

“soft” target updates by creating copies 𝜇′(𝑠 |𝜃𝜇′) and 𝑄′(𝑠, 𝑎 |𝜃𝑄′) to be used in

computing the target values. However, the target networks are updated by slowly

tracking original networks: 𝜃′← 𝜏𝜃 + (1 − 𝜏)𝜃′ with 𝜏 << 1 to increase the stability

of the training.

Given that a large action space requires considerably more exploration to converge

to the optimal solution, an exploration policy 𝜇′(𝑠𝑡) = 𝜇(𝑠𝑡 |𝜃𝜇𝑡 ) + N with an added

noise sampled from a noise process N (which is selected based on the nature of the

task or the environment [79]) is adopted.

Imitation Learning

Let the policy followed by the expert players during demonstrations correspond to

the optimal policy 𝜋∗, and the agent learns a policy 𝜋 that approximates the optimal

policy 𝜋∗. A traditional approach involves training an agent via supervised learning.

Expert human players provide trajectories that consist of sequences of state-action

pairs because the training data follows an optimal policy 𝜋∗. The agent’s policy is

trained to predict actions based on the provided states and thereby imitates the behavior

of the expert, albeit in a point-wise fashion.

In the discrete action space case, knowledge distillation is an approach that trains a

student model based on teacher model(s) where the teacher model trains the student

model by using soft labels instead of the one-hot label commonly used in traditional

supervised learning [41]. When compared to the one-hot label, the values of each
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Fig. 2.1: Procedure of knowledge distillation.

dimension of a soft label include more information. With a visual input of a cat, of

course, the probability of it being classified as “cat” by the model is the highest, and

the probability of “dog” exceeds that of “carrot”, and this matches with the fact a

cat is visually more similar to a dog than to a carrot. The procedure of knowledge

distillation is shown in Fig. 2.1. The approach achieves a higher-performance model

with less training data, and it is also useful in terms of compressing large models. An

extant study [86] extended the approach to reinforcement learning area, and this is

termed as policy distillation. Thus, a student model that achieves higher performance

is successfully trained by distilling the policy of the teacher model. Furthermore, the

applicability of policy distillation to multi-task problems is demonstrated by distilling

policies of teacher models trained for different tasks.

Furthermore, in the continuous action space case, generative adversarial imitation
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learning (GAIL) [42] is an IL method rooted in both inverse reinforcement learning

(IRL) and classical RL. Specifically, the IRL initially fits a cost function 𝑐 from a

family of functions C which assigns a low cost to the expert policy 𝜋𝐸 and high cost

to the other policies 𝜋:

max
𝑐∈C

(
min
𝜋∈Π
−𝐻 (𝜋) + E𝜋 [𝑐 (𝑠, 𝑎)]

)
− E𝜋𝐸 [𝑐 (𝑠, 𝑎)]

where Π denotes the set of all stationary stochastic policies mapping from S to A,

and 𝐻 (𝜋) ≜ E𝜋 [− log 𝜋(𝑎 |𝑠)] denotes the 𝛾-discounted causal entropy of the policy

𝜋 [42]. Conversely, classical RL determines the optimal policy from the cost function

𝑐 extracted by IRL

𝑅𝐿 (𝑐) = argmin
𝜋∈Π

−𝐻 (𝜋) + E𝜋 [𝑐 (𝑠, 𝑎)]

corresponding to the expert policy 𝜋𝐸 . To bypass the intermediate IRL step, the

original study introduced the concept of occupancy measure 𝜌𝜋 of a policy 𝜋, and this

is interpreted as the distribution of state-action pairs that an agent encounters while

navigating the environment by the following said policy [42]. A function approximator

𝐷𝑤 : S×A→ (0, 1) is used to discriminate between the occupancy measure 𝜌𝜋 of the

student policy and expert 𝜌𝜋𝐸 by minimizing the sum of their respective expectations
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over generated trajectories:

L (𝜋, 𝜋𝐸 ) = E𝜋 [log (𝐷𝑤 (𝑠, 𝑎))] + E𝜋𝐸 [log (1 − 𝐷𝑤 (𝑠, 𝑎))] − 𝜆𝐻 (𝜋) for 𝜆 ≥ 0

until 𝐷𝑤 is unable to distinguish between the 𝜋 and 𝜋𝐸 , thereby implying that the

student learned the expert’s policy.

The training of the student agent itself is based on the Trust Region Policy

Optimization (TRPO) algorithm introduced in [94] where instead of the classical

reward, the algorithm is provided with the similarity between the trajectories resulting

from the student’s policy and that of the expert. More specifically, the student agent

is updated using the TRPO rule with the cost function log (𝐷𝑤 (𝑠, 𝑎)) by taking a

KL-constrained gradient step with respect to

E𝜏∼𝜋 [∇𝜃 log 𝜋(𝑎 |𝑠)𝑄(𝑠, 𝑎)] − 𝜆∇𝜃𝐻 (𝜋𝜃),

where𝑄(𝑠, 𝑎̄) = E𝜏∼𝜋 [log (𝐷𝑤 (𝑠, 𝑎)) |𝑠0 = 𝑠, 𝑎0 = 𝑎̄] .

2.3.2 Proposed hybrid agent

Recall that this chapter aims to build an agent with a behavior similar to a human

expert while retaining the high performance of an RL agent. The problem is separated

into the two following subproblems: (1) building an agent that exhibits a superhuman

performance and (2) building an agent that selects actions similar to a human expert.

The two subproblems are tackled by RL and IL, respectively. This overall task can
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Fig. 2.2: Conceptual diagram of the proposed hybrid loss

thus be understood as a multi-task learning problem. The proposal at the core of this

study consists in mixing RL and IL via policy distillation [41] for the discrete action

space case and via adversarial imitation learning for the continuous action space case.

Generally, the objective function of IL is expressed as L𝜋∗ (𝜋), where 𝜋∗ denotes

a teacher policy to be imitated by the student policy 𝜋. Subsequently, the proposed

objective function is formalized as:

L𝑚𝑖𝑥 (𝜋; 𝜋𝑅𝐿 , 𝜋𝐻𝐸 ) = 𝛼L𝜋𝑅𝐿
(𝜋) + (1 − 𝛼) L𝜋𝐻𝐸

(𝜋) ,

where 𝜋𝑅𝐿 denotes an optimal policy built by RL, 𝜋𝐻𝐸 denotes a policy of a human

expert (HE), and 𝛼 denotes a trade-off coefficient between the RL policy and human
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expert.

Discrete action space

In the case of discrete action space, the objective function of IL is the following

cross-entropy loss:

L𝜋∗ (𝜋) = E𝑠
[
−∑

𝑎
𝜋∗ (𝑎 |𝑠) log 𝜋 (𝑎 |𝑠)

]
,

by following previous studies on IL and distillation [41, 86]. An RL policy 𝜋𝑅𝐿 is

expressed as a mathematically modeled probability while the policy 𝜋𝐻𝐸 of a human

expert is given in terms of empirical demonstrations. Previous studies on distillation

demonstrated that a student model improves its performance by a large margin if

it reproduces soft labels (i.e., probability of teacher’s output obtained via a high

temperature 𝑇) in addition to hard labels (i.e., correct labels expressed by 0 or 1

probabilities). It is not possible to obtain soft labels of the policy for distillation. Given

this, human expert demonstrations 𝜋𝐻𝐸 are used as hard labels and the policy 𝜋(𝑇)
𝑅𝐿

of

a DQN model [68] are used as soft labels with a temperature 𝑇 . Note that a typical

policy of a DQN model employs 𝑇 = 0.0 (i.e., provides hard labels). Subsequently,

the final objective function is expressed as follows:

L𝑚𝑖𝑥 (𝜋) =𝛼 E𝑠
[
−∑𝑎 𝜋

(𝑇)
RL (𝑎 |𝑠) log 𝜋 (𝑎 |𝑠)

]
+ (1 − 𝛼) E𝑠 [−

∑
𝑎 𝜋𝐻𝐸 (𝑎 |𝑠) log 𝜋 (𝑎 |𝑠)] .
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It should be noted that the distribution of state 𝑠 over which the objective is averaged

depends on the trajectories sampled from policies. Naturally, the RL policy 𝜋𝑅𝐿 and

human expert policy 𝜋𝐻𝐸 are used for the first and second terms, respectively. However,

when the two policies are completely different, the student policy 𝜋 encounters a high

variance between their actions and yields poor results. The human expert policy 𝜋𝐻𝐸

is thus used as a substitute for the distribution for sampling the state 𝑠 for both terms.

This sampling strategy was confirmed to improve performance and yield a consistent

behavior [41, 42].

Continuous action space

While policy distillation can theoretically be applied to continuous action space tasks,

depending on the formulation of the action space itself, simply mixing the actions

provided by multiple experts is likely to induce a wrong hybrid policy. Namely in

the autonomous driving task, a common formulation would be as such: the action

of steering left is bounded to −1.0, steering right is bounded to 1.0, while the no

steering is bound to 0.0 . Next, let us consider the case of learning a hybrid of

two expert policies when avoiding an obstacle, but with one expert avoiding said

obstacle by steering left, while the second one avoids the obstacle by steering right. By

mixing these two policies using policy distillation as in the discrete action space case,

the hybrid policy is bound to go straight ahead, thus crashing into the obstacle and

resulting in a failure. The proposed method instead aims to imitate the hybrid of the

two expert policies but based on their respective probability density distribution over

the state-action space, therefore motivating the choice of the GAIL method introduced

in Section 2.3.1.
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GAIL requires empirical trajectories 𝜏∗ ∼ 𝜋∗ obtained from a teacher policy 𝜋∗ for

training. The objective function of the discriminator that is to be maximized by 𝐷𝑤

and to be minimized by a student policy 𝜋 is as follows:

L𝜋∗ (𝜋) = E𝜏∼𝜋 [log (𝐷𝑤 (𝑠, 𝑎))] + E𝜏∗∼𝜋∗ [log (1 − 𝐷𝑤 (𝑠, 𝑎))] ,

where 𝜏 denotes trajectories 𝜏 ∼ 𝜋 sampled from a student policy 𝜋. With a human

expert and an RL agent providing trajectories 𝜏𝐻𝐸 ∼ 𝜋𝐻𝐸 and 𝜏𝑅𝐿 ∼ 𝜋𝑅𝐿 , respectively,

the hybrid loss function is expressed as follows:

L𝑚𝑖𝑥 (𝜋) =E𝜏∼𝜋 [log (𝐷𝑤 (𝑠, 𝑎))]

+ 𝛼 E𝜏𝑅𝐿∼𝜋𝑅𝐿
[log (1 − 𝐷𝑤 (𝑠, 𝑎))]

+ (1 − 𝛼) E𝜏𝐻𝐸∼𝜋𝐻𝐸
[log (1 − 𝐷𝑤 (𝑠, 𝑎))] ,

(2.3.1)

Intuitively, given that the discriminator is trained to recognize an intermediate

hybrid policy between the RL and human expert policies, the student model — which

is trained to learn a policy to fool the discriminator to classify its actions as being

the expert’s — is expected to converge to the said hybrid policy, thereby exhibiting

behaviors inherited from both experts. More specifically, for a given state-action pair

(𝑠, 𝑎), the discriminator 𝐷𝑤 produces a score that can be interpreted as the likelihood

of the given state-action pair is that of the human or RL hybrid policy. Minimizing

the first term E𝜏∼𝜋 [log (𝐷𝑤 (𝑠, 𝑎))] with respect to the weights 𝑤 incentivizes the
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discriminator 𝐷𝑤 to assign a low score to samples generated by the student model. On

the other hand, minimizing the hybridization terms

𝛼 E𝜏𝑅𝐿∼𝜋𝑅𝐿
[log(1 − 𝐷𝑤 (𝑠, 𝑎))] + (1 − 𝛼) E𝜏𝐻𝐸∼𝜋𝐻𝐸

[log(1 − 𝐷𝑤 (𝑠, 𝑎))]

encourages the model to assign a high score to state-action pairs matching the action

distribution of either expert, with 𝛼 to trade-off between each expert policy. Therefore,

by iterating over such minimax objective, such hybrid generative adversarial imitation

learning implicitly reduces the divergence between the action distribution of the student

model, and that of the hybrid of RL and human expert.

In contrast to the discrete action space case, the results indicated that the proposed

method successfully trained a hybrid policy although the demonstration sets of both

experts are sampled independently of each other. This can be attributed to the relatively

low variation between the RL and human expert behaviors and the adversarial training

framework. Figure 2.2 recapitulates the complete procedure for both action spaces.

2.4 Experiments and Results

2.4.1 Apple Game

Experimental setting

The proposed approach was first applied to an original game termed as Apple game,

illustrated by the screenshot provided in Fig. 2.3. This environment consists of a two-
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Fig. 2.3: Screenshot of the Apple game.

dimensional plane on which the agent can move freely in any direction. Additionally,

apples are spawned randomly at an unpredictable location for the player to take. Once

the player’s avatar has collected an apple, a new one will spawn in another location on

the two-dimensional plane. In the case an apple is not picked up in a fixed amount

of time, it disappears and another apple is spawned at a different location. The score

of the agent is increased by one point for every apple it picks up. The objective of

the agent is thus to maximize the number of apples picked up in a limited amount of

time. In this study, this interval was fixed to 30 seconds. Once an apple is spawned, it

is always visible until it disappears. Therefore the agent can easily find a sequence

of actions to collect it. This environment was selected given the straightforward

formulation of the objective and the relative ease of evaluating the optimal trajectory
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taken by an arbitrary agent, as well as its behavior. The diverse combinations of actions

give rise to a plurality of behaviors that can help characterize the agent that is playing.

Namely, to reach an apple located in the upper left corner, the agent can sequentially

move “up” then “left”. The agent can also move diagonally toward the apple by using

the combination “up and left”. The discrete action space A consists of 9 actions, i.e.

moving in either one of the 8 possible directions in a 2D plane or keeping still. The

action space is thus represented byA = [(−1,−1), (0,−1), ..., (1, 1)], |A| = 9. From

the evaluation perspective, given the location of the apple and the player’s avatar, it is

easy to determine the shortest possible path. This is especially useful to verify whether

or not an agent has converged to an optimal policy.

From the human and RL agent, 16,000 frames of gameplay were collected, then

randomly sampled into training and test sets with sizes corresponding to 14,500 and

1,500, respectively, during the training process to maximize the test accuracy. A

DQN [68] model was trained to serve as a baseline for performance comparison,

as well as the RL teacher. The model was trained over 8 · 106 frames of gameplay,

with a replay buffer of size 2 · 105, and an exploration coefficient decaying from 1.0

to 0.1, the other hyperparameters being set to their respective default values as per

the OpenAI Baselines implementation [19]. The student model was trained using

Adam optimizer [49] with a learning rate of 10−4 and a dropout ratio of 0.5 [102].

Additionally, a preparatory search for the 𝛼 parameter was performed to determine the

most suitable one for the task. The duration of one episode is set to 30 seconds, and

the number of apples collected by the player during that time interval is considered as

the return of the episode.

In addition to the performance evaluation of each model, a sensitivity test in a
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double-blind fashion to evaluate the human-likeliness of agent behaviors was also

conducted. The test involved 26 participants (23 males and 3 females) wherein ages

ranged from 27 to 59 with an average age of 44 years, which had no prior exposure

to the research materials, demonstrations, or previous studies. Each participant was

initially introduced to the rules of the game and provided with the opportunity to play

the game to get familiar with its mechanics and how a human would play. In the Apple

game case, each participant was presented with two 15 seconds videos of each model

playing the game and requested to label it as either a human or a machine, as well as

providing comments which motivated such a decision.

Results and Discussion

Table 2.1: Results of Apple game

Game Score Sensitivity Test

Agent Max Min Avg Std. Identified as Human

Human 27 11 18.71 2.86 32

DQN (RL) 53 15 36.27 5.44 4
BC (IL) 29 3 17.57 4.37 27

Proposed (RL+IL) 35 11 22.02 3.70 22
Best and second best results are emphasized in bold and underlined, respectively.
The evaluated hybrid model corresponds to a trade-off coefficient of 𝛼 = 0.93.
The sensitivity test for the Apple game involved 25 participants only.

For the Apple game, the score evaluation process for each agent consisted in

computing the average of the scores achieved over 400 episodes. In the Apple game,

the score denotes the number of apples collected in a 30-s interval. The score variation

of the proposed hybrid agent with respect to the change in the trade-off coefficient 𝛼
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Fig. 2.4: Effect of the trade-off coefficient 𝛼 on the proposed hybrid agent’s score
for the Apple Game. The average scores of the other agents are also provided for
reference purposes.

is shown in Fig. 2.4 with the average scores of the human expert, DQN agent, and

imitation of the human expert by using classical supervised learning.

At 𝛼 = 0.0 (which represents the distillation of human expert behavior only),

the trained policy achieved lower than average performance, and this subsequently

continued to decrease when 𝛼 increased. With respect to a middle-range trade-off

coefficient 𝛼, mixing the probability distributions over the action space received from

the human expert and RL agent resulted in a flat probability distribution over the

29



action space, thereby making the agent follow a random policy and resulting in lower

performance as shown in Fig. 2.4. The score subsequently rises progressively from

𝛼 = 0.7 until it reaches its peak at 𝛼 = 1.0, and this was equivalent to a distillation of

the DQN agent’s policy only.

Given the limited availability of the sensitivity test, the representative trade-off

coefficient alpha was selected based on the corresponding performance. Following the

performance of the hybrid agent obtained across various values of 𝛼 (Fig. 2.4), it can

be seen that the proposed method works better with larger values in this environment.

This could be attributed to the wide gap in performance between the RL agent and the

human expert. More specifically, the gap in performance between the RL agent and the

human experts suggests the policies they respective follow are different. Furthermore,

given the high variance of human expert behavior, their policies become hard to

mix, thus resulting in a poor hybrid policy. The goal of this study being not just a

high-performing agent, but also an agent that retains a human-like behavior, the value

𝛼 = 0.93 was settled for as the smallest experimented value that performs better than

the human expert.

Following the results documented in Table 2.1 and given the simple principle of

the game (i.e., moving the player avatar to the spawning apples), the DQN method

achieved the highest scores, and this was followed by the proposed method and finally

the human agent and its imitation. With respect to human-likeliness, the human agent

was placed first. The proposed hybrid agent exhibited more human-like behavior than

the RL agent. It also surpassed the human expert and IL agent in terms of the score

and was followed by the human imitation agent. The DQN agent achieved the least

human-like behavior.
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Additionally, the hybrid agent mitigated a few of the behaviors that gave out the

DQN agent, namely a rapid reaction time and mechanical movement towards the

apple. This was corroborated by the comments collected from the survey participants

including “a moderate reaction span when the apple spawns”, “the player takes some

time before moving toward the apple”, or “keeps going on even after collecting the

apple”. Similar comments were also used to characterize the behavior of the human

expert, thus further illustrating the similarity of the proposed hybrid agent with the

latter.

This would suggest that the proposed approach indeed balances the human-like

behavior and exhibited high performance in the game.

Table 2.2: Results of Gopher

Game Score Sensitivity Test

Agent Max Min Avg Std. Identified as Human

Human 81 2 23.87 19.81 29

DQN (RL) 246 0 40.30 36.81 17
BC (IL) 126 0 23.91 23.79 31

Proposed (RL+IL) 132 0 26.05 24.31 31
Best and second best results are emphasized in bold and underlined, respectively.
The evaluated hybrid model corresponds to a trade-off coefficient of 𝛼 = 0.8

2.4.2 Atari57 Suite: Gopher Game

Experimental setting

The proposed method was also applied to the game of the Atari57 suite [4] termed

as Gopher. The dynamics and the observation space of the Gopher game are more
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Fig. 2.5: A screenshot of Gopher.

complex than those of the Apple game. This enables evaluation of the effectiveness of

the proposed method in the context of a wider state-action space. An optimal agent in

the Gopher game is also expected to act strategically which further raises the complexity

of the task. Namely, the goal consists in preventing the “gopher” — a mole-like

creature — from digging its way out of the ground and stealing the carrots under the
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protection of the player, the latter being tasked with moving laterally and filling up

the holes as the gopher digs them. A screenshot of the game is shown in Fig. 2.5.

The training data provided by the human expert and RL agent consisted of 55,000

frames each, which were also randomly sampled in training and test sets with sizes of

50,000 and 5,000, respectively. The DQN model that served as an RL teacher was

trained over 1.001 · 107 frames of gameplay, a replay buffer of 106, and the exploration

coefficient decaying from 1.0 to 0.01 while the other hyperparameters remained set

to their respective default value as per the OpenAI Baselines implementation [19].

The student model was also trained by following the same method used for the Apple

game.

Similarly to the Apple game, a sensitivity test in a double-blind fashion on top of

the performance evaluation of each model was also conducted. After being introduced

to the rules of the game and familiarizing themselves with the game mechanics, each

participant was also presented with two 15 seconds videos of each model playing the

game and requested to label it as either a human or a machine, as well as providing

comments which motivated such decision.

Results and Discussion

Experiments were additionally conducted on the Atari57 suite’s Gopher game namely

to investigate the trade-off coefficient 𝛼 variation’s effect on the performance of the

proposed hybrid agent, the results being documented in Fig. 2.6. The score of the

hybrid agent remained around the human expert’s average score for 𝛼 ∈ [0.1, 0.6]

before rising from 𝛼 = 0.7.

As for the Apple game, the gap in performance between the RL agent and the
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Fig. 2.6: Effect of the trade-off coefficient 𝛼 on the proposed hybrid agent’s score
for Gopher. The average scores of the other agents are also provided for reference
purposes.

human expert was also high. Henceforth, relatively large values of 𝛼 are needed to

offset the difficulty of mixing the policies that arise given said gap. As a representative

of the hybrid agents, a value of 𝛼 = 0.8 was chosen, being the smallest value of 𝛼

experimented with that also performed better than the human expert.

From a performance viewpoint, the DQN agent obtained the highest score by a

large margin. This was followed by the hybrid agent that was trained via the proposed

method and finally by the human agent and its imitation.
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Table 2.2 compares the hybrid agent with the others. The hybrid agent (despite

prioritizing the RL label by using 𝛼 = 0.8 to compute the weighted sum of the teachers’

labels during the training) only exhibited an improvement of 3 points over the human

agent and was still considerably behind the DQN agent’s score. The RL agent achieved

the best results although only a few participants identified it as a human. In the game,

the hybrid agent performs comparatively or superiorly to the IL agent in terms of both

criteria, namely game score and human-like behavior. Also, the proposed hybrid agent

and IL agent were recognized as humans in the sensitivity test at a similar level to

the human agent. This is supported by the comments collected from the participant

of the sensitivity test such as “the player seems to move strategically to fill up the

holes”, “the player follows the movement of the gopher and fills the holes as they are

dug out”, or “the reaction of the player to the movement of the gopher is slow”, which

also match the comments characterizing the demonstrations of the human expert.

Meanwhile, the DQN agent was identified as the least human-like by the participants,

which transpired in comments such as “the player systematically fills the holes with

great precision”, “the movements are machine-like”, “the reaction time is very high”,

“unnatural lateral movement while filling the holes”, or “tries to needlessly fill regions

without holes”.

Hence, it can be concluded that the proposed method builds an agent with a

human-like behavior by combining the goal-oriented learning scheme of RL and the

tendency of the human expert’s behavior.
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2.4.3 Torcs

Experimental setting

Fig. 2.7: A screenshot of Torcs.

The Apple and Gopher game being cases of the discrete action space environment,

one might also wonder about the effectiveness of the proposed method in a continuous

action space case. Additionally, considering the potential real-world applicability

and social impact of the proposed method, the rise in popularity of the autonomous

driving task, as well as the need for autonomous agents to be able to interact with

other human agents, the Torcs Racing Car Simulator [121] was opted for, in virtue
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of being a well-known environment that is used for autonomous driving AI research

(see [54, 124], as the representative task for the continuous action space case). A

screenshot of the game is shown in Fig. 2.7. The Gym Torcs environment [123] as a

basis for the experiments in this chapter.

The agent observations consisted of 65 features including LIDAR-like sensors

keeping track of the distance between the car and edges of the track or the opponents,

current speed, and acceleration with a bi-dimensional continuous action space to

control the steering and throttling of the car while using the raced distance as the reward

function. This format allows for more precision when used as state representation for

the agent when compared to 2D pictures of the road for example. As a result, the

potential noise and error caused by feature extractors can be virtually eliminated. This

allows us to objectively train the different agents as well as evaluate their performance.

Furthermore, the Torcs racing car simulator was upgraded to simulate a situation

where the human decision factor would stand out more. This was performed by

generating obstacles in the form of stationary bots and adding player demonstration

recording support, which was used to record 220 episodes of 60 s of gameplay,

which corresponded to 792,000 transitions. The RL agent was based on the DDPG

implementation in the OpenAI Baselines [19] and was adapted to the autonomous

driving problem. This DDPG agent was first trained for 107 training timesteps by

using the Adam [49] optimizer, learning rates of the critic and the actor components

set to 10−4 and 10−3, and a replay memory of size 106, before being used to generate

the necessary trajectories needed to train the proposed hybrid model.

A strict IL part consisted in imitating a human expert based on recorded data of the

latter while driving in the same environment configuration as the RL experiment via the
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OpenAI [19] implementation of the GAIL method and its default hyperparameter values

except for the training timestep limit that was set to 5 · 106, empirically determined to

allow convergence. The proposed hybrid agent based on the GAIL implementation

with the discriminator loss modified based on Eq. 2.3.1 as described in section 2.3.2

was also trained with the same environment configuration. The GAIL-based human

imitation agent and hybrid agent were trained with the discriminator learning rate set to

10−3 and a KL constraint of 10−2 via the Adam optimizer [49] over 5 · 106 and 7.5 · 106

training timesteps, respectively. Furthermore, the impact of the trade-off coefficient

was explored by experimenting with several values to determine the most appropriate

value for the sensitivity test. Following the search over 𝑎𝑙 𝑝ℎ𝑎 values, a sensitivity

test in a double-blind fashion was also conducted to evaluate the human-likeliness

of each reference method as well as the proposed one. Similarly to the Apple and

Gopher games, the sensitivity test was also preceded by a trial phase, during which

each participant got to know the rule of the game, as well as familiarize himself with

the controls and game mechanics. In the Torcs Racing Car Simulator case, each

participant was presented with two 30 seconds videos of each model playing the game

and requested to label it as either a human or a machine, as well as providing comments

which motivated such a decision.

Results and Discussion

Finally, to evaluate the performance of a given agent in the Torcs Racing Car Simulator,

the average distance traveled by the said agent during a time frame of 5 seconds is

used to gauge the effective progress of the agents across the racing track. Moreover,

the score for a time frame is set to 0 if the agent crashes or exits the racing track. Then,
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Table 2.3: Results of Torcs

Game Score Sensitivity Test

Agent Max Min Avg Std. Identified as Human

Human 696 588 637 31.1 26

DDPG (RL) 823 818 819 0.5 16
GAIL (IL) 608 23 527 72.4 27

Proposed (RL+IL) 817 107 661 179 32
Best and second best results are emphasized in bold and underlined, respectively.
The evaluated hybrid model corresponds to a trade-off coefficient of 𝛼 = 0.5

the impact of the trade-off coefficient on the hybrid agent was investigated following

the results documented in Fig. 2.8.

For 𝛼 = 0.0, the hybrid agent is equivalent to the default imitation of the human

expert with the GAIL method. The hybrid agent’s score then rises progressively with

𝛼 → 0.5, thereby demonstrating a gain in performance obtained from the DDPG

agent’s demonstrations. From 𝛼 = 0.5 onward, the performance of the hybrid agent

comes closer to that of the RL agent, but with moderate results for extreme values of

𝛼. Specifically, the deterministic nature of the DDPG agent’s trajectories caused the

hybrid agent to overfit the DDPG agent behavior, and thus it performed poorly during

the testing phase.

In contrast to the Apple and the Gopher game, the performance gap between the

RL agent and the human expert in this context was relatively lower. Moreover, the

constraint of the “steering” and “acceleration” action to the [−1, 1] range, as well as

their continuous nature, resulted in easier-to-mix demonstrations for the hybridization

process. A hybrid agent that performs better than the human expert can thus be

obtained with smaller values of the trade-off coefficient 𝛼. Consequently, the hybrid
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Fig. 2.8: Effect of the trade-off coefficient 𝛼 on the proposed hybrid agent’s score for
Torcs. The average scores of the other agents are also provided for reference purposes.

agent corresponding to 𝛼 = 0.5 was used as the representative agent in the following

experiments.

The first evaluation phase consisted in measuring the performance of the proposed

model and comparing it relative to the human, GAIL human imitation, and DDPG

agent respectively, as listed in Table 2.3.

The GAIL method can imitate expert trajectories generated by RL policies (results

of [42]) or the deterministic bots coming with the Torcs Racing Car Simulator.

However, it was less effective when applied to a human expert’s trajectories and
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achieved approximately half the score of the latter at best. This could be attributed to

the human expert’s policy being relatively more complex and difficult to approximate

with standard neural network structures.

Furthermore, the proposed hybrid agent captured and demonstrated specific

behaviors of the human expert and RL agent, namely a higher speed than the imitated

human expert and deceleration during turns respectively. This was supported by the

recurring comments collected from the participants of the sensitivity test, such as

“the player decelerates before taking a turn or passing opponents”, or “maintains a

relatively constant speed overall, but with acceleration when the path follows a straight

line”. Similar comments were also given by the sensitivity test participants when

characterizing the human expert demonstrations. Additionally, it also completed full

laps like the human expert and DDPG agent.

The DDPG agent was least likely to be recognized as a human due to its high-

performance behavior with comments such as “drives really fast” or “take turns at

high speed”. The other three agents were recognized as a human at a similar level. It

can thus be concluded that the hybrid model was at least more likely to be recognized

as a human than the DDPG agent, while still achieved higher performance than the

human agent and its imitation.

2.5 Conclusion

This chapter introduced a method to build a hybrid agent that behaves in a human-like

fashion imitated from a human expert while retaining some of the high performance

displayed by pure reinforcement learning agents with the ultimate aim of obtaining the
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best of both worlds. The proposed method is based on state-of-the-art reinforcement

and imitation learning algorithms at the time and has two variants for the discrete and

continuous action spaces respectively.

The proposed method was applied to an original game and a game of the Atari57

suite for the discrete action space case and the Torcs Racing Car Simulator for the

continuous action space case. Upon evaluation of its objective performance, its

human-likeliness was also evaluated via a sensitivity test. While human-acceptable

agents can be considered as the goal of this study, the human-likeliness heuristic of

an agent was used as an alternative, albeit narrower measure for a human-acceptable

behavior. The rationale is that an agent behaving in a way deemed human-like is also

likely to be deemed acceptable by other human players when used as game AI for

example. The “human-acceptable” criterion, however, would require a definition from

scratch for each task, and its evaluation is correspondingly difficult.

Nevertheless, the agents trained using the proposed method successfully exhibited

behaviors borrowed from both experts, namely an increase in performance following

the reinforcement learning agent and a human-like behavior following the human

counterpart. More specifically, the performance of the hybrid agents surpassed that

of the human expert in each environment experimented on. A thorough analysis

of comments collected from the participants of the double-blind sensitivity test

further showcased the similarity in behavior of both the proposed agents and the

corresponding human expert. In light of the conducted experiments, the sensitivity

evaluation approach adopted in this study would benefit from a larger population

sample and preferably formed with participants that are familiar enough with the

games and simulations that were used to train the different agents.
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Chapter 3 Toward Human

Cognition-inspired

High-Level Decision

Making For Hierarchical

Reinforcement Learning

Agents

3.1 Introduction

Despite the recent success of contemporary deep reinforcement learning (DRL)

methods [14,31,33,67,95], they are still considerably sample inefficient when applied

to long-horizon, sequential decision-making tasks, which usually overlap with sparse

and delayed rewards problems, further increasing their complexity.

43



A growing body of studies in human behavior, cognitive science, neuroscience, and

computational biology suggests that human behavior is hierarchically organized [6].

This is theorized to be a critical part that allows us to efficiently understand and learn

to solve various challenging tasks with relatively limited amounts of data compared to

RL methods [110,122].

Inspired by this, the hierarchical reinforcement learning (HRL) framework aims to

improve the efficiency of conventional (flat) RL by introducing temporal abstraction

in the decision-making process of an agent [3, 6, 16, 108]. While existing HRL

methods have empirically demonstrated a considerable improvement in efficiency over

conventional DRL methods [25, 30, 52, 60, 113], most HRL methods rely on fixed

length temporal abstraction. Moreover, the decision-making occurring at higher levels

in the agent’s hierarchy is still often based on the observations at the lowest level.

This chapter introduces the hierarchical world model (HWM), a world modeling

method that aims to better fit the theorized hierarchical structure of the human decision-

making process. Owing to its hierarchical structure, the proposed model inherently

provides (1) a temporally abstract state representation summarizing an arbitrary

number of lower-level states, and (2) an adaptive temporal abstraction mechanism to

divide long-horizon, sequential decision tasks into smaller tasks of variable lengths.

Preliminary experiments in using the HWM as a representation learning mechanism

for a Dreamer-based agent [33,35] demonstrated improvements in sample efficiency

and final performance of the agent. Further analysis of the representations learned by

the proposed HWM also suggests that the HWM can learn a hierarchically structured

internal state representation that aligns with human understanding and intuition [5,110]

on a given task.
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Finally, the potential compatibility of the HWM with the HRL framework is

shown by expanding the underlying theory of the proposed HWM to incorporate more

rigorous hierarchical decision-making. This would bring the practical HRL framework

closer to the human decision-making it is originally inspired from, and serve as a tool

for analyzing RL agents’ decision-making. In practice, this could help broaden the

gamut of tasks to which deep RL methods can be successfully applied for automation.

3.2 Preliminaries

3.2.1 Reinforcement learning and hierarchical reinforcement learn-

ing

For more generality, let us consider the finite time horizon partially observable Markov

decision processes (POMDP) framework, denoted by the tuple (S,A, 𝑃𝑠,𝑎, 𝑅,O, 𝑃𝑜, 𝐻),

where S is the state set, A is the action set, 𝑃𝑠,𝑎 : S × A × S → [0, 1] is the state

transition probability, 𝑅 : S × A → R the reward function, O the set of partial

observations, 𝑃𝑜 : S → O the emission probability distribution and 𝐻 the horizon

(maximum episode length). The decision process of an RL agent can be represented by

a stochastic policy 𝜋 : S × A, which defines the probability of action 𝑎 being selected

given a state 𝑠. From a probabilistic perspective [59, 105], the POMDP modeling

the dynamics of the system and the decision-making of the agent can be formally
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expressed as the following generative process:

𝑝(𝑂, 𝑆, 𝐴) =
𝐻∏
𝑡=1

𝑝(𝑜𝑡 |𝑠𝑡) 𝑝(𝑠𝑡 |𝑠𝑡−1, 𝑎𝑡−1) 𝜋(𝑎𝑡 |𝑜𝑡) (3.2.1)

In the hierarchical RL (HRL) framework, the policy of the agent is decomposed

into hierarchically structured component policies. The lowest level in the hierarchy

operates at the finest time scale, the same as a flat RL policy. On the other hand,

the higher levels in the hierarchy operate at a coarser time scale, thus resulting in

temporal abstraction. This would allow HRL agents to explore the state space more

efficiently by leveraging sequential combinations of low-level policies (also referred to

as options or skills), allowing for a more efficient sequential decision-making [3,6,108]

in long-horizon tasks. Concurrently, temporal abstraction allows for a better credit

assignment through time, which is especially helpful in long-horizon, sparse and

delayed reward tasks [108,113].

Consider the simplest case of a two-level hierarchical agent composed of 𝜋H

and 𝜋L respectively representing the high and low-level policies. 𝜋H selects a skill

on which 𝜋L will be conditioned. In practice, 𝜋H is usually conditioned on the

low-level observations, and its time scale is often set to a fixed length denoted as

𝑘 hereafter [25, 30, 52, 113]. Denoting the skill space by E, and augmenting the
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generative process of the POMDP in Eq. 3.2.1 yields to following generative process:

𝑝(𝑂, 𝑆, 𝐴, 𝐸) =
𝐻/𝑘∏
𝜏=0

𝜋H(𝑒𝜏 |𝑜𝑘𝜏)
𝑘 (𝜏+1)∏
𝑡=𝑘𝜏

𝑝(𝑜𝑡 |𝑠𝑡)

𝑝(𝑠𝑡 |𝑠𝑡−1, 𝑎𝑡−1) 𝜋L(𝑠𝑡 |𝑜𝑡 , 𝑒𝜏).

(3.2.2)

The graphical models for Eq. 3.2.1 and Eq. 3.2.2 are illustrated in Fig. 3.1 (a) and (b),

respectively.

3.2.2 Hierarchically organized behavior

A growing body of studies [5,6,110,122] at the intersection of neuroscience, cognitive

science, psychology, and computational biology suggests that the human decision-

making process is hierarchically organized. For example, when faced with a task such

as making a trip abroad, humans will generally divide it into a sequence of sub-tasks

such as booking the flight, packing the luggage, driving to the airport, boarding the

plane, and so on. Each sub-task can be further divided into sub-sub-tasks, down to the

finest granularity of actions such as bodily movements. This concept is referred to as

temporal abstraction and allows us to efficiently learn, plan, and act in a wide gamut

of activities. It is a fundamental principle underlying the HRL framework introduced

in 3.2.1, where each of the aforementioned sub-tasks would be realized by learning

and executing the appropriate skill.

While existing HRL methods [25,30,52,60,108,113] do structure the decision-

making process of the agent hierarchically, the skill selection at higher levels in the

hierarchy is more often than not based on the observations at the finest level of the
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hierarchy. In the case of example task making a trip abroad, this is akin to having

the high-level policy decide to drive to the airport while using a very exhaustive

representation of the current state of the agent, instead of the more abstract state

luggage packed and ready to go to the airport.

Following this line of thought, [110,122] suggest that our hierarchical decision-

making process is intertwined with a corresponding temporally abstract state represen-

tation. Intuitively, such abstracted state representation would align with intermediate

sub-goals, milestones, or bottleneck states that contribute to solving the overall task,

thereby greatly simplifying planning, exploration, and execution.

The ability to create long-term plans and strategies without necessarily interacting

with the world happens to also be tied to such abstract state representation. This is

made possible by leveraging our internal model of the world, which is theorized to

also be hierarchical. For example, humans can imagine both the detailed process of

folding shirt (low-level), as well as the more abstract process of putting folded shirts

into the suitcase (high-level). Botvinick et al. empirically demonstrated the benefit of

having a temporally abstract model [5]. They proposed a model-based HRL variant

of the options framework [108], where the standard HRL agent is augmented with

a temporally abstract model that allows the agent to directly plan at a coarser time

scale. This resulted in a great improvement in performance, but also sample efficiency.

However, the skills, and the temporally abstract model were manually engineered, thus

limiting the generality of the proposed approach.

As suggested by [3], it would be desirable to endow HRL agents with an additional

mechanism that allows autonomous extraction of temporally abstract state, and the

corresponding temporal dynamics model. Moving toward a human cognition-inspired
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decision-making process, it becomes relevant to consider recent methods for dynamics

learning that fall under the umbrella of world modeling, to complement standard HRL

agents with a general, end-to-end mechanism for discovery and learning of temporally

abstract state representations and dynamics.

3.2.3 World models

The broad range of methods that have marked the recent resurgence of model-based

RL (MbRL) are referred to as world models [29, 33–35]. Such methods have not only

demonstrated either competitive or superior performance to the leading model-free

RL methods but also improved the sample efficiency of the agents.

One of the key factors behind the success of world modeling methods is the

introduction of self-supervised learning objectives [50] to learn more compact and

meaningful representations of the internal state belief 𝑠𝑡 in Fig. 3.1 (a). This allowed

separating the decision-making component (policy) from the raw and usually noisy

pixel-based observations, greatly simplifying the learning of the decision-making

process. Additionally, world modeling techniques leverage Recurrent Neural Networks

(RNN) [12, 28, 43], to approximate the state transition dynamics 𝑝(𝑠𝑡 |𝑠𝑡−1, 𝑎𝑡−1) from

Eq. 3.2.1. Such approximation can then be used to collect samples in an imaginary

environment in the place of the real environment, leading to a drastic improvement in

sample efficiency.

Through the series of Dreamer agents [33, 35], Hafner et al. take this concept

one step further by seamlessly incorporating the prediction of the reward and episode

termination with an actor-critic [31, 95] policy into the model. Leveraging the

differentiable dynamics of the latter allows Dreamer agents to directly improve their
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policy in an end-to-end manner over simulated trajectories.

To further emphasize the gap between the desideratum of this study and the existing

world modeling methods, let us consider how a world model enables RL agents to

also create plans (sequences of actions) without rolling out the physical or simulated

environment. This feature of models is indeed a close, albeit drastically simplified

version of our ability as humans to mentally simulate various scenarios and their

development for a given task. Namely, humans can maintain a set of intricately

organized internal beliefs about the surrounding environments and even the actors that

populate them. A practical example would be a game of chess, where a professional

player is planning multiple moves, anticipating various strategies of his opponent, and

developing counter moves. For an example more grounded in daily life activities, let

us again consider the task of planning a trip. For us, such planning is a process that

ranges over low-level details such as “what documents to prepare”, “which clothes to

take ?”, “what time to wake up at ?”, to more and more abstract levels such as “taking

the train from city A to city B both in country C” then “taking the plane from city B to

city D in country E”, and so on [110].

As humans, our decision-making process is indeed not limited to low-level and

densely detailed state beliefs (representations) of the world. Most, if not all world

model methods, however, only estimate the internal state belief and transition dynamics

at the finest time scale. Inspired by the theorized hierarchically structured model of

animals and humans presented in 3.2.2, this chapter seeks to augment conventional

modeling methods with a hierarchical structured dynamics model.
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3.2.4 Variational temporal abstraction

The variational temporal abstraction (VTA) [48] framework was introduced as a

discovery method for temporally hierarchical structure and representation in sequential

data. Formally, VTA assumes the existence of a sequence of observations 𝑂 =

{𝑜1, 𝑜2, ...𝑜𝐻} of length 𝐻 that can be decomposed into 𝑁 non-overlapping sub-

sequences 𝑂 = (𝑂1, 𝑂2, ..., 𝑂𝑁 ), such that each sub-sequence 𝑂𝑖 = {𝑜𝑖1:𝑙𝑖 } has length

𝑙𝑖, and
∑𝑁
𝑖=1 𝑙𝑖 = 𝐻. Each observation 𝑜𝑡 is generated from the corresponding low-level

state 𝑤𝑡 , such that each observation sub-sequence 𝑂𝑖 is associated with a low-level

state sub-sequence 𝑊𝑖. Finally, each low-level state sub-sequence 𝑊𝑖 is assumed to

have been generated from a temporally abstract state 𝑧𝑖.

To efficiently separate sub-sequences𝑊𝑖 corresponding to different 𝑧𝑖, the VTA

framework leverages a binary random variable 𝑀 referred to as binary boundary

indicator instead of modeling both the number of sub-sequences 𝑁 and their lengths

𝐿. At an arbitrary time-step 𝑡, the binary indicator 𝑚𝑡 specifies whether or not a new

sub-sequence starts at time step 𝑡 + 1. The generative process for an observed sequence

𝑂 is formally defined as follows:

𝑝(𝑂,𝑊, 𝑍, 𝑀) =
𝐻∏
𝑡=1

𝑝(𝑜𝑡 |𝑤𝑡) 𝑝(𝑤𝑡 |𝑧𝑡 , 𝑤𝑡−1, 𝑚𝑡−1)

𝑝(𝑧𝑡 |𝑧𝑡−1, 𝑚𝑡−1) 𝑝(𝑚𝑡 |𝑤𝑡).

(3.2.3)

The temporally abstract state 𝑧 and the low-level state abstraction 𝑤 are approximated

using the proposed hierarchical recurrent state-space model, which is trained using
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sequential variational inference [50].

While it does provide an adaptable mechanism to learn temporally abstracted

dynamics and the corresponding abstract states, it cannot be directly incorporated

into a hierarchically structured decision-making process. Namely, it does not model

the influence of the actions of either low or high-level actions originating as causal

components of the observed sequences.

3.3 Proposed method

3.3.1 Theoretical model

This section introduces the hierarchical world model (HWM), which combines

conventional world modeling techniques and VTA to capture flexible, temporally

abstract dynamics, and the corresponding state representations structured hierarchically.

First, let us consider the world model structure of the Dreamer agents [33, 35]

introduced in Section 3.2.3. For a given task formalized as a POMDP, such a world

model approximates the internal belief state 𝑠𝑡 as a single random variable using

sequential variation inference. Following the VTA [48] framework, it is assumed

that the internal belief state 𝑠𝑡 itself can be decomposed into the hierarchically

structured components 𝑤𝑡 , and 𝑧𝑡 , with the boundary indicator 𝑚𝑡 determining when

the temporally abstract transition takes place.

Since the main interest of this study is learning the dynamics of the environment,

let us consider the sequence of observations as generated by a fixed policy 𝜋, which

influence is hereafter represented by the random variable 𝐴. Based on Eq. 3.2.1, and
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(a) (b)

COPY UPDATE

(d) 

HRL

Four
Rooms

(c) 

HW
M

Fig. 3.1: (a) Graphical model of a POMDP task dynamics and decision-making process
of a flat RL agent. (b) Graphical model of the temporal abstraction introduced to the
task following the HRL framework. (c) Dynamic Bayesian network of the POMDP
task with a hierarchically structured state representation following the proposed HWM.
(d) Dynamic Bayesian network of the proposed HWM applied to the Four Rooms task.
The stochastic variable 𝑔 denotes the goal of the agent, and 𝑟𝐴 denotes the room of
the agent. The variables 𝑔 and 𝑟𝐴 would correspond to the 𝑧 variable in the proposed
HWM formulation. Finally, 𝑤 denotes more detailed information about the agent
relative to the room it is located in.
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Eq. 3.2.3 the generative process the proposed model is based upon is obtained formally

defined as follows:

𝑝(𝑂,𝑊, 𝑍, 𝑀 |𝐴) =
𝐻∏
𝑡=1

𝑝(𝑜𝑡 |𝑤𝑡 , 𝑧𝑡) 𝑝(𝑚𝑡 |𝑤𝑡 , 𝑧𝑡 , 𝑎𝑡)

𝑝(𝑧𝑡 |𝑧𝑡−1, 𝑚𝑡−1, 𝑤𝑡−1, 𝑎𝑡−1) 𝑝(𝑤𝑡 |𝑧𝑡 , 𝑤𝑡−1, 𝑎𝑡−1).

(3.3.1)

The corresponding graphical model is documented as Fig. 3.1 (c).

3.3.2 Learning and inference of task dynamics

The generative process proposed in Eq. 3.3.1 is modeled using a hierarchical recurrent

state-space model [48, 88]. More specifically, 𝑝𝜃 (𝑜𝑡 |𝑤𝑡 , 𝑧𝑡) is parameterized as the

decoder component of a variational auto-encoder [50]. The prior over the temporally

abstract transition is modeled by 𝑝𝜃 (𝑧𝑡 |𝑧𝑡−1, 𝑚𝑡−1, 𝑤𝑡−1, 𝑎𝑡−1) approximated using deep

neural networks.

To improve the modeling of long-term dynamics, 𝑧𝑡 is decomposed into a deter-

ministic component 𝑐𝑡 and stochastic component 𝑣𝑡 [33–35, 48]. The deterministic

transitions for 𝑐𝑡 are modeled using the following rule:

𝑐𝑡 =


𝑐𝑡−1 if 𝑚𝑡−1 = 0 (COPY)

𝑓z-rnn(𝑧𝑡−1, ℎ𝑡−1, 𝑐𝑡−1) otherwise (UPDATE)

where 𝑓z-rnn is a GRU neural network [12, 48], and ℎ𝑡−1 represents the preceding
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sequence of (𝑤, 𝑎) pairs. The stochastic component 𝑣𝑡 is implemented as a Normal

distribution: 𝑣𝑡 ∼ N(𝜇𝑣 (𝑐𝑡), 𝜎𝑣 (𝑐𝑡)), where 𝜇𝑣 and 𝜎𝑣 are parameterized by their

respective densely connected feed-forward neural networks. The temporally abstract

state 𝑧𝑡 is thus obtained by concatenating 𝑐𝑡 and 𝑣𝑡 .

Similarly, the low-level state 𝑤𝑡 is also decomposed into deterministic and stochastic

components, respectively denoted by ℎ𝑡 and 𝑦𝑡 . Unlike in VTA [48], ℎ𝑡 is seamlessly

updated like in Clockwork VAEs [88] using the rule:

ℎ𝑡 = 𝑓w-rnn
(
𝑤𝑡−1, 𝑎𝑡−1, ℎ𝑡−1

)
,

where 𝑓w-rnn is the GRU neural network associated with the low-level state tran-

sitions. The stochastic component 𝑦𝑡 is implemented using a normal distribution

𝑦𝑡 ∼ N(𝜇𝑦 (ℎ𝑡), 𝜎𝑦 (ℎ𝑡)), where 𝜇𝑦 and𝜎𝑦 are parameterized by their respective densely

connected feed-forward neural networks. The concatenation of ℎ𝑡 and 𝑦𝑡 is then used

to represent the low-level state 𝑤𝑡 .

Finally, the prior boundary detector 𝑝𝜃 (𝑚𝑡 |𝑤𝑡 , 𝑧𝑡 , 𝑎𝑡) is parameterized using a

densely connected neural network with a final sigmoid activation function.

The hierarchy of state representation components and the corresponding dynamics

is inferred [50] using the parameterized variational distribution 𝑞𝜙 (𝑍,𝑊, 𝑀 |𝑂, 𝐴).

The latter is decomposed as follows:

𝑞𝜙 (𝑍,𝑊, 𝑀 |𝑂) = 𝑞𝜙 (𝑀 |𝑂)
𝐻∏
𝑡=1

𝑞𝜙 (𝑤𝑡 |𝑧𝑡 , 𝑀,𝑂) 𝑞𝜙 (𝑧𝑡 |𝑀,𝑂), (3.3.2)
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with 𝑞𝜙 (𝑀 |𝑂) =
∏
𝑡 Bernoulli(𝑚𝑡 |𝜎(𝜑(𝑂))), where 𝜎 is the sigmoid function,

and 𝜑 is a temporal convolution operation over a sequence of observations. Both

𝑞𝜙 (𝑤𝑡 |𝑧𝑡 , 𝑀,𝑂) and 𝑞𝜙 (𝑧𝑡 |𝑀,𝑂) are approximated using the mean field approximation-

based method [48, 88].

The proposed model can be trained by maximizing the variational lower bound

(VLB) which is derived from Eq. 3.3.1 as follows:

log 𝑝(𝑂 |𝐴) = log
∑︁
𝑀

∫
𝑍,𝑊,𝐴

𝐻∏
𝑡=1

𝑝(𝑜𝑡 |𝑤𝑡 , 𝑧𝑡) 𝑝(𝑚𝑡 |𝑤𝑡 , 𝑧𝑡 , 𝑎𝑡)

𝑝(𝑧𝑡 |𝑧𝑡−1, 𝑚𝑡−1, 𝑤𝑡−1, 𝑎𝑡−1) 𝑝(𝑤𝑡 |𝑧𝑡 , 𝑤𝑡−1, 𝑎𝑡−1)

= log
∑︁
𝑀

∫
𝑍,𝑊

𝐻∏
𝑡=1

𝑝(𝑜𝑡 |𝑤𝑡 , 𝑧𝑡) 𝑝(𝑚𝑡 |𝑤𝑡 , 𝑧𝑡)

𝑝(𝑧𝑡 |𝑧𝑡−1, 𝑚𝑡−1, 𝑤𝑡−1) 𝑝(𝑤𝑡 |𝑧𝑡 , 𝑤𝑡−1)

= log
∑︁
𝑀

∫
𝑍,𝑊

𝑝(𝑂 |𝑊, 𝑍) 𝑝(𝑀 |𝑊, 𝑍) 𝑝(𝑍 |𝑍′, 𝑀′,𝑊′) 𝑝(𝑊 |𝑊′, 𝑍′)

≥
∑︁
𝑀

∫
𝑍,𝑊

𝑞(𝑊, 𝑍, 𝑀 |𝑂)

log
𝑝(𝑂 |𝑊, 𝑍) 𝑝(𝑀 |𝑊, 𝑍) 𝑝(𝑍 |𝑍′, 𝑀′,𝑊′) 𝑝(𝑊 |𝑊′, 𝑍′)

𝑞(𝑊, 𝑍, 𝑀 |𝑂)

=
∑︁
𝑀

∫
𝑍,𝑊

𝑞(𝑊, 𝑍, 𝑀 |𝑂)
[
log 𝑝(𝑂 |𝑊, 𝑍)+

log
𝑝(𝑀 |𝑊, 𝑍) 𝑝(𝑍 |𝑍′, 𝑀′,𝑊′) 𝑝(𝑊 |𝑊′, 𝑍′)

𝑞(𝑍,𝑊, 𝑀 |𝑂)

]
= E𝑞(𝑍,𝑊,𝑀 |𝑂)

[
log 𝑝(𝑂 |𝑊, 𝑍)

]
︸                               ︷︷                               ︸

reconstruction

−KL
[
𝑞(𝑍,𝑊, 𝑀 |𝑂) | | 𝑝(𝑍,𝑊, 𝑀)

]
︸                                       ︷︷                                       ︸

divergence
(3.3.3)

In practice, the parameter vectors 𝜃 and 𝜙 can thus be learned by maximizing the
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VLB derived from Eq. 3.3.3 such that:

log 𝑝(𝑂 |𝐴) ≥ E
𝑞𝜙

[
log 𝑝𝜃 (𝑂 |𝑊, 𝑍)

]
− KL

[
𝑞𝜙 (𝑍,𝑊, 𝑀 |𝑂) | | 𝑝𝜃 (𝑍,𝑊, 𝑀)

]
. (3.3.4)

Therefore, for a given sequence of observation-action pairs {(𝑜𝑡 , 𝑎𝑡)}𝐻𝑡=1, the VLB

derived in Eq. 3.3.4 is approximated as:

𝐽HWM(𝜃, 𝜙) =
𝑇∑︁
𝑡=1

log 𝑝𝜃 (𝑜𝑡 |𝑤𝑡 , 𝑧𝑡) − KL
[
𝑞𝜙 (𝑧𝑡) | | 𝑝𝜃 (𝑧𝑡)

]
−

KL
[
𝑞𝜙 (𝑤𝑡) | | 𝑝𝜃 (𝑤𝑡)

]
− KL

[
𝑞𝜙 (𝑚𝑡) | | 𝑝𝜃 (𝑚𝑡)

]
.

(3.3.5)

The first term in Eq. 3.3.5 corresponds to the reconstruction objective across the

observed sequence. The last three terms correspond to the Kullback-Leibler (KL)

divergence between the generative and variational distributions used to approximate

temporally abstract state 𝑧𝑡 dynamics, the low-level state 𝑤𝑡’s dynamics, and the

sequence segmentation based on the boundary indicator 𝑚𝑡 , respectively. More

specifically, the derivation of the empirical KL divergence term is obtained following

the subsequent procedure based on Eq. 3.3.3. For simplicity, the 𝜃 and 𝜙 parameters

are omitted.

KL[𝑞 | | 𝑝] =
∑︁
𝑀

∫
𝑍,𝑊

𝑞(𝑍,𝑊, 𝑀 |𝑂)
[
log 𝑞(𝑍,𝑊, 𝑀 |𝑂) − log 𝑝(𝑍,𝑊, 𝑀)

]
(3.3.6)
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=
∑︁
𝑀

𝑞(𝑀 |𝑂)
[
log 𝑞(𝑀 |𝑂) +

∑︁
𝑡

∫
𝑍,𝑊

𝑞(𝑍,𝑊 |𝑀,𝑂)

log
𝑞(𝑧𝑡 |𝑀,𝑂) 𝑞(𝑤𝑡 |𝑧𝑡 , 𝑀,𝑂)

𝑝(𝑧𝑡 |𝑧𝑡−1, 𝑚𝑡−1) 𝑝(𝑤𝑡 |𝑤𝑡−1, 𝑧𝑡−1) 𝑝(𝑚𝑡 |𝑤𝑡 , 𝑧𝑡)

]
≈
∑︁
𝑀

𝑞(𝑀 |𝑂)
[
log 𝑞(𝑀 |𝑂) +

∑︁
𝑡

∫
𝑧𝑡 ,𝑤𝑡

𝑞(𝑧𝑡 , 𝑤𝑡 , |𝑀,𝑂)

log
𝑞(𝑧𝑡 |𝑀,𝑂) 𝑞(𝑤𝑡 |𝑧𝑡 , 𝑀,𝑂)

𝑝(𝑧𝑡 |𝑧𝑡−1, 𝑚𝑡−1) 𝑝(𝑤𝑡 |𝑤𝑡−1, 𝑧𝑡−1) 𝑝(𝑚𝑡 |𝑤𝑡 , 𝑧𝑡)

]
=
∑︁
𝑀

𝑞(𝑀 |𝑂)
[
log 𝑞(𝑀 |𝑂) +

∑︁
𝑡

KL
[
𝑞′(𝑧𝑡) | | 𝑝′(𝑧𝑡)

]
+∫

𝑧𝑡 ,𝑤𝑡

𝑞(𝑧𝑡 , 𝑤𝑡 , |𝑀,𝑂) log
𝑞(𝑤𝑡 |𝑧𝑡 , 𝑀,𝑂)

𝑝(𝑤𝑡 |𝑤𝑡−1, 𝑧𝑡−1) 𝑝(𝑚𝑡 |𝑤𝑡 , 𝑧𝑡)

]
=
∑︁
𝑀

𝑞(𝑀 |𝑂)
[
log 𝑞(𝑀 |𝑂) +

∑︁
𝑡

KL
[
𝑞′(𝑧𝑡) | | 𝑝′(𝑧𝑡)

]
+∫

𝑧𝑡

𝑞′(𝑧𝑡)︸︷︷︸
sample 𝑧𝑡

KL
[
𝑞′(𝑤𝑡) | | 𝑝′(𝑤𝑡)

]
− log 𝑝(𝑚𝑡 |𝑤𝑡 , 𝑧𝑡)

]

≈
∑︁
𝑀

𝑞(𝑀 |𝑂)
[
log 𝑞(𝑀 |𝑂) +

∑︁
𝑡

KL
[
𝑞′(𝑧𝑡) | | 𝑝′(𝑧𝑡)

]
+

KL
[
𝑞′(𝑤𝑡) | | 𝑝′(𝑤𝑡)

]
− log 𝑝(𝑚𝑡 |𝑤𝑡 , 𝑧𝑡)

]
=
∑︁
𝑀

𝑞(𝑀 |𝑂)
[
log

∏
𝑡 𝑞(𝑚𝑡 |𝑂)∏

𝑡 𝑝(𝑚𝑡 |𝑤𝑡 , 𝑧𝑡)
+
∑︁
𝑡

KL
[
𝑞′(𝑧𝑡) | | 𝑝′(𝑧𝑡)

]
+

KL
[
𝑞′(𝑤𝑡) | | 𝑝′(𝑤𝑡)

] ]

58



=
∑︁
𝑡′

KL
[
𝑞′(𝑚𝑡′) | | 𝑝′(𝑚𝑡′)

]
+
∑︁
𝑀

𝑞(𝑀 |𝑂)︸   ︷︷   ︸
sample𝑚𝑡

[
∑︁
𝑡

KL
[
𝑞′(𝑧𝑡) | | 𝑝′(𝑧𝑡)

]
+ KL

[
𝑞′(𝑤𝑡) | | 𝑝′(𝑤𝑡)

] ]
≈
∑︁
𝑡

KL
[
𝑞′(𝑚𝑡) | | 𝑝′(𝑚𝑡)

]
︸                 ︷︷                 ︸
sequence decomposition

+KL
[
𝑞′(𝑧𝑡) | | 𝑝′(𝑧𝑡)

]
︸                   ︷︷                   ︸

temporal abstraction

+KL
[
𝑞′(𝑤𝑡) | | 𝑝′(𝑤𝑡)

]
︸                    ︷︷                    ︸
low-level state abstraction

(3.3.7)

where 𝑞′(𝑧𝑡) = 𝑞(𝑧𝑡 |𝑀,𝑂) and 𝑝′(𝑧𝑡) = 𝑝(𝑧𝑡 |𝑧𝑡−1, 𝑚𝑡−1, 𝑤𝑡−1, 𝑎𝑡−1),

𝑞′(𝑤𝑡) = 𝑞(𝑤𝑡 |𝑧𝑡 , 𝑀,𝑂) and 𝑝′(𝑤𝑡) = 𝑝(𝑤𝑡 |𝑤𝑡−1, 𝑎𝑡−1, 𝑧𝑡),

𝑞′(𝑚𝑡) = 𝑞(𝑚𝑡 |𝑂) and 𝑝′(𝑚𝑡) = 𝑝(𝑚𝑡 |𝑤𝑡 , 𝑧𝑡 , 𝑎𝑡)

3.3.3 Incorporation with an actor-critic

To enable decision-making based on the proposed HWM, the model is further extended

with a reward predictor 𝑝𝜃 (𝑟𝑡 |𝑤𝑡 , 𝑧𝑡). This predictor is approximated as a Normal

distribution 𝑟𝑡 ∼ N(𝜇𝑟 (𝑤𝑡 , 𝑧𝑡), 1) where the mean 𝜇𝑟 (𝑤𝑡 , 𝑧𝑡) is parameterized using

a feed-forward neural network. The reward predictor is then trained to maximize

the likelihood of the reward 𝑟𝑡 collected during trajectory sampling. Formally, this

corresponds to minimizing the objective function 𝐽R(𝜃, 𝜙) =
∑𝐻
𝑡=1 −log 𝑝𝜃 (𝑟𝑡 |𝑤𝑡 , 𝑧𝑡)

jointly with 𝐽HWM(𝜃, 𝜙) defined in Eq. 3.3.5.

Following [33, 35], the actor-critic is composed of an action and a value model. In

the scope of this chapter, let the action model be denoted as the policy 𝜋𝜓 (𝑎ℎ |𝑤ℎ, 𝑧ℎ)

to be a distribution over discrete actions. The value model is defined as a state value
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function that estimates the average reward-to-go from a given state (𝑤ℎ, 𝑧ℎ), formally

expressed as follows:

𝑉 𝑡𝜓 = 𝑉𝜓 (𝑤𝑡 , 𝑧𝑡) ≈ E𝑞𝜙 (·|𝑤𝑡 ,𝑧𝑡 )
[ 𝑡+𝐻∑︁
ℎ=𝑡

𝛾ℎ−𝑡𝑟ℎ
]
.

Here, 𝜓 denotes the vector of parameters that form the layers of the deep neural

networks expressing both 𝜋𝜓 and 𝑉𝜓 .

The training objective of the value function is to regress the𝑉 𝑡
𝜓

estimate to the state

value target denoted as𝑉 𝑡
𝜆
. The latter is estimated using the 𝜆-return estimation [33,35].

The objective function for the value learning components is thus formally expressed

as:

𝐽V(𝜓) = E𝑝𝜃 (𝑤𝑡 ,𝑧𝑡 )
[ 𝑡+𝐻∑︁
ℎ=𝑡

1
2
����𝑉𝜓 (𝑤ℎ, 𝑧ℎ) −𝑉 ℎ𝜆 ����2] (3.3.8)

The role of the actor component is to select the action that maximizes leads to states

with maximal value estimation. Exploration is implicitly incorporated by regularizing

the policy entropy following [31, 35]. This is formally expressed as follows:

𝐽𝜋 (𝜓) = E𝑝𝜃 (𝑤𝑡 ,𝑧𝑡 )
[ 𝑡+𝐻∑︁
ℎ=𝑡

−log 𝜋𝜓 (𝑎𝑡 |𝑤ℎ, 𝑧ℎ) sg(𝑉 ℎ𝜓 ) − 𝜂H
[
𝑎ℎ |𝑤ℎ, 𝑧ℎ

] ]
(3.3.9)

with sg denoting the gradient stopping operation,H the entropy of the policy 𝜋𝜓 , and

𝜂 the entropy regularization coefficient.

Finally, the actor-critic component objective function 𝐽AC(𝜓) is then constructed
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as follows:

𝐽AC(𝜓) = 𝐽𝜋 (𝜙) + 𝐽V(𝜓). (3.3.10)

The overall cost function of the proposed HWM as a representation learning

component, and the actor-critic component to be minimized is thus expressed as

follows:

𝐽 (𝜃, 𝜙, 𝜓) = 𝐽HWM(𝜃, 𝜙) + 𝐽R(𝜃, 𝜙) + 𝐽AC(𝜓). (3.3.11)

While in practice the actor-critic component is jointly trained with the proposed HWM,

let us emphasize that 𝐽AC(𝜓) is minimized over simulated trajectories of length 𝐻,

instead of directing relying on data sampled during rollouts of the agent [14,30,95].

Those simulated trajectories are produced by the approximated dynamics transitions

𝑝𝜃 (𝑤𝑡), 𝑝𝜃 (𝑧𝑡), and 𝑝𝜃 (𝑚𝑡) of the proposed HWM that were described in Section 3.3.1

and 3.3.2.

3.3.4 HRL extension of the decision-making

This section motivates how the proposed HWM can be further leveraged in the context

of the HRL framework. This ties into bringing the decision-making process of HRL

agents toward one that is more aligned with the hierarchically organized behavior

observed in animals and humans, as described in Section 3.2.2.

To this end, let us first extend the proposed generative process in Eq. 3.2.1 to

account for the decision-making of an HRL agent. The resulting generative process is
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Fig. 3.2: Dynamic Bayesian network representing the generative process combining
the HWM and HRL frameworks. The red line emphasizes the influence of the
high-level policy’s action over the high-level, temporally abstract state 𝑧’s transition
modeled by the proposed HWM.

illustrated in Fig. 3.2 while being formally expressed as:

𝑝(𝑂,𝑊, 𝑍, 𝑀, 𝐴, 𝐸) =
𝐻∏
𝑡=1

𝑝(𝑜𝑡 |𝑤𝑡 , 𝑧𝑡) 𝑝(𝑚𝑡 |𝑤𝑡 , 𝑧𝑡 , 𝑎𝑡)

𝑝(𝑧𝑡 |𝑧𝑡−1, 𝑚𝑡−1, 𝑤𝑡−1, 𝑎𝑡−1)

𝑝(𝑤𝑡 |𝑧𝑡 , 𝑤𝑡−1, 𝑎𝑡−1)

𝜋L(𝑎𝑡 |𝑤𝑡 , 𝑧𝑡 , 𝑒𝑡) 𝜋H(𝑒𝑡 |𝑧𝑡).

(3.3.12)
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Marginalizing out the observation 𝑂, low-level state representation component 𝑊 ,

boundary indicator 𝑀 , and the low-level action 𝐴 variables from Eq. 3.3.12 allows the

recovery of the temporally abstract MDP:

𝑝(𝑍, 𝐸) =
∏
𝜏

𝑝(𝑧𝜏 |𝑧𝜏−1, 𝑒𝜏−1) 𝜋H(𝑒𝜏 |𝑧𝜏). (3.3.13)

Such temporally abstract MDP can be considered as a simplified version of the task

to solve. The motivation for such an abstraction mechanism is intuited in Fig. 3.3.

Given the example of the Four Rooms task introduced in Section 3.4, this abstract

MDP would correspond to a simpler problem of navigating between the eight rooms,

as illustrated at the layer (c) in Fig. 3.3. Namely, the high-level policy 𝜋H would thus

be set to solve the task of making the overall agent reach a given room by guiding

the low-level policy. At the low level, the corresponding sub-policy expressed by 𝜋L

executes the necessary sequence of actions that concretizes the high-level instruction,

as proposed in the HRL framework [3, 16, 25, 60, 108].

By doing so, the resulting HWM HRL Dreamer agent is expected to expedite the

exploration process in virtue of said exploration being conducted over a temporally

abstracted and principled state space. This also happens to align with how a human

would decompose such a task, and learn how to solve it efficiently, as described in

Section 3.2.2.

Next, the training objective for each component of the aforementioned HWM HRL

Dreamer agent is derived. From the theoretical perspective, the temporally abstract

MDP derived in Eq. 3.3.13 happens to exactly match the standard MDP formulation
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Fig. 3.3: Conceptual diagram based on the Four Rooms task, illustrating the different
levels of abstractions that the proposed HWM is designed to model. At the level of
raw pixel-based observations (a), the optimal trajectory of the agent from its starting
room to the goal tile is depicted using white arrows. From that layer (a), humans can
generally conceptualize a simpler state abstraction (b) that focuses on each cell of the
maze that the agent can traverse. This abstraction layer would be equivalent to the
low-dimensional latent space that a world model such as the one in Dreamer learns.
Finally, layer (c) represents the temporally abstract state space that the proposed HWM
is specifically designed to model. At this layer, all the cells that form a room of the
maze are considered as an aggregate state. This simplifies the original task to the
problem of navigating from the starting room to the room that contains the goal (exit).
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upon which RL algorithms are based upon [106]. This is intuitively illustrated in

Fig. 3.3. Consequently, any RL method that is proven to work with a task that follows

the standard MDP formulation can also be applied at the temporally abstract layer.

The proposed HWM Dreamer agent described in Section 3.3.3 thus appears a

natural fit for such an extension. First, the state value estimator corresponding to

the low-level policy is overloaded with the high-level action [89]. By doing so, the

state value estimator at the low level approximates the value of being in a given state

when following an arbitrary instruction from the high-level policy. Formally, this is

equivalent to replacing all occurrences of 𝑉𝜓 (𝑤ℎ, 𝑧ℎ) in Eq. 3.3.8 with 𝑉L
𝜓
(𝑤ℎ, 𝑧ℎ, 𝑒ℎ).

This overloaded state value objective function is hereafter referred to as 𝐽L
V(𝜓) to

indicate that it corresponds to the low-level policy 𝜋L
𝜓
. Namely,

𝐽L
V(𝜓) = E𝑝𝜃 (𝑤𝑡 ,𝑧𝑡 )

[ 𝑡+𝐻∑︁
ℎ=𝑡

1
2
����𝑉L

𝜓 (𝑤ℎ, 𝑧ℎ, 𝑒ℎ) −𝑉
L,ℎ
𝜆

����2] (3.3.14)

Similarly, the actor’s objective function 𝐽𝜋 (𝜓) defined in Eq. 3.3.9 is also overloaded

to account for the guidance of the low-level policy 𝜋L
𝜓

by the high-level policy 𝜋H
𝜓

as

follows:

𝐽L
𝜋 (𝜓) = E𝑝𝜃 (𝑤𝑡 ,𝑧𝑡 )

[ 𝑡+𝐻∑︁
ℎ=𝑡

−log 𝜋L
𝜓 (𝑎𝑡 |𝑤ℎ, 𝑧ℎ, 𝑒ℎ) sg(𝑉

L,ℎ
𝜓
) − 𝜂H

[
𝑎ℎ |𝑤ℎ, 𝑧ℎ, 𝑒ℎ

] ]
.

(3.3.15)

At the high level, the policy 𝜋H
𝜓

outputs a high-level action based on the high-

level component 𝑍 of the proposed hierarchical state representation described in
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Section 3.3.2. The learning objective for the high-level state value estimator 𝑉H
𝜓

is

thus derived following the same principles as the for the traditional state value case

described in Section 3.3.3. This is formally expressed as follows:

𝐽H
V (𝜓) = E𝑝𝜃 (𝑧𝑡 )

[ (𝑡+𝐻)/𝑘∑︁
𝜏=𝑡

1
2
����𝑉H

𝜓 (𝑧𝜏) −𝑉
H,𝜏
𝜆

����2] (3.3.16)

where 𝜏 designates a time step at the coarser, temporally abstract level. To simplify

the notation, it is assumed to temporally abstract transition occurs at a fixed interval

𝑘 , hence the values of 𝜏 ranging from the arbitrary time step 𝑡 to (𝑡 + 𝐻)/𝑘 , with 𝐻

being the maximal length of a trajectory simulated using the learned dynamics. In

practice, such transitions are of variable length and dictated by the prior distribution

over the boundary indicator described in Section 3.3.2.

Consequently, the learning objective for 𝜋H
𝜓

is similarly deduced from Eq. 3.3.9 as

follows:

𝐽H
𝜋 (𝜓) = E𝑝𝜃 (𝑧𝑡 )

[ (𝑡+𝐻)/𝑘∑︁
𝜏=𝑡

−log 𝜋H
𝜓 (𝑒𝜏 |𝑧𝜏) sg(𝑉

H,𝜏
𝜓
) − 𝜂H

[
𝑒𝜏 |𝑧𝜏

] ]
. (3.3.17)

Aggregating the actor-critic losses for the low-level and high-level policies as

𝐽L
AC(𝜓) = 𝐽

L
𝜋 (𝜓) + 𝐽L

V(𝜓)
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and

𝐽H
AC(𝜓) = 𝐽

H
𝜋 (𝜓) + 𝐽H

V (𝜓)

respectively, the final training objective for an HWM HRL Dreamer agent can be

expressed as:

𝐽HWM-HRL(𝜃, 𝜙, 𝜓) = 𝐽HWM(𝜃, 𝜙) + 𝐽R(𝜃, 𝜙) + 𝐽L
AC(𝜓) + 𝐽

H
AC(𝜓) (3.3.18)

3.4 Experimental setting

The experiments are grounded in one of the representative tasks of the HRL setting

referred to as Four Rooms [108], illustrated in Fig. 3.3 (a). This study was built on top

of the publicly available implementation referred to as the MiniGrid-FourRooms-v0

environment, provided by [11]. By default, this environment provides RGB images as

observations to the RL agent.

In Four Rooms, the agent (red triangle) illustrated in Fig. 3.3) (a) has to reach the

exit (green tile) within a maximal episode length of 𝐻 = 100 steps. The layout of the

maze, which determines the position of the doors is fixed across all episodes. Both the

starting position of the agent and the goal are set randomly at the beginning of each

episode. The action space is simplified to three actions: turn left, turn right, and move

forward.

For this study, let us consider a decomposed state representation of 𝑠𝑡 , illustrated

in Fig. 3.1 (d). Namely, the state of the whole maze can be efficiently described using

3 random variables. First, let 𝐺 encode the room of the goal, as well as the relative

67



x and y coordinates of the goal in said room. Next, the agent position in the maze

can be decomposed into the room of the agent, denoted as the random variable 𝑅𝐴,

and the variable𝑊 that encodes the relative x and y coordinates of the agent in 𝑅𝐴,

as well as the direction it is facing. This is derived from the observation that the

information encoded by 𝐺 is fixed across an episode, while the room of the agent 𝑅𝐴

changes less frequently when compared to the x and y coordinates, or the direction

of the agent encoded in𝑊 . Notice that this compact representation can be matched

with the two-level hierarchy of the proposed HWM as illustrated in Fig. 3.1 (c), by

collapsing both 𝐺 and 𝑅𝐴 into the variable 𝑍 , because they both change at a slower

pace than𝑊 . This is motivated by the experimental results of [88], stipulating that in

a hierarchically structured recurrent state-space model, slowly changing information

in the observations is encoded into higher levels of the latent variable hierarchy.

Meanwhile, fast-changing components are encoded at the lower levels.

The first experimental phase is designed to demonstrate how the proposed HWM

captures adaptable temporally abstracted state dynamics. To this end, an RL agent

instantiated as Proximal Policy Optimization (PPO) algorithm [95] is trained using the

reference implementation provided in the Stable Baselines 3 RL algorithm library [80].

The pre-trained PPO agent is used to generate a dataset of 25, 000 observation-action

pairs (𝑜𝑡 , 𝑎𝑡), corresponding to 1, 736 distinct episode trajectories. This dataset is then

used to train an instance of the proposed HWM without an actor-critic component, to

maximize the objective function 𝐽HWM(𝜃,𝜙) derived in Eq. 3.3.5.

The second experimental phase aims to investigate whether or not the proposed

HWM is a valid world modeling method, and if it provides any performance or

sample efficiency improvement over classical world modeling methods. Using the
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Dreamer agent [33, 35] as baseline, this chapter investigates two variants based on

the proposed HWM. Namely, the first variant denoted as HWM Dreamer leverages

the same configuration as the Dreamer baseline agent, while substituting standard the

vanilla world-modelwith the proposed HWM as representation learninig component,

as described in Section 3.3.3. In other words, the HWM Dreamer is used to isolate

the contribution of the proposed HWM itself. The second variant hereafter referred

to as HWM HRL Dreamer combines the hierarhical state representation learned by

the proposed HWM and the extended HRL agent described in Section 3.3.4. This

variant implements the temporally abstract, high-level decision-making inspired by

that of animal and human cognition, as motivated in Section 3.2.2, and is used to

investigate the benefit or lack thereof of abstract decision-making and temporally

abstract exploration in model-based HRL agents. Due to computational limitations,

the agents are trained for 2, 000, 000 environment steps, corresponding to 400, 000

model and actor-critic update steps for MiniGrid-FourRoooms-v0.

3.5 Results

3.5.1 Hierarchically structured state representation

Recall that the purpose of the HWM is to provide (1) a temporally abstract state

representation summarizing an arbitrary number of lower-level states while at the

same time filling the role of a world model [29,33,35]. Additionally, the model should

also provide (2) an adaptive temporal abstraction mechanism to divide trajectories

into coherent sub-sequences [48].
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To evaluate the proposed method, a trained instance of the proposed HWM

following the setting described in Section 3.4 is fed trajectories of observation-action

pairs (𝑜𝑡 , 𝑎𝑡). For each trajectory, the first temporally abstract state 𝑧0 is inferred

using the learned posterior 𝑞𝜙 (𝑧𝑡). For 𝑡 > 0, the temporal transition is modeled

using the learned 𝑝𝜃 (𝑧𝑡). The lower-level state 𝑤𝑡 at each step is inferred using the

posterior 𝑞𝜙 (𝑤𝑡), identically to Dreamer agents [33,35]. The boundary indicator 𝑚𝑡 is

estimated using the learned prior distribution 𝑝𝜃 (𝑚𝑡). Finally, each observation 𝑜𝑡 is

reconstructed using the learned decoder 𝑝𝜃 (𝑜𝑡 |𝑤𝑡 , 𝑧𝑡).

From lines (a) and (e) in Fig. 3.4, it can be seen that the HWM manages to accurately

reconstruct the provided observations, while modeling the high and low-level state

transitions, thus satisfying the requirement (1). Requirement (2) is also satisfied, as

the prior boundary indicator 𝑝𝜃 (𝑚𝑡) can accurately predict the change in the room of

the agent. This is indicated in Fig. 3.4 by a change of color at the next step every time

the prior boundary indicator detects a new segment. In this specific case, the proposed

trajectory segmentation also coincides with the intuited abstracted dynamics that were

derived for the Four Rooms task, as illustrated in Fig. 3.1 (d). Through the lines (b),

(c), and (d) in Fig. 3.4, this study aims to illustrate what part of the reconstructed

observation each of the latent variables 𝑧𝑡 and 𝑤𝑡 is responsible for. From (b), it can

be observed that only the layout of the maze is reconstructed when zeros are passed as

input to the decoder 𝑝𝜃 (𝑜𝑡 |𝑤𝑡 , 𝑧𝑡). Moreover, there are smeared traces of red color over

the mazes, reminiscent of the agent depiction. The agent itself, however, is missing in

the reconstructed observation.

When conditioning the decoder on the high-level state 𝑧𝑡 only, the goal tile, as well

as a blurry depiction of the agent, appear in the reconstructions, illustrated by line (c).
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Fig. 3.4: Illustrative example of the reconstruction and segmentation of an arbitrary
trajectory performed by the proposed HWM. Each color represents a segment that
corresponds to a temporally abstract state 𝑠𝑡 . The segmentation is performed using the
learned prior boundary distribution 𝑚𝑡 ∼ 𝑝𝜃 (𝑚𝑡). Intermediate steps of long segments
are omitted. Row (a) shows the ground truth observation of the trajectory. From row
(b) to (e), the hierarchically structured components 𝑧𝑡 and 𝑤𝑡 of the HWM’s state belief
are progressively turned on just before reconstructing the observed frame.

On the other hand, when conditioning the decoder solely on 𝑤𝑡 , not only is the goal

absent from the frame but the position of the agent in the maze becomes ambiguous,
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as illustrated in line (d).

These results suggest that the information about the goal and the room of the agent

tend to be encoded at the higher level by 𝑧𝑡 , while other, more refined information

is encoded at the lower level by 𝑤𝑡 . Notice also how the traces of red are present in

rows (b) and (d) become absent once 𝑧𝑡 has been incorporated in row (c). The red

traces could be attributed to the ambiguity regarding the information about the agent’s

position in the state representation used for the reconstruction. This further strengthens

the observation that 𝑧𝑡 also encodes information that contributes to precisely situating

the agent in the maze, which is also corroborated by [88].

One caveat would be that the role of encoding information about the agent seems

to be shared by the combination of 𝑤𝑡 and 𝑧𝑡 . Namely, on line (c) at time step 𝑡 = 8,

the blurry agent is depicted in the room corresponding to the previous segment of

𝑡 ∈ {1, ..., 7}. Concurrently, on line (d) at time steps 𝑡 ∈ {7, 8, 9}, the agent is localized

in the correct room, albeit with a less defined depiction. This could be solved by

further refining the HWM’s structure and using methods such as [40, 125] to better

disentangle the information captured toward different levels of the hierarchy.

3.5.2 Sample efficiency and performance improvement

Fig. 3.5 documents the averaged episodic return across four seeds for MiniGrid-

FourRooms-v0. First, the HWM Dreamer (green line) that uses the proposed HWM

instead of the reference world model [33, 35] demonstrates a non-negligible gain

in sample efficiency, when compared to the baseline Dreamer agent (blue line).

Namely, the added constraint of learning a hierarchically structured state representation

incentivizes the HWM to disentangle correlated aspects of the task’s dynamics into
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Fig. 3.5: Averaged episodic return of each agent variant across 4 seeds. The vertical
axis holds the episodic return values, while the horizontal one shows the number of
time steps (environment interactions).

different (hierarchical) levels of the state feature vector. This in turn allows the

downstream critic and policy deep neural networks to estimate the optimality of the

value and action more effectively than conventional representation learning in the

reference world modeling methods [34, 35], resulting in a drastic improvement in

sample efficiency compared to the Dreamer baseline. Moreover, it also has comparable

performance with the Dreamer baseline.

This would suggest that owing to its hierarchically structured internal state

representation, the proposed HWM further learns a state representation that accelerates
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and stabilizes the learning of the actor-critic component.

Next, the proposed HWM HRL Dreamer (purple line) that uses both the HWM

and the model-based HRL decision-making proposed in 3.3.4 demonstrates further

improvement in final performance as well as sample efficiency when compared to both

HWM Dreamer and the Dreamer baseline. This can be attributed to the benefit of

temporally abstract exploration that allows the high-level policy to better guide the

lower level across the maze, as intuited in 3.3. However, given the relative simplicity of

the MiniGrid-FourRooms-v0 investigated, the gain in sample efficiency from high-level

exploration is limited, leading to a marginal improvement of HWM HRL Dreamer over

HWM Dreamer. The gain in sample efficiency of the former is expected to increase

proportionally to the difficulty of the task. For example, in mazes with larger rooms,

higher count of rooms, or generally more intricate labyrinth layouts, exploring at the

temporally abstract level is expected to yield better sample efficiency compared to

baseline methods, which is a promising avenue to explore in future works.

3.6 Conclusion

This study leveraged the recent progress in world modeling methods and the framework

of variation temporal abstraction to propose the hierarchical world model (HWM).

The proposed model captures both temporally abstract and granular dynamics, as well

as the corresponding hierarchically structured state representations.

Owing to its design, the HWM maintains the ability of world model methods [29,

33–35] to provide a compact state representation that is also hierarchically structured

for standard MbRL agents. This was verified in our preliminary experiments, which
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demonstrated an increase in sample efficiency and final performance for a Dreamer

agent that used the proposed HWM instead of its original world model component.

A complementary set of experiments also show that the proposed HWM can learn

semantically meaningful, temporally abstract state representations that happen to

align with human understanding of the task to solve. Empirically, the proposed

HWM HRL Dreamer agent was demonstrated to achieve higher sample efficiency

and maintains stable final performance when compared to the baseline trained under

the same experimental setting. Additionally, this chapter also demonstrates how the

adaptive temporal abstraction mechanism provided by the HWM can be extended

onto an HRL agent, thus building toward a human cognition-based, hierarchically

structured decision-making process.

As previously motivated in Chapter 1 and 2, while imitating the behavior of human

experts based on available demonstration can yield high-performing agents that can still

behave predictably from the human perspective, it is far from sufficient when deploying

RL agents on real-world tasks. Namely, besides their qualitative requirements, one

practical limitation of RL agents is the efficiency of the training pipeline itself.

Therefore, training satisfactory enough RL agents can require computational resources

and training time proportional to the complexity of the task that society might benefit

from automating via RL. The deployment of RL methods in real-world, high-impact

tasks would thus benefit from any gain in efficiency at a lower level of the training

process. Consequently, the next chapter dives into the investigation of low-level

implementation practice of trust region-based RL methods, to further improve the

efficiency, reliability, and robustness of the trained agents.
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Chapter 4 An Empirical Investigation

of Early Stopping

Optimization in Proximal

Policy Optimization

4.1 Introduction

The plethora of DRL method developed in the recent has been accompanied by a

broad variety of implementations framework and techniques [62, 67, 94, 95]. One

caveat stems from the freedom in implementation and the openness to interpretation

of most DRL methods is that the same algorithm can yield drastically different results,

depending on the structure of the implementation or even the software framework

used.

Recent work by Engstrom, Ilyas et al. [22] suggests that code-level optimizations,

which are optimization techniques employed in the implementation of a given algorithm

that often does not appear on the published pseudo-code, could be fully responsible
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(d) Dynamic versus static 𝐾

Fig. 4.1: (a) shows the Normalized Episode Reward (NER) of PPO, PPO with
KLE-Stop, and PPO with KLE-Rollback for varying 𝐾, averaged over 11 tasks of
robotic control; its shaded region represents the variance against different 𝑑𝑡𝑎𝑟𝑔𝑒𝑡 .
As a specific example in Halfcheetah-v2, (b) demonstrates that the KLE-Stop and
KLE-Rollback are less susceptible to degenerate performance when 𝐾 is high, (c)
illustrates the KL explosion phenomenon that occurs when 𝐾 is set too high for the
PPO algorithm, and (d) shows the average update iteration per epoch; early-stopping
optimizations dynamically adjust 𝐾 based on the mean KL divergence 𝐷̄KL between
the target and current policy.

for a significant portion of the algorithm’s performance improvement, pointing out

that these optimizations require more attention from the research community. This

chapter delves into the study of the effect of one such optimization that is initially

referred to as “early stopping” [1] in the openai/spinningup library’s implementation

of the Proximal Policy Optimization (PPO) algorithm [95]. The key idea of early

stopping methods is to measure how much is the policy changing with each update
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(using the Kullback-Leibler Divergence [53]), and prevent updates that change the

policy too abruptly. Hereafter, the standard version of early stopping is referred to as

KLE-Stop, while using (KL Enforcement-Stop) to refer to the early stopping which

stops any further updates when KL divergence between policy updates goes over a

predefined threshold. Following a thorough survey of related works, the KLE-Stop

concept appeared to not have been discussed in any existing literature. Intuitively,

KLE-Stop is a flexible method to dynamically determine the best “number of update

iterations per epoch” (𝐾) to apply to the policy network at each epoch, based on a

heuristic. KLE-Stop is interesting, since existing published work does not provide any

insights regarding the choice of the 𝐾 hyper-parameter for PPO, and the values used

differ across publications and implementations. For example, Schuman et al. [95] uses

𝐾 = 10 for Mujoco, and 𝐾 = 15 for Roboschool, 𝐾 = 4 for Atari environments, while

openai/spinningup uses a surprising 𝐾 = 80 coupled with KLE-Stop for Mujoco.

More specifically, the KLE-Stop technique works as follows: after every update

iteration applied to the policy network in PPO, the average Kullback–Leibler (KL)

divergence [53] 𝐷̄KL between the target policy and current policy is measured. If such

divergence is greater than a preset threshold 𝑑target, KLE-Stop will stop future policy

updates. The motivation behind KLE-Stop is clearly to make sure 𝐷̄KL does not get

any larger by continuing to perform gradient steps if 𝐷̄KL > 𝑑target. However, notice

KLE-Stop does not guarantee that 𝐷̄KL ≤ 𝑑target. In an unlikely situation, the last

gradient step could make 𝐷̄KL to be significantly larger than 𝑑target. Therefore, a more

conservative variant dubbed KLE-Rollback, which rolls back to the policy just before

the threshold was crossed is also included in the experimental study.

Experiments are conducted with PPO that is augmented with all the code-level
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optimization implemented in openai/baselines to study if early stopping optimizations

(KLE-Stop and KLE-Rollback) could improve PPO’s performance, robustness, and

sample efficiency. The main findings of those experiments are as follows:

1. PPO’s sensitivity to 𝐾: PPO’s performance was found to be highly sensitive

to the hyper-parameter “number of update iterations per epoch” 𝐾. Fig. 4.1a

shows the overall trend of the performance of PPO with varying 𝐾 . From 𝐾 = 4

to 𝐾 = 20, the Normalized Episode Reward (NER), averaged over 11 tasks, of

PPO increases progressively until reaching the peak. From 𝐾 = 40 to 𝐾 = 80,

however, NER decreases as 𝐾 increases. This phenomenon is referred to as

“catastrophic unlearning”, which occurs when the number of policy network

updates becomes too high (see Fig. 4.1b as an example, where agents trained

with PPO, 𝐾 = 80 learn some useful policy in the beginning then quickly

degenerate). In addition, it can also be observed that the drop in performance

exhibited by PPO agents with 𝐾 = 40 and 𝐾 = 80 is highly correlated with the

“KL explosion” that can be observed in Fig. 4.1c.

2. Early stopping optimizations mitigate such sensitivity: Even when 𝐾 is

large, early stopping optimizations overall avoid the “catastrophic unlearning”

that happens in the absence of early stopping optimizations. As shown in

Fig.4.1a, the agents trained with 𝐾 = 20, 𝐾 = 40, 𝐾 = 80, and early stopping

optimizations are shown to reach comparable performance to agents trained

with 𝐾 = 10 and 𝐾 = 20 without early stopping optimizations. This is likely

due to the dynamic adjustment of 𝐾 at each epoch. As shown in Fig. 4.1d,

the actual number of update iterations per epoch for PPO with early stopping
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optimizations could be small (about 3-7) at the beginning of training. At the

late stages of training, the code-level optimization of learning rate annealing

makes the mean KL divergence between policy updates small, and therefore the

actual update iterations per epoch become higher.

3. Early stopping optimizations could be an alternative to tuning on 𝐾: As

observed in Fig. 4.1a, a small-to-medium 𝐾 (e.g. 𝐾 = 10 or 𝐾 = 20) generally

produce good performance with or without early stopping optimizations for

the tasks experimented upon. However, it is not always possible to know the

best 𝐾 for the desired task. Early stopping optimizations intuitively serve as a

convenient replacement to tuning on 𝐾. Namely, the user could set a large 𝐾

and early stopping optimizations will help to automatically determine the best

number of update iterations for each epoch. In addition, the shaded regions in

Fig. 4.1a show the variance of early stopping optimization with varying 𝑑𝑡𝑎𝑟𝑔𝑒𝑡 ,

showing the early stopping optimization is less sensitive to its hyper-parameter

𝑑𝑡𝑎𝑟𝑔𝑒𝑡 than PPO is to 𝐾 .

The remainder of this chapter is structured as follows. Section 4.2 presents the

background on policy gradient algorithms. Section 4.3 elaborates on early stopping

optimizations and lists out other code-level optimizations found in popular DRL

libraries, which were used in this study. Section 4.4 details the experiments conducted

to study the effectiveness of early stopping optimizations, Section 4.5 presents the

experiment results and discussion, and Section 4.6 concludes and discusses future

work.
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4.2 Preliminaries

This section introduces the background on Proximal Policy Optimization algo-

rithms [95], used in the subsequent experiments.

4.2.1 Policy Gradient algorithms

Let us recall the definition of the standard Reinforcement Learning problem in the

setting of Markov Decision Process (MDP) denoted as (S,A, 𝑃, 𝜌0, 𝑟, 𝛾, 𝑇), with the

set of states S, the set of actionsA, the state transition probability 𝑃 : S×A×S→ [0, 1],

the initial state distribution 𝜌0 : S → [0, 1], the reward function 𝑟 : S × A → R,

the discount factor is 𝛾, and the maximum episode length 𝑇 . A stochastic policy

𝜋𝜃 : S ×A→ [0, 1], parameterized by a parameter vector 𝜃, defines the probability of

an action given a state. The typical objective is to maximize the expected discounted

return:

𝐽 = E𝜏

[
𝑇−1∑︁
𝑡=0

𝛾𝑡𝑟𝑡

]
, (4.2.1)

where 𝜏 is the trajectory (𝑠0, 𝑎0, 𝑟0, 𝑠1, . . . , 𝑠𝑇−1, 𝑎𝑇−1, 𝑟𝑇−1), 𝑠𝑡 ∼ 𝑃(·|𝑠𝑡−1, 𝑎𝑡−1),

𝑠0 ∼ 𝜌0, 𝑎𝑡 ∼ 𝜋𝜃 (·|𝑠𝑡), and 𝑟𝑡 = 𝑟 (𝑠𝑡 , 𝑎𝑡).

The notation 𝑃(·|𝑠𝑡−1, 𝑎𝑡−1) represents the states transition distribution given the

previous state 𝑠𝑡−1 and action 𝑎𝑡−1, and the notation 𝑠𝑡 ∼ 𝑃(·|𝑠𝑡−1, 𝑎𝑡−1) represents

that the state 𝑠𝑡 visited at time 𝑡 is sampled from 𝑃(·|𝑠𝑡−1, 𝑎𝑡−1). Similarly, 𝜋𝜃 (·|𝑠𝑡)

represents the action distribution given state 𝑠𝑡 , and 𝑎𝑡 ∼ 𝜋𝜃 (·|𝑠𝑡) means the action 𝑎𝑡

at time 𝑡 is sampled from 𝜋𝜃 (·|𝑠𝑡).

The policy gradient algorithms aim to maximize the expected discounted rewards
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by doing gradient ascent 𝜃 = 𝜃 +∇𝜃𝐽, where ∇𝜃𝐽 is the policy gradient of the expected

discounted return with respect to the policy parameter vector 𝜃. Earlier work proposed

the following policy gradient estimate to the objective 𝐽 [106, 107]:

E𝜏

[
∇𝜃

𝑇−1∑︁
𝑡=0

log 𝜋𝜃 (𝑎𝑡 |𝑠𝑡)
∞∑︁
𝑘=0

𝛾𝑘𝑟𝑡+𝑘

]
, (4.2.2)

This gradient estimate, however, suffers from large variance [106] and the following

gradient estimate is suggested instead:

E𝜏

[
∇𝜃

𝑇−1∑︁
𝑡=0

log 𝜋𝜃 (𝑎𝑡 |𝑠𝑡)𝐴(𝜏,𝑉, 𝑡)
]
, (4.2.3)

where 𝐴(𝜏,𝑉, 𝑡) is the General Advantage Estimation (GAE) [93], which measures

“how good is 𝑎𝑡 compared to the usual actions”, and 𝑉 : 𝑆 → R is the state-value

function. The use of GAE has been shown to significantly improve variance and yield

strong empirical results [93].

4.2.2 Trust Region Policy Optimization

Trust Region Policy Optimization (TRPO) [94] is a recent algorithm introduced

by Schulman et al. to (1) allow the policy update to reuse trajectory generated by

the current policy 𝜋𝜃𝑜𝑙𝑑 parameterized by 𝜃𝑜𝑙𝑑 to improve sampling efficiency via

importance sampling, and (2) constrain the amount of policy change (i.e. ensure the

trust region) to improve stability via KL divergence. To this end, TRPO updates the
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policy by solving the following optimization problem with constraints:

max
𝜃

E𝜏

[ ∞∑︁
𝑡=0

𝛾𝑡𝜌𝑡 (𝜃)𝐴(𝜏,𝑉, 𝑡)
]

(4.2.4)

s.t. E𝑠∼𝑑 𝜋𝜃𝑜𝑙𝑑
[
𝐷KL

(
𝜋𝜃old (·|𝑠)∥𝜋𝜃 (·|𝑠)

) ]
≤ 𝛿 (4.2.5)

where 𝜌𝑡 (𝜃) = 𝜋𝜃 (𝑎𝑡 |𝑠𝑡 )
𝜋𝜃𝑜𝑙𝑑 (𝑎𝑡 |𝑠𝑡 )

is the importance sampling ratio between the target policy

𝜋𝜃 and the behavior policy 𝜋𝜃𝑜𝑙𝑑 , 𝑑𝜋𝜃𝑜𝑙𝑑 is the on-policy state distribution under 𝜋𝜃𝑜𝑙𝑑 ,

and 𝐷KL measures the KL divergence between distributions. The practical algorithm

to solve this constrained optimization problem of TRPO involves natural gradient

descent, which could be computationally expensive and difficult to implement.

4.2.3 Proximal Policy Optimization

To alleviate the complexity of TRPO, Schulman et al. proposed the Proximal Policy

Optimization (PPO) algorithm [95] with a simpler clipped surrogate objective:

max
𝜃
E𝜏

[ ∞∑︁
𝑡=0

[
min

(
𝑘𝜌𝑡 (𝜃)𝐴𝜋𝜃 (𝑠𝑡 , 𝑎𝑡) , clip (𝜌𝑡 (𝜃), 1 − 𝜀, 1 + 𝜀) 𝐴(𝜏,𝑉, 𝑡)

) ] ]
, with

(4.2.6)
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clip (𝜌𝑡 (𝜃), 1 − 𝜀, 1 + 𝜀) =



1 − 𝜀 if 𝜌𝑡 (𝜃) < 1 − 𝜀

1 + 𝜀 if 𝜌𝑡 (𝜃) > 1 + 𝜀

𝜌𝑡 (𝜃) otherwise

In particular, the objective of PPO removes the constraint in Equation 4.2.5 and

uses the clipped importance sampling ratio clip (𝜌𝑡 (𝜃), 1 − 𝜀, 1 + 𝜀) to encourage the

target policy to stay within a reasonable trust-region of the behavior policy. The

optimization process thus consists in maximizing the simplified objective of PPO

with respect to the policy parameter vector 𝜃, as in Eq. 4.2.6. Overall, PPO has been

shown to outperform classical TRPO in several tasks, while being a simpler and faster

algorithm.

4.3 Code-Level Optimizations

In addition to the base algorithm above, there are many code-level optimizations usually

implemented to enhance the performance and stability [22] of the PPO algorithm.

These optimizations include various normalization and clipping techniques for the

input data as well as for gradient updates. A full list of these optimizations can be

found in Section 4.3.2. Engstrom, Ilyas et al. [22] find these optimizations to be critical

to the performance of PPO. They showed that without these code-level optimizations,

PPO fails to stay within the trust region and performs much worse than with these

optimizations. Empirically, they also performed an ablation study and demonstrate that

the clipped objective, which is the key feature under PPO’s theory, is not responsible
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for PPO’s performance improvement over TRPO, at least not by itself.

4.3.1 Early stopping optimizations

Since PPO removes the constraint in Equation 4.2.5, the clipped objective of PPO only

gives incentives but no guarantees for the desired KL constraints. Empirically, the KL

Divergence over time produced by PPO without any code-level optimizations grows

exponentially [22]. During the reproduction study of the PPO algorithm, the existence

of a code-level optimization not mentioned in existing literature, namely, “Early

Stopping” (KLE-Stop) implemented in openai/spinningup but not in openai/baselines

came to light. Instead of solely relying on the clipped surrogate objective introduced in

PPO [95], KLE-Stop first measures the mean KL divergence 𝐷̄KL between the target

policy at update iteration 𝑘 (denoted as 𝜋𝜃𝑘 hereafter), and the current policy 𝜋𝜃𝑜𝑙𝑑

based on the states sampled from the minibatchM:

𝐷̄KL (𝜃𝑘 , 𝜃𝑜𝑙𝑑) = E𝑠∼M
[
𝐷KL

(
𝜋𝜃𝑘 (·|𝑠)∥𝜋𝜃𝑜𝑙𝑑 (·|𝑠)

) ]
(4.3.1)

If 𝐷̄KL is greater than some desired KL divergence value 𝑑target, then the update

is deemed to be outside of the trust region. More specifically, let us consider two

different implementations of this concept (Algorithm 4.1):

1. KLE-Stop. When 𝐷̄KL(𝜃𝑘 , 𝜃𝑜𝑙𝑑) > 𝑑target, the algorithm stops any further

update steps on the current batch and continues to generate new batches

and perform updates. This behavior is the default implementation found in

openai/spinningup.

85



2. KLE-Rollback. When 𝐷̄KL(𝜃𝑘 , 𝜃𝑜𝑙𝑑) > 𝑑target, the algorithm rolls back to the

state of the policy before the update iteration 𝑘 , then continues to generate new

batches and perform updates. A study of KLE-Rollback was deemed relevant

because KLE-Stop, by design, will result in new policies that are right outside

of the trust region, which may or may not be desirable.

Intuitively, both early stopping optimizations present algorithmic benefits to PPO.

Namely,

1. Strong Enforcement of Trust Region. The early stopping optimizations do

not just give incentives for letting agents remain in the trust region. Rather, they

make sure that the agents stay close to the trust region (if using KLE-Stop) or

stay within the trust region (if using KLE-Rollback). This enforcement behavior

could be especially desirable when the agents are stuck in local minima. The

early stopping optimizations thus effectively ensure that the policy change of

the agent stays within the target KL divergence threshold 𝑑target.

2. Faster Execution. Since early stopping optimizations could early abort the

update of the policy network weights, and immediately continue to generate new

batches, they marginally reduce the wall time required for the whole training.

Algorithm 4.1 summarizes the training procedure of PPO while emphasizing the

two early stopping mechanisms investigated.

4.3.2 Other Code-level Optimizations

Including KLE, which is the focus of this chapter, the full list of the code-level

optimizations that are found in popular DRL libraries (e.g. openai/baselines, ope-
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Algorithm 4.1 PPO with Early Stopping Optimization
1: while Total number of steps ≤ 𝑁𝑇 do
2: Initialize batch storage D of size 𝑁
3: Run episode 1, 2, ..., 𝑀 to fill up D according to 𝜋𝜃𝑜𝑙𝑑
4: Let 𝜃0 ← 𝜃𝑜𝑙𝑑
5: for Update iteration 𝑘 = 1, 2, ..., 𝐾 do
6: forM ⊆ D do
7: Let 𝜃𝑘 be the policy parameter obtained through policy update on 𝜃𝑘−1

givenM
8: end for
9: Measure 𝐷̄KL (𝜃𝑘 , 𝜃𝑜𝑙𝑑) based on the lastM

10: if 𝐷̄KL (𝜃𝑘 , 𝜃𝑜𝑙𝑑) > 𝑑𝑡𝑎𝑟𝑔𝑒𝑡 then
11: break If KLE-Stop is used
12: break and 𝜃𝑘 ← 𝜃𝑘−1 if KLE-Rollback is used
13: end if
14: end for
15: 𝜃𝑜𝑙𝑑 ← 𝜃𝑘
16: end while

nai/spinningup), their corresponding description, and the permanent links to the files

where these optimizations were found are as follows:

1. “Early Stopping” (KLE-Stop)1: As discussed above.

2. Normalization of Advantages2: After calculating the advantages based on

GAE, the advantages vector is normalized by subtracting its mean and divided

by its standard deviation.

3. Normalization of Observation3: The observation is pre-processed before

feeding to the PPO agent. The raw observation was normalized by subtracting

1https://github.com/openai/spinningup/blob/038665d62d569055401d91856abb287263096178/
spinup/algos/pytorch/ppo/ppo.py#L269-L271

2https://github.com/openai/baselines/blob/ea25b9e8b234e6ee1bca43083f8f3cf974143998/
baselines/ppo2/model.py#L139

3https://github.com/openai/baselines/blob/ea25b9e8b234e6ee1bca43083f8f3cf974143998/
baselines/common/vec_env/vec_normalize.py#L4
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its running mean and divided by its variance; then the raw observation is clipped

to a range, usually [−10, 10].

4. Rewards Scaling4: Similarly, the reward is pre-processed by dividing the

running variance of the discounted the returns, following by clipping it to a

range, usually [−10, 10].

5. Value Function Loss Clipping5: The value function loss is clipped in a manner

that is similar to the PPO’s clipped surrogate objective:

𝑉𝑙𝑜𝑠𝑠 = max
[ (
𝑉𝜃𝑡 −𝑉𝑡𝑎𝑟𝑔

)2
,
(
𝑉𝜃𝑡−1 + clip

(
𝑉𝜃𝑡 −𝑉𝜃𝑡−1 ,−𝜀, 𝜀

)
−𝑉𝑡𝑎𝑟𝑔

)2
]

where 𝑉𝑡𝑎𝑟𝑔 is calculated by adding 𝑉𝜃𝑡−1 and the GAE 𝐴(𝜏,𝑉).

6. Adam Learning Rate Annealing6: The Adam [49] optimizer’s learning rate is

set to decay as the number of timesteps agent trained increase.

7. Mini-batch updates7: The PPO implementation of the openai/baselines also

uses mini-batches to compute the gradient and update the policy instead of the

whole batch data such as in open/spinningup.

4https://github.com/openai/baselines/blob/ea25b9e8b234e6ee1bca43083f8f3cf974143998/
baselines/common/vec_env/vec_normalize.py#L4

5https://github.com/openai/baselines/blob/ea25b9e8b234e6ee1bca43083f8f3cf974143998/
baselines/ppo2/model.py#L68-L75

6https://github.com/openai/baselines/blob/ea25b9e8b234e6ee1bca43083f8f3cf974143998/
baselines/ppo2/ppo2.py#L135

7https://github.com/openai/baselines/blob/ea25b9e8b234e6ee1bca43083f8f3cf974143998/
baselines/ppo2/ppo2.py#L160-L162
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8. Global Gradient Clipping8: For each update iteration in an epoch, the gradients

of the policy and value network are clipped so that the “global ℓ2 norm” (i.e.

the norm of the concatenated gradients of all parameters) does not exceed 0.5.

9. Orthogonal Initialization of weights9: The weights and biases of fully

connected layers use with orthogonal initialization scheme with different scaling.

For the experiments in this study, however, the scaling value of 1 for historical

reasons.

10. Hyperbolic tangent activations10: The activation functions of the hidden layers

are always set to use the hyperbolic tangent function.

4.4 Experiments

The section presents the details of the experiments conducted to study early stopping

mechanisms. As the control group, the performance of PPO was evaluated using 𝐾 ∈

{4, 10, 20, 40, 80}. As the experimental group, the performance of PPO augmented

with early stopping optimizations using 𝑑target ∈ {0.015, 0.020, 0.030, 0.050} and

𝐾 ∈ {4, 10, 20, 40, 80} was evaluated. All of the experiments were conducted using

2 random seeds and 11 tasks of robotics control (Reacher-v2, Pusher-v2, Thrower-

v2, Striker-v2, InvertedPendulum-v2, HalfCheetah-v2, Hopper-v2, Swimmer-v2,

Walker2d-v2, Ant-v2, and Humanoid-v2). For other hyper-parameters, the default

8https://github.com/openai/baselines/blob/ea25b9e8b234e6ee1bca43083f8f3cf974143998/
baselines/ppo2/model.py#L107

9https://github.com/openai/baselines/blob/ea25b9e8b234e6ee1bca43083f8f3cf974143998/
baselines/a2c/utils.py#L58

10https://github.com/openai/baselines/blob/ea25b9e8b234e6ee1bca43083f8f3cf974143998/
baselines/common/models.py#L75
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settings from openai/baselines were used. The detailed list of hyper-parameters used

is documented in Table 4.1.

Table 4.1: The list of experiment parameters and their values.

Parameter Names Parameter Values

Total Time steps 2,000,000
𝛾 (Discount Factor) 0.99
𝜆 (for GAE) 0.97
𝜂 (Entropy Regularization Coefficient) 0.2
𝜀 (PPO’s Clipping Coefficient) 0.2
𝜔 (Gradient Norm Threshold ) 0.5
𝛼𝜋 Policy’s Learning Rate 0.0003
𝛼𝑣 Value Function’s Learning Rate 0.0003

For a more intuitive analysis and comparison across tasks, the Normalized Episode

Reward (NER) was used. The NER can is obtained as follows: let 𝑟𝐸min and 𝑟𝐸max

respectively stand for the minimum and maximum episode reward received across

all runs for a given task 𝐸 , the NER for 𝐸 based on actual episode reward 𝑟𝐸
𝑎𝑐𝑡𝑢𝑎𝑙

is

obtained as follows:

𝑟𝐸𝑛𝑜𝑟𝑚𝑎𝑙𝑖𝑧𝑒𝑑 =
𝑟𝐸
𝑎𝑐𝑡𝑢𝑎𝑙

− 𝑟𝐸min

𝑟𝐸max − 𝑟𝐸min
.

4.5 Results and Discussion

The average NER of the last 50 episodes and 11 tasks is reported in Table 4.2. In

addition, the average number of actual update iterations for early stopping optimizations

of the first 500,000 timesteps and 11 tasks is also reported in Table 4.3. The motivation

for using 500,000 timesteps for evaluating the actual number of update iterations is

that the code-level optimization of learning rate annealing would make 𝐷̄KL (𝜃𝑘 , 𝜃𝑜𝑙𝑑)
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small and therefore resulting in an abnormally large number of update iterations in late

stages of training as shown in Fig. 4.1d. For the sake of objective completeness, the

episode rewards obtained by PPO with 𝐾 = 10 without early stopping optimizations

are also provided in Table 4.4 in the Section 4.5.4, which matches the performance

from published sources [95]. Below are the major findings of this chapter:

Table 4.2: The average normalized episode reward over the last 50 episodes and over
11 popular tasks.

4 10 20 40 80

PPO 0.54 0.65 0.52 0.34 0.31
PPO w/ KLE-Rollback, 𝑑target = 0.015 0.53 0.43 0.58 0.52 0.57
PPO w/ KLE-Rollback, 𝑑target = 0.02 0.50 0.62 0.57 0.65 0.57
PPO w/ KLE-Rollback, 𝑑target = 0.025 0.60 0.52 0.60 0.60 0.72
PPO w/ KLE-Rollback, 𝑑target = 0.03 0.59 0.70 0.72 0.67 0.69
PPO w/ KLE-Rollback, 𝑑target = 0.05 0.66 0.70 0.67 0.66 0.71
PPO w/ KLE-Stop, 𝑑target = 0.015 0.61 0.61 0.60 0.61 0.59
PPO w/ KLE-Stop, 𝑑target = 0.02 0.61 0.62 0.68 0.70 0.66
PPO w/ KLE-Stop, 𝑑target = 0.025 0.64 0.73 0.68 0.64 0.72
PPO w/ KLE-Stop, 𝑑target = 0.03 0.67 0.72 0.65 0.77 0.67
PPO w/ KLE-Stop, 𝑑target = 0.05 0.62 0.69 0.82 0.71 0.73

4.5.1 PPO’s sensitivity to 𝐾

The agent’s performance was found to be highly sensitive to the hyper-parameter

“number of update iterations per epoch" 𝐾 . On one hand, when 𝐾 is small (e.g. 𝐾 = 4),

the agent “under learns” and its improvement is slow, on average reaching an episode

reward that is 50.63% of the best episode reward achieved. On the other hand, when 𝐾

is large (e.g. 𝐾 = 80), the agent “catastrophically unlearns” useful policies, on average

reaching an episode reward that is 20.08% of the best episode reward achieved, which
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Table 4.3: Average number of update iterations for early stopping optimizations over
11 popular tasks within the first 500,000 time steps.

4 10 20 40 80

PPO w/ KLE-Rollback (0.015) 2.943 3.974 4.374 4.586 4.572
PPO w/ KLE-Rollback (0.02) 3.204 4.807 5.635 6.149 6.420
PPO w/ KLE-Rollback (0.025) 3.420 5.594 6.892 7.865 8.628
PPO w/ KLE-Rollback (0.03) 3.624 6.192 8.080 9.588 10.53
PPO w/ KLE-Rollback (0.05) 3.922 8.292 11.82 15.45 18.09
PPO w/ KLE-Stop (0.015) 2.850 3.772 4.145 4.439 4.515
PPO w/ KLE-Stop (0.02) 3.146 4.590 5.370 5.799 6.184
PPO w/ KLE-Stop (0.025) 3.384 5.407 6.580 7.636 8.540
PPO w/ KLE-Stop (0.03) 3.584 6.063 7.799 9.245 10.56
PPO w/ KLE-Stop (0.05) 3.915 8.131 11.48 14.89 16.86

is even worse than when 𝐾 = 4. In comparison, a well-tuned 𝐾 (e.g. 𝐾 = 10), which

is the default setting for openai/baselines reaches 72.58% of the best episode reward

achieved.

4.5.2 Early stopping optimizations mitigate such sensitivity

When 𝐾 is large, early stopping optimizations overall helps the agent to avoid the

“catastrophic unlearning” that happens without early stopping optimizations. The

source of this mitigation is likely due to the reduced number of update iterations per

epoch. As shown in Table 4.3, even when 𝐾 is large such as 80, the actual update

iterations done by agents with early stopping optimizations are within the range of

[6, 18], as per Table 4.3. Although such sensitivity is mitigated, note that the agents

trained with early stopping optimizations with 𝐾 = 10 perform as well, and sometimes

even better than the default setting 𝐾 = 10 without early stopping optimizations.
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Fig. 4.2: Investigating the respective sensitivity of PPO with KLE-Stop (Middle)
and KLE-Rollback (Right) to the 𝑑𝑡𝑎𝑟𝑔𝑒𝑡 hyper-parameter. For easier comparison, the
classical version with does not use KLE-based early stop is also provided and denoted
as PPO (Left).

Table 4.4: The average episode reward of PPO without early stopping optimizations
across 2 random seeds for different numbers of training updates 𝐾

4 10 20 40 8

Ant-v2 1070.8 3164.9 445.8 45.5 3.6
HalfCheetah-v2 2649.5 1626.2 1470.3 714.3 284.3
Hopper-v2 706.9 2442.5 1565.4 1015.8 463.8
Humanoid-v2 1655.4 839.6 557.8 420.0 465.4
InvertedPendulum-v2 762.5 1000.0 881.5 1000.0 639.0
Pusher-v2 -54.3 -32.0 -39.0 -75.0 -69.0
Reacher-v2 -8.6 -7.9 -5.8 -14.1 -10.0
Striker-v2 -244.6 -216.4 -270.1 -292.2 -331.8
Swimmer-v2 100.2 109.1 116.8 85.5 81.6
Thrower-v2 -64.7 -63.7 -82.9 -68.1 -64.0
Walker2d-v2 4203.4 3742.1 1568.4 212.2 475.4

4.5.3 Early stopping optimizations as an alternative to tuning 𝐾

Although a small-to-medium 𝐾 (e.g. 𝐾 = 10 or 𝐾 = 20) generally produces good

performance with or without early stopping optimizations, obtaining such high-
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performance 𝐾 for the desired task is not always possible without much tuning. As an

alternative to spending time on finding the optimal 𝐾, the users could conveniently

use early stopping optimizations with a large 𝐾, and early stopping optimizations

will automatically determine an appropriate 𝐾 for each epoch. Although the agents’

performance can still be affected by different 𝑑𝑡𝑎𝑟𝑔𝑒𝑡 , early stopping optimizations

appear to be less sensitive to 𝑑𝑡𝑎𝑟𝑔𝑒𝑡 than PPO is to 𝐾. As an example, the agents

trained with 𝐾 = 80 and early stopping optimizations are shown to reach varying

performance from 55.84% to 76.89% depending on the choice of 𝑑𝑡𝑎𝑟𝑔𝑒𝑡 and selection

of KLE-Stop or KLE-Rollback, which is much better than the 20.08% achieved by

agents trained without early stopping optimizations.

4.5.4 Averaged results across all environments

Fig. 4.2 summarises the investigation of the sensibility of the baseline PPO algorithm

with respect to the fixed number of iterations used K (left block), as well as the

sensibility of the KLE-Stop and KLE-Rollback variants of PPO with respect to the

𝑑𝑡𝑎𝑟𝑔𝑒𝑡 hyperparameter (the two blocks on the right).

It can be seen that the performance of the baseline PPO version varies drastically

depending on the value of K Furthermore, either the KLE-Stop or KLE-Rollback

variant of the PPO algorithm exhibits a more stable performance across their respect

to 𝑑𝑡𝑎𝑟𝑔𝑒𝑡 . It also performs better than the baseline PPO on average.

Table 4.4 summarises the average episode returns obtained by the baseline PPO in

each environment, without using the early stopping mechanism investigated in this

work. First, a reproduction study was conducted to match the results obtained by

the reference implementation provided in openai/baselines, before investigating the
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impact of each KLE-Stop and KLE-Rollback variant of the PPO algorithm.

4.5.5 Detailed results of all the experiments
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Fig. 4.3: Normalized Episode Reward (NER), Average Episode Reward, Average
KL Divergence, and Average Update Iterations per epoch for each environment (one
environment per column, part 1)

95



PPO PPO w/ KLE-Stop (0.03) PPO w/ KLE-Rollback (0.03)
0.0

0.1

0.2

0.3

0.4

0.5

N
or

m
al

iz
ed

 E
pi

so
de

 R
ew

ar
d

Humanoid v2

K=4
K=10
K=20
K=40
K=80

PPO PPO w/ KLE-Stop (0.03) PPO w/ KLE-Rollback (0.03)
0.0

0.2

0.4

0.6

0.8

1.0

N
or

m
al

iz
ed

 E
pi

so
de

 R
ew

ar
d

InvertedPendulum v2

PPO PPO w/ KLE-Stop (0.03) PPO w/ KLE-Rollback (0.03)
0.0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

N
or

m
al

iz
ed

 E
pi

so
de

 R
ew

ar
d

Pusher v2

0.00 0.25 0.50 0.75 1.00 1.25 1.50 1.75 2.00
Time Steps 1e6

0

500

1000

1500

2000

2500

A
ve

ra
ge

 E
pi

so
de

 R
ew

ar
d

PPO w/ KLE-Stop and K = 80
PPO w/ KLE-Rollback and K = 80
PPO w/ K = 80
PPO w/ K = 40
PPO w/ K = 10

0.00 0.25 0.50 0.75 1.00 1.25 1.50 1.75 2.00
Time Steps 1e6

0

200

400

600

800

1000

1200

A
ve

ra
ge

 E
pi

so
de

 R
ew

ar
d

0.00 0.25 0.50 0.75 1.00 1.25 1.50 1.75 2.00
Time Steps 1e6

110

100

90

80

70

60

50

40

A
ve

ra
ge

 E
pi

so
de

 R
ew

ar
d

0.00 0.25 0.50 0.75 1.00 1.25 1.50 1.75 2.00
Time Steps 1e6

0

2

4

6

8

10

A
ve

ra
ge

 K
L 

D
iv

er
ge

nc
e 

D
KL

0.00 0.25 0.50 0.75 1.00 1.25 1.50 1.75 2.00
Time Steps 1e6

0.0

0.2

0.4

0.6

0.8

A
ve

ra
ge

 K
L 

D
iv

er
ge

nc
e 

D
KL

0.00 0.25 0.50 0.75 1.00 1.25 1.50 1.75 2.00
Time Steps 1e6

0

1

2

3

4

5

A
ve

ra
ge

 K
L 

D
iv

er
ge

nc
e 

D
KL

0.00 0.25 0.50 0.75 1.00 1.25 1.50 1.75 2.00
Time Steps 1e6

0

10

20

30

40

50

60

70

80

90

A
ve

ra
ge

 u
pd

at
e 

ite
ra

tio
ns

 p
er

 e
po

ch

0.00 0.25 0.50 0.75 1.00 1.25 1.50 1.75 2.00
Time Steps 1e6

0

10

20

30

40

50

60

70

80

90

A
ve

ra
ge

 u
pd

at
e 

ite
ra

tio
ns

 p
er

 e
po

ch

0.00 0.25 0.50 0.75 1.00 1.25 1.50 1.75 2.00
Time Steps 1e6

0

10

20

30

40

50

60

70

80

90

A
ve

ra
ge

 u
pd

at
e 

ite
ra

tio
ns

 p
er

 e
po

ch

Fig. 4.4: Normalized Episode Reward (NER), Average Episode Reward, Average
KL Divergence, and Average Update Iterations per epoch for each environment (one
environment per column, part 2)

Fig. 4.3, Fig. 4.4, Fig. 4.5, and Fig. 4.6 document the detailed result of the

investigation of the baselines PPO and its KLE-Stop, and KLE-Rollback early stopping

variants for each robotic control task.

As mentioned in Section 4.5, for 𝐾 = 10, PPO with KLE-Stop overall performs
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Fig. 4.5: Normalized Episode Reward (NER), Average Episode Reward, Average
KL Divergence, and Average Update Iterations per epoch for each environment (one
environment per column, part 3)

comparatively to the baselines PPO for the same 𝐾. Using 𝐾 = 10 as a reference, a

detailed, task-wise analysis of their respective performance (Fig. 4.3, Fig. 4.4, Fig. 4.5,

and Fig. 4.6 reveals that for 𝐾 = 10, PPO with KLE-Stop and 𝑑𝑡𝑎𝑟𝑔𝑒𝑡 = 0.03 performs

worse than the baselines PPO for the same 𝐾 in 3 out of the 11 tasks experimented
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Fig. 4.6: Normalized Episode Reward (NER), Average Episode Reward, Average
KL Divergence, and Average Update Iterations per epoch for each environment (one
environment per column, part 4)

98



upon, and only by a slight margin. On the other tasks where it outperforms the baseline,

however, it sometimes does so by a considerable margin, such as in Ant-v2 (Fig. 4.3),

Hopper-v2 (Fig. 4.3), and Walker2D-v2 in (Fig. 4.6).

Since the PPO algorithm relies upon a fixed, and reasonably small amount of

gradient update to the policy and value networks, high values of 𝐾(≥ 20) highly

correlate with a worsening in performance (Fig. 4.1a). For 𝐾 = 4, the lowest number

of updates per epoch investigated, the general assumption is that the agent “under

learns” and its improvement is slow. For the same amount of update per epoch, PPO

with early stopping optimization (PPO-KLE Stop with 𝑑𝑡𝑎𝑟𝑔𝑒𝑡 = 0.03 still outperforms

its baseline PPO counterpart on average (Fig. 4.2). In some environments, it also

outperforms it by a high margin. For example, in Ant-v2 (Fig. 4.3), Hopper-v2

(Fig. 4.3), and the Inverted Pendulum-v2 (Fig. 4.3) tasks. Additionally, following

Table 4.3, note that PPO-KLE Stop (𝑑𝑡𝑎𝑟𝑔𝑒𝑡 = 0.03) will perform on average less than

𝐾 = 4 updates per epoch. This suggests that despite doing fewer updates than the

baseline PPO with 𝐾 = 4, it can still achieve a performance comparable to the best

baseline PPO (𝐾 = 10). Combined with the comparison between PPO with 𝐾 = 10

and its early stopping counterpart, this observation could suggest that the enforcement

of the trust region in PPO using a fixed amount of updates per epoch might not be

optimal. Instead, more flexible and systematic enforcement via early stopping ( [94],

based on heuristics such as KLE-Stop) would be more robust across tasks and allow

the agent to achieve even better performance.
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4.6 Conclusion

In this chapter, the empirical effect of early stopping optimizations when used in

conjunction with other common code-level optimizations for PPO was investigated.

The experiments conducted in this study show that 1) the performance of PPO is

sensitive to the hyper-parameter “number of update iterations per epoch”𝐾 of the policy

network, 2) early stopping optimizations mitigate such sensitivity by dynamically

adjusting the number of policy network update iterations applied within an epoch, and

3) early stopping optimizations could serve as a convenient alternative to tuning on 𝐾

since the experiments emphasizing 𝑑target show that early stopping optimization is less

sensitive to 𝑑target than PPO is to 𝐾 .

Overall, this suggests that taking into consideration the low-level implementation

details and as well as early stopping mechanisms for trust region-based RL algorithms

result in more reliable and robust agents. In practice, this enables faster training of RL

agents, thus reducing computational cost and time required for iteration. This is an

important aspect of RL research that impacts how fast and reliably RL agents can be

deployed in real-world tasks.
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Chapter 5 Conclusion

Overall, this thesis builds toward addressing critical challenges that arise in the quest

of leveraging the reinforcement learning framework as a principled set of tools for

automating real-world and high-impact tasks.

First, Chapter 2 addresses the practical problem of safely and conveniently

deploying RL agents in real-world scenarios that retain the high performance of the

RL paradigm, while also retaining a human-like behavior to improve the safety and

comfort of surrounding human agents. The proposed hybrid of reinforcement learning

and imitation learning of human demonstration has been demonstrated to achieve the

best of both worlds. In the context of automating critical tasks with RL methods,

the proposed method allows for maintaining the performance advantage of pure RL

methods, while providing relatively safer and predictable RL agents that could be

effectively deployed for real-world tasks.

Next, Chapter 3 demonstrates the increased sample efficiency of a human cognition-

inspired model-based hierarchical reinforcement learning framework, which is critical

to making RL methods a viable automation tool for real-world high-impact tasks.

More specifically, the RL agents resulting from the proposed approach are shown to

better scale to long-horizon sequential decision-making tasks that are ubiquitous to
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real-world scenarios. Such agents can leverage the concept of temporally abstract

exploration akin to the mental time travel ability exhibited by humans. By doing so,

they can form better plans and perform more abstract, high-level decision-making, thus

exhausting the state-action space of a given task more efficiently to discover viable

policies with a more realistic cost. Additionally, this chapter has also demonstrated

how the high-level decision-making of the proposed agents can align with human

intuition, thus improving the interpretability and predictability of RL agents.

Finally, Chapter 4 demonstrates the benefits of leveraging lower-level implemen-

tation techniques such as early stopping mechanisms during the stochastic gradient

descent phase in on RL methods based on trust regions (PPO [95]). Agents trained

using the investigated early stopping mechanism are empirically shown to produce

more robust policies across domains and sometimes reach higher performance when

compared to their classical counterparts. This could help when applying existing RL

algorithms onto new domains by reducing computation cost and iteration time, thus

drastically speeding up the process of training and deploying RL agents in real-world

scenarios.

Nevertheless, a lot more still needs to be done to further reduce the gap between

theoretical reinforcement learning and its practical application in real-world scenarios.

Some promising avenues for future work highlighted from the studies underlying this

thesis include, but are not limited to:

(a) the development of a more comprehensive framework to integrate human user

preference with the proposed hybrid of imitation and reinforcement learning,

(b) augmenting the proposed hybrid of imitation and reinforcement learning frame-

102



work with continuous learning and active inference to achieve RL agents that

perpetually learn and co-evolve with the environment and the user,

(c) the development of multi-agent reinforcement learning that cooperates with

other artificial agents as well as humans,

(d) the development of a hierarchical world model with more than two levels of

hierarchy to scale to more complex long-horizon sequential decision-making

tasks,

(e) the development of the proposed model-based hierarchical reinforcement learn-

ing framework to support modeling of other agents’ beliefs and preference for

multi-agent cooperation,

(f) the incorporation of inference mechanisms based on attention modules for

better temporal state abstraction into the proposed model-based hierarchical

reinforcement learning framework,

(g) the implementation of low-level optimizations of the sequence processing

and inference mechanisms of temporal abstraction for better scalability of the

proposed model-based hierarchical reinforcement learning agents.
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Preliminary Examination Q&A

Session

The present addendum documents the proceeds of the Q&A session with the esteemed

jury members of the preliminary examination of this thesis held on December 7th,

2022.

1. Q: Regarding Chapter 2, how does the generative adversarial objective function

lead to the student model converging to the hybrid policy of both experts in the

continuous action space?

A: The generative adversarial imitation learning objective function proposed in

Chapter 2, Section 2.3.2 as Eq. 2.3.1 is as follows:

L𝑚𝑖𝑥 (𝜋) =E𝜏∼𝜋 [log (𝐷𝑤 (𝑠, 𝑎))]

+ 𝛼 E𝜏𝑅𝐿∼𝜋𝑅𝐿
[log (1 − 𝐷𝑤 (𝑠, 𝑎))]

+ (1 − 𝛼) E𝜏𝐻𝐸∼𝜋𝐻𝐸
[log (1 − 𝐷𝑤 (𝑠, 𝑎))] ,

Given a state-action pair (𝑠, 𝑎), the discriminator 𝐷𝑤 produces a continuous

value in range [0, 1], which can be interpreted as the likelihood of the given
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state-action pair is that of the human or RL hybrid policy. Minimizing the

first term E𝜏∼𝜋 [log (𝐷𝑤 (𝑠, 𝑎))] with respect to the weights 𝑤 incentivizes the

discriminator 𝐷𝑤 to assign a low score to samples generated by the student

model. On the other hand, minimizing the hybridization terms

𝛼 E𝜏𝑅𝐿∼𝜋𝑅𝐿
[log(1 − 𝐷𝑤 (𝑠, 𝑎))] + (1 − 𝛼) E𝜏𝐻𝐸∼𝜋𝐻𝐸

[log(1 − 𝐷𝑤 (𝑠, 𝑎))]

encourages the model to assign a high score to state-action pairs matching

the action distribution of either expert, with 𝛼 to trade-off between each expert

policy.

Therefore, by iterating over such minimax objective, such hybrid generative

adversarial imitation learning implicitly reduces the divergence between the

action distribution of the student model and that of the hybrid of RL and human

expert. This has been further emphasized in Section 2.3.2 of Chapter 2.

2. Q: Regarding Chapter 2, would it be possible to address the matter of RL agent’s

human-likeliness from a low-level or implementation-level perspective akin to

the proposed method in Chapter 4?

A: Chapter 4 investigates the impacts of the early stopping mechanisms on the

consistency of the resulting RL agents. While having more consistent and robust

agents can benefit downstream methods such as the hybrid generative adversarial

imitation learning used in Chapter 2, it is ultimately orthogonal to the latter.

It would be difficult to realize a human-likely agent purely based on RL and
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low-level implementation constraints because concepts such as human-likeliness

and human-friendliness are hard to quantify objectively.

3. Q: Regarding Chapter 2, what separates the proposed hybrid of RL and human

expert with other methods that leverage human expert data ?

A: The majority of existing works combining human expert demonstrations

and RL leverage the former to either train an agent purely based on supervised

learning (imitation learning, behavior cloning). The second major train was to

use expert demonstrations to pre-train various components of the RL agents,

such as state feature extractors, before further finetuning the neural networks

using the RL paradigm. Overall, these studies emphasized the quantitative

evaluation of the resulting agents, disregarding more qualitative aspects of

human-likeliness or human-friendliness of said agents.

On the other hand, the study presented in Chapter 2 takes into account such

qualitative aspects through a sensitivity test conducted in a double-blind review

fashion. Such sensitivity test provides insights into the human-likeliness of

the agents that were trained using the proposed joint objective combining both

human expert demonstrations and the RL paradigm.

4. Q: Regarding Chapter 3, what warrants the human cognition-inspired high-level

decision-making label, given that the proposed method essentially performs a

hierarchical abstraction of the state representation ?

A: As motivated in Section 3.2.2 of Chapter 3, a growing body of studies at the
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intersection of neuroscience, cognitive science, psychology, and computational

biology suggests that the human decision-making process is hierarchically

organized. Tangential to the ability to perform different kinds of abstraction

of observations, the ability of humans to also perform abstraction across the

temporal dimension allows the simplification of the planning process for the

original task into pseudo-tasks of coarser temporal granularity. This is especially

useful for tasks that require sequential decision-making over a long horizon and

usually end up being tasks with sparse rewards.

While the proposed hierarchical world model provides a (i) hierarchically

structured latent state representation, it also provides a (ii) flexible mechanism

that segments the trajectories of the agent into correlated groups of time steps.

The proposed HWM HRL Dreamer agent leverages the coarse task dynamics

that stem from (i) and (ii) to allow the high-level policy of the contemporary

hierarchical reinforcement learning framework to plan and perform decision-

making at a temporally abstract level, akin to how human plan over a longer

horizon. More specifically, the high-level decision-making occurs by having

the high-level policy 𝜋𝐻 act solely based on the temporally abstract, high-level

component 𝑍 of the state representation learned by the hierarchical world model.

Each high-level action is triggered by following the signal of the boundary

indicator variable 𝑀. The intuition of the underlying theory is motivated in

Section 3.3.4 of Chapter 3, and illustrated in Fig. 3.2, reproduced below for

convenience. Henceforth the denomination of high-level decision-making that

is based on human cognition.
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Fig. 5.1: Dynamic Bayesian network representing the generative process combining
the HWM and HRL frameworks. The red line emphasizes the influence of the
high-level policy’s action over the high-level, temporally abstract state 𝑧’s transition
modeled by the proposed HWM.

5. Q: Regarding Chapter 3, what are the typical dimensions of the latent state

belief 𝑆 ? Also, what would be the dimension of the corresponding latent state

belief formed by the concatenation of the 𝑍 and𝑊 components of the proposed

hierarchical world model ?

A: The Dreamer-v2 algorithm that was used as an experimental baseline for

the proposed hierarchical world model typically learns a 1624-dimensional

latent state 𝑆. For fairness, the proposed hierarchical world model uses 812-

dimensional vectors to represent the high and low-level state representation 𝑍
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and𝑊 , so that the combination of 𝑍 and𝑊 is equivalent to 𝑆.

6. Q: Regarding Chapter 3, namely the chart of the performance and sample

efficiency in Section 3.5.2 (included below for convenience), what is the reason

for the marginal gain in sample efficiency of the HWM HRL Dreamer over HWM

Dreamer, compared to that of HWM Dreamer over the Dreamer baseline?

Fig. 5.2: Averaged episodic return of each agent variant across 4 seeds. The vertical
axis holds the episodic return values, while the horizontal one shows the number of
time steps (environment interactions).

A: Owing to the added constraint of learning a hierarchically structured state rep-

resentation, HWM Dreamer learns latent state beliefs that disentangle correlated

aspects of the task’s dynamics in the state feature vector. This in turn allows the
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downstream critic and policy deep neural networks to estimate the optimality of

the value and action more effectively than traditional representation learning in

world modeling methods, hence the drastic improvement in sample efficiency

compared to the Dreamer baseline. HWM HRL Dreamer, builds on top of the

hierarchically structured state representation learned by the proposed model to

improve exploration of the overall agent through the guidance of the high-level

policy that is based solely on the temporally abstract, high-level component 𝑍 .

Given the relative simplicity of the MiniGrid-FourRooms-v0 however, the gain

in sample efficiency from high-level exploration is limited, hence the marginal

improvement of HWM HRL Dreamer over HWM Dreamer. The gain in sample

efficiency of the former is expected to increase proportionally to the difficulty of

the task. For example, in mazes with larger rooms, higher count of rooms, or

generally more intricate labyrinth layouts, exploring at the temporally abstract

level is expected to yield better sample efficiency compared to baseline methods,

which is to be empirically verified in current and future endeavors related to this

chapter.

This has been reflected in Section 3.5.2 of Chapter 3 as an additional discussion

of the performance and sample efficiency results.
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