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Abstract

Reinforcement learning (RL) has been developed with an atomic agent on various envi-

ronment. As RL researchers adopt many agents on much complicated domains such as

vision, language and robotics, the cooperation of those agents is required to achieve an

optimal performance. In case of lifelong RL, there is a challenge on how to compose mul-

tiple agents to get an optimal design for the domain. Like this, the importance of agents’

cooperation has been highlighted. This thesis endeavors the cooperation of several agents

in hierarchical RL (HRL) and transfer RL (TRL) to find an optimal design.

In HRL, there are two researches for the optimal design of multiple agents. The first one is

to research the optimal level synchronization based on flow-based deep generative model in

HRL. The research focuses on how to find an off-policy correction which reflects the exact

goal for the current lower-level policy without an indirect estimation. It adopts the flow-

based deep generative model (FDGM) to support a direct off-policy correction. However,

FDGM has its own chronic issue regarding a biased log-density estimate. It considers an

inverse model to reflect the lower-level policy with FDGM when the higher-level policy is

being trained, considering overcoming the chronic issue of FDGM. The second research

is to study the autonomous non-monolithic exploration in options framework, especially

HRL. HRL can support autonomous function with a mode switching controller of its own

unique structure.

In TRL, this thesis shows the unsupervised pre-training RL with Successor Features (SFs)

using non-monolithic exploration scheme. An existing research, APS, has a combined

intrinsic reward for pre-training. The combined intrinsic reward causes the performance of

fine-tuning to be deteriorated. The research splits the combined intrinsic reward based on

non-monolithic exploration scheme. It helps the original intention of SFs by decoupling the

dynamics of the environment from the rewards. The second one is to research an offline-to-

online RL having non-monolithic exploration scheme to support an online policy without

destroying an offline policy. The research can modulate how much an offline policy or an

online policy will be utilized during online training. The research focuses on balancing the

pro of the offline policy, which is termed exploitation, with that of the online policy, which

is referred to as exploration, without modifying the offline policy.



iv Abstract

In conclusion, this thesis contributes to the composition of agent design in deep rein-

forcement learning for optimization. These studies advanced the off-policy correction and

anonymous exploration in HRL as well as the performance of pre-training an agent with SFs

and offline-to-online RL. These findings have potential to be applied to various real-world

applications.
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Chapter 1

Introduction

In recent years, reinforcement learning (RL) has made significant advancements across var-

ious domains such as vision, language, and robotics. Particularly, practical tasks in open

environments have become more complex, requiring RL agents to adapt to changing con-

ditions. The collaboration of several agents, such as in hierarchical RL (HRL), has shown

improved performance on these realistic tasks compared to an atomic RL. Additionally,

transfer RL has emerged as a crucial area of research for addressing complex tasks with

limited resources.

There are several unresolved issues in the cooperation, exploration, and transfer learning

of several agents, aimed at finding optimal relationships among them. This thesis aims

to investigate the design of cooperation and exploration at a hierarchical level, as well as

the pre-training and offline-to-online schemes, to derive an abstract optimal policy for the

interaction of multiple agents.

This thesis investigates two key areas—HRL and transfer RL—concerning the cooperation

of multiple agents: (1) optimal level synchronization and non-monolithic exploration in

HRL, and (2) pre-training RL and offline-to-online RL using the non-monolithic exploration

scheme for transfer RL. In one of my research projects, which focuses on the optimal

synchronization between levels of hierarchical RL (HRL), the non-monolithic exploration

scheme is not utilized. However, other research works consider it a primary mechanism.

1



2 Chapter 1.

Meanwhile, the research in these two areas demonstrates that the capabilities of multiple

agents compared to an atomic agent can be significantly enhanced.

In our research on HRL, we explored the use of off-policy correction as employed in HIRO

[3]. We identified an issue where the algorithm induced a corrected goal that did not

accurately reflect the correction between high-level and low-level hierarchical structures.

To address this, we investigated how to precisely reflect the value of a lower-level policy

to a higher-level policy as a goal. We discovered that using a flow-based deep generative

model (FDGM) was suitable for this purpose. We also looked into a chronic issue with

FDGM and developed an alternative model to overcome this critical problem.

Furthermore, we explored how to leverage autonomous non-monolithic exploration within

an option framework. A significant challenge in this context is developing an autonomous

mode-switching controller for non-monolithic exploration in a hierarchical agent. To tackle

this challenge, we assigned roles to the hierarchical levels, incorporating a mode-switching

controller and non-monolithic exploration. Additionally, we focused on maximizing the

advantages of a hierarchical agent to establish an autonomous non-monolithic exploration

agent. We formulated the model with a distinct purpose for each hierarchical level, aiming

to achieve natural non-monolithic exploration utilizing hierarchical RL.

In my investigation of transfer RL, we focused on the intrinsic reward of Active Pre-

training with Successor features(APS) [4], which utilizes a combined intrinsic reward for

pre-training. However, this intrinsic reward can deteriorate the performance of APS by

hindering the original intention of its dynamic model. To address this, we integrated a

non-monolithic exploration scheme into the APS model, which splits the combined intrin-

sic reward into the non-monolithic exploration scheme.

We also delved into a critical issue with PEX [5], which leverages split agents for offline-

to-online RL. Policy EXpansion(PEX) includes a mode-switching controller that selects

an active agent at each training step during online training. However, we identified a

critical problem with the mode-switching controller, which impacts the performance of

online training. To mitigate this issue, we propose replacing the mode-switching controller

with the one used in the non-monolithic exploration scheme, which offers a different control

viewpoint.
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The contributions of the thesis are represented as follows.

• We explore leveraging a hierarchical RL model to enhance off-policy correction. We

propose a novel HRL model architecture that defines an inverse model of the model-

free HRL. This architecture takes advantage of the inverse operation of an FDGM to

improve off-policy correction.

• We explore the utilization of an autonomous non-monolithic exploration scheme

within an option framework. We propose an option framework model that supports

autonomous non-monolithic multi-mode exploration.

• We explore the utilization of a non-monolithic exploration scheme for a monolithic

agent using successor features during unsupervised pre-training. We propose a de-

coupled exploration methodology based on the non-monolithic exploration scheme

to enhance the performance of a monolithic agent using successor features during

unsupervised pre-training.

• We explore the utilization of a non-monolithic exploration scheme for offline-to-online

RL. We propose the development of a model for offline-to-online RL that leverages a

non-monolithic exploration methodology.

Multiple agents with an optimized composition can outperform an atomic agent when ef-

ficiently coordinated on practical tasks. This thesis demonstrates how to optimize their

cooperation to achieve optimal performance across various domains. In HRL, cooperation

among multiple agents is explored using their own beneficial schemes. In Transfer RL,

multiple agents function as an abstract combined agent by splitting the monolithic explo-

ration of an agent into exploitation and exploration. This research showcases the superior

composition of multiple agents compared to an atomic agent, as accepted in current RL

design. The following shows the simplified concept and achievement for understanding the

devised algorithm in HRL and transfer RL.
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1.1 Optimizing agent design in HRL

In Chapter 3, the high-dimensional state and action space, or sparse reward tasks in a

Reinforcement Learning (RL) environment, often require a superior controller such as Hi-

erarchical Reinforcement Learning (HRL) over atomic RL.

HRL can handle the complexity of commands to achieve task objectives through its hierar-

chical structure. One of the challenges in HRL is efficiently training each level policy with

optimal data collection from its experience. Off-policy correction is a critical technique for

facilitating sample-efficient off-policy training in HRL, as it addresses the nonstationary

issue of higher-level policy training.

However, existing methods use indirect probabilistic approaches, which may not fully reflect

the current knowledge of the lower-level policy, thereby limiting the effectiveness of training

the higher-level policy. In this thesis, we propose a novel HRL model that supports direct

off-policy correction based on a Flow-based Deep Generative Model (FDGM).

This leverages the inverse operation of FDGM to achieve goals corresponding to the current

knowledge of the lower-level policy. Additionally, our model addresses the disadvantages of

FDGM to effectively use it in HRL. Our model demonstrates higher performance than an

existing model through comparative experiment results on benchmark environments. The

code for the comparison is readily available.0

In Chapter 4, most exploration research in reinforcement learning (RL) has concentrated

on the way of exploration, specifically, how to explore. However, another important aspect,

when to explore, has not received as much attention in RL exploration research.

The issue of when in monolithic exploration in typical RL exploration behavior often ties

an exploratory action to an exploitative action of an agent. Recently, non-monolithic ex-

ploration research has emerged to study the mode-switching exploration behavior observed

in humans and animals.

The primary goal of our research is to enable an agent to autonomously decide when to

explore or exploit. We present initial research on autonomous multi-mode exploration of
0 https://github.com/jangikim2/Hierarchical_Reinforcement_Learning

https://github.com/jangikim2/Hierarchical_Reinforcement_Learning
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non-monolithic behavior within an option framework. Through comparative experimental

results, we demonstrate the superior performance of our method compared to existing

non-monolithic exploration methods.

1.2 Optimizing agent design in TRL

In Chapter 5, unsupervised pre-training has been on the lookout for the virtue of a value

function representation referred to as successor features (SFs), which decouples the dy-

namics of the environment from the rewards. It has a significant impact on the process of

task-specific fine-tuning due to the decomposition.

However, existing approaches struggle with local optima due to the unified intrinsic reward

of exploration and exploitation without considering the linear regression problem and the

discriminator supporting a small skill sapce. We propose a novel unsupervised pre-training

model with SFs based on a non-monolithic exploration methodology.

Our approach pursues the decomposition of exploitation and exploration of an agent built

on SFs, which requires separate agents for the respective purpose. The idea will leverage

not only the inherent characteristics of SFs such as a quick adaptation to new tasks but

also the exploratory and task-agnostic capabilities.

Our suggested model is termed Non-Monolithic unsupervised Pre-training with Successor

features (NMPS), which improves the performance of the original monolithic exploration

method of pre-training with SFs. NMPS outperforms Active Pre-training with Successor

Features (APS) in a comparative experiment.

In Chapter 6, Offline-to-online reinforcement learning (RL) leverages both pre-trained of-

fline policies and online policies trained for downstream tasks, aiming to improve data

efficiency and accelerate performance enhancement.

An existing approach, Policy Expansion (PEX), utilizes a policy set composed of both

policies without modifying the offline policy for exploration and learning. However, this

approach fails to ensure sufficient learning of the online policy due to an excessive focus on

exploration with both policies.
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Since the pre-trained offline policy can assist the online policy in exploiting a downstream

task based on its prior experience, it should be executed effectively and tailored to the

specific requirements of the downstream task.

In contrast, the online policy, with its immature behavioral strategy, has the potential

for exploration during the training phase. Therefore, our research focuses on harmonizing

the advantages of the offline policy, termed exploitation, with those of the online policy,

referred to as exploration, without modifying the offline policy.

In this study, we propose an innovative offline-to-online RL method that employs a non-

monolithic exploration approach. Our methodology demonstrates superior performance

compared to PEX. The code for this comparison is readily available. 0

1.3 Thesis Outline

This thesis is organized as follows:

In Chapter 2, the related work regarding relevant researches is reviewed to understand the

history and category of related researches and discuss the pros and cons of them.

Chapters 3 to 4 represent the research in HRL. Chapters 3 focuses on a novel HRL model

supporting direct off-policy correction based on FDGM in order to overcome the short-

coming of existing research, HIRO. Chapter 4 exhibits a noble HRL model using a non-

monolithic exploration scheme. I maximize the advantage of HRL structure in order to

draw optimal cooperation of multiple agents against an atomic agent in the above two

researches.

In Chapters 5 and 6, I research the optimal multiple agents’ structure in transfer RL,

pre-training RL and offline-to-online RL. Chapter 5 shows the model of a decoupled explo-

ration methodology based on non-monolithic exploration methodology to improve the per-

formance of a monolithic agent using successor features during unsupervised pre-training.

Chapter 6 represents the model development of offline-to-online RL taking advantage of a

non-monolithic exploration methodology.
0 https://github.com/jangikim2/Offline-to-online-RL-with-non-monolithic-exploration-methodology/
tree/main

https://github.com/jangikim2/Offline-to-online-RL-with-non-monolithic-exploration-methodology/tree/main
https://github.com/jangikim2/Offline-to-online-RL-with-non-monolithic-exploration-methodology/tree/main
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Finally, Chapter 7 suggests a summary of the thesis and discusses a prospective further

research.

1.4 Publications

I published and submitted my papers to an international journal and conference during

my PhD research period as follows:

• Jae Yoon Kim, Junyu Xuan, Christy Liang, Farookh Hussain, An Autonomous

Non-monolithic Agent with Multi-mode Exploration based on Options Framework,

2023 International Joint Conference on Neural Networks (IJCNN), Gold Coast, Aus-

tralia, June 18-23, 2023. (ERA rank: B)

• Jae Yoon Kim, Junyu Xuan, Christy Liang, Farookh Hussain, Decoupling Explo-

ration and Exploitation for Unsupervised Pre-training with Successor Features, 2024

The IEEE World Congress on Computational Intelligence (IEEE WCCI 2024), Yoko-

hama, Japan, June 30- July 5, 2024. (ERA rank: B)

• Jae Yoon Kim, Junyu Xuan, Christy Liang, Farookh Hussain, A Non-Monolithic

Policy Approach of Offline-to-Online Reinforcement Learning, 2024 International

Conference on Neural Information Processing (ICONIP 2024), Auckland, New Zealand,

Dec 2-6, 2024. (ERA rank: B)

• Jae Yoon Kim, Junyu Xuan, Christy Liang, Farookh Hussain, Hierarchical rein-

forcement learning with optimal level synchronization based on flow-based deep gen-

erative model, Neurocomputing Journal. (ERA rank: B) (Under review)





Chapter 2

Review of Related Work

2.1 Off-policy correction in HRL

2.1.1 Hierarchical RL

A large body of research has focused on developing an optimal method to connect adjacent

level policies in the HRL framework from an action point of view. In option-critic archi-

tecture, the policy over options chooses an option to follow its intra policy which continues

to work until the condition of option termination is reached [6]. The strategic attentive

writer with the structure of HRL has an advantage over the sequential decision making

domain due to the macro-action which is partially organized depending on environment

information [7]. Feudal reinforcement learning (FeUdal) networks for HRL acknowledges

semantically meaningful sub-goals in an environment followed by different policies of the

manager [8]. [9] suggests an efficient and general method to discover a sub-goal with two

unsupervised learning methods, anomaly outlier detection and K-means clustering. The

hierarchical Actor-Critic has DDPG with an actor-critic network and Hindsight Experi-

ence Replay (HER) [10] on every policy [11]. [12] introduces a nested and goal-conditioned

HRL framework which can divide a task into several sub tasks with two classes of hindsight

transition. [13] develops a method to utilize representation learning through sub-optimality

which is defined as the difference between the value function of an optimal HRL which does

not utilize the representation learning and the value function of an HRL which utilizes the

9



10 Chapter 2.

representation learning. However, the above mentioned researches do not consider the

optimal training for the level synchronization between adjacent level policies.

The main focus of HIRO is to find an effective training method for each HRL policy

regarding the dynamics of training between adjacent level policies to synchronize each

other. In order to find an optimal goal 𝑔𝑡 ∈ 𝑅𝑑𝑠 for an off-policy correction in HRL, HIRO

finds 10 candidates which are eight candidate goals sampled randomly from a Gaussian

centred at the distance of state 𝑠𝑡+𝑐 − 𝑠𝑡 between the horizon of the higher-level policy ‘c’,

an original goal 𝑔𝑡 and a goal equivalent to the distance of state 𝑠𝑡+𝑐 − 𝑠𝑡 . Ten candidates

are evaluated in an induced log probability of a lower-level policy,

log 𝜇𝑙𝑜 (𝑎𝑡:𝑡+𝑐−1 |𝑠𝑡:𝑡+𝑐−1, 𝑔𝑡:𝑡+𝑐−1)

∝ − 1

2

𝑡+𝑐−1∑︁
𝑖=𝑡

∥𝑎𝑖 − 𝜇𝑙𝑜 (𝑠𝑖 , 𝑔𝑖)∥22 + const
(2.1)

where 𝜇𝑙𝑜 is the lower-level policy, 𝑥𝑡:𝑡+𝑐−1 is the collected sequence 𝑥𝑡 , ..., 𝑥𝑡:𝑡+𝑐−1 by higher-

level policy, 𝑎𝑡 is the action of 𝜇𝑙𝑜 and 𝑔𝑡 is the relabelled 𝑔𝑡 .

After finding a best candidate, in the end, the best goal is used for training its higher-level

policy. The research considers three other methods detailed in its Appendix. Yet, it still

does not propose a proper method for off-policy correction of the model-free HRL since

it relies on an indirect estimation. Our research extends the work begun in HIRO on the

off-policy correction which is the most interesting part of our research.

LSP suggests that each policy in HRL can be trained based on a bottom-up layerwise

way through a latent variable which is incorporated in the maximum entropy objective.

Furthermore, for higher layers to retain full expressivity, where latent variable and action

must be invertible to each other, the research takes advantage of a FDGM. In Fig. 3.2,

LSP illustrates how a latent goal from a higher-level policy and an observation from the

environment are provided to its lower-level policy. Two invertible coupling layers (orange),

which represent FDGM in LSP, receive the latent goal from the higher-level and condition

on an observation embedding. The observation embedding, implemented with two fully

connected layers (green), is responsible for changing the dimension of the observation.

However, this is not appropriate for the off-policy correction of HRL since it cannot support



Chapter 2. 11

a flexible goal space due to the intrinsic characteristic of FDGM, which is the issue of

invertible bijective transformation function of FDGM.

For our purposes, our research embraces the use of a FDGM in HRL similar to LSP though.

2.1.2 Deep generative models

We have investigated the following deep generative models for an inverse model in HRL. In

the end, we have decided that using a FDGM in our model ensures our model to be a valid

inverse model in HRL. GAN and VAE [14] proposes an innovative deep generative model,

Generative Adversarial Nets (GAN), which has two models, a discriminator and a gener-

ator. A Variational AutoEncoder (VAE) [15] has a probabilistic encoder which generates

a latent variable for a decoder to overcome the shortcomings of the vanilla Autoencoder

[16]. Lots of variants of these two generative models have been developed because of their

outstanding unsupervised learning framework [17–23]. But GAN has the biggest defect

leading to a training divergence because it cannot find a Nash equilibrium easily [24]. Al-

though VAE supports precise control over the latent variable, it also has a blurry output

due to a drawback of imperfect reconstruction which results in difficulty training the de-

coder. Because of the innate disadvantages of GAN and VAE, they are avoided in our

research.

Normalizing Flow A simple distribution can be transformed into a complex distribution

by repeatedly using an invertible mapping function. The change of the variable theorem

makes the transformation from a variable to a new one possible and leads to the final

distribution of the target variable as follows. Suppose a probability density function 𝑧 ∼

𝑝(𝑧) for a random variable 𝑧. If an invertible bijective transformation function 𝑓 exists

between a new variable 𝑥 and 𝑧, 𝑥 = 𝑓 (𝑧) and 𝑧 = 𝑓 −1(𝑥). Again, if the change of the variable

theorem is applied to z and a final target variable x in the multivariate version through

the operation of successive distribution 𝑝(z) and successive transformation function 𝑓 (z),

z𝑖−1 ∼ 𝑝𝑖−1(z𝑖−1), z𝑖 = 𝑓𝑖 (z𝑖−1), thus z𝑖−1 = 𝑓 −1𝑖 (z𝑖). (2.2)
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Then

𝑝𝑖 (z𝑖) =𝑝𝑖−1( 𝑓 −1𝑖 (z𝑖))
�����𝑑𝑒𝑡 𝑑𝑓 −1𝑖𝑑z𝑖

�����
=𝑝𝑖−1(z𝑖−1)

����𝑑𝑒𝑡 𝑑𝑓𝑖

𝑑z𝑖−1

����−1 , thus

(2.3)

log 𝑝𝑖 (z𝑖) = log 𝑝𝑖−1(z𝑖−1) − log
����𝑑𝑒𝑡 𝑑𝑓𝑖

𝑑z𝑖−1

���� (2.4)

where 𝑑𝑒𝑡 𝜕 𝑓𝑖
𝜕z𝑖 is the Jacobian determinant of the function 𝑓 .

Finally, the chain of K transformations of probability density function 𝑓i, which is easily

inverted and whose Jacobian determinant can be easily computed, from the initial distri-

bution z0 yields the final target variable x,

x = zK = 𝑓K ◦ 𝑓K-1 ◦ · · · ◦ 𝑓1(z0)

log 𝑝(x) = log 𝜋K(zK) = log 𝜋0(z0) −
K∑︁
𝑖=1

log

����𝑑𝑒𝑡 𝑑𝑓𝑖

𝑑z𝑖−1

���� (2.5)

The flow results from the path travelled by the random variables z𝑖 = 𝑓𝑖 (z𝑖−1). A normal-

izing flow is called the full chain configured by the successive distribution 𝜋𝑖.

In our research, we focus on the advantages of a normalizing flow, which are model flexibility

and generation speed, even though it also has drawbacks. A Real-valued Non-Volume

Preserving algorithm (RealNVP) makes use of a normalizing flow which is implemented

with an invertible bijective transformation function. Each bijection called an affine coupling

layer, which is 𝑓 : x ↦→ y, decomposes an input dimension into two sections. The intrinsic

transformation property using the affine coupling layer causes the input dimension to be

unchanged with the alternate modification of the two split input sections in each coupling

layer. Based on this property, the inverse operation is attained without difficulty. In

addition, the inverse operation easily computes its Jacobian determinant since its Jacobian

is a lower triangular matrix. RealNVP uses a multi-scale architecture as well as a batch

normalization for better performance. To support a local correlation structure of an image,

there are two masked convolution methods: the spatial checkerboard pattern mask and

channel-wise mask [25]. Non-linear Independent Components Estimation (NICE) which is
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a previous model of RealNVP uses an additive coupling layer which does not use the scale

term of an affine coupling layer [26]. Generative flow with 1×1 convolutions (Glow) is a

method to simplify the architecture regarding a reverse operation of channel ordering of

NICE and RealNVP [27].

Several studies have tried to overcome the chronic drawback of a normalizing flow, biased

log-density estimation [28, 29]. [1] (see Fig. 3.2) utilizes the intrinsic characteristic of

FDGM with an inductive bias based on a model architecture. Hence, the research takes

advantage of a biased log-density estimation of FDGM itself. The research suggests a

model architecture using a VAE which extracts a global representation of an image and

a FDGM, which depends on a local representation, with a conditional input of the global

representation of the image. Finally, an unbiased log-density estimation of an image can

be expected from the FDGM using the output of the VAE.

The compression encoder 𝑞𝜙 (𝑧 |𝑥) in the VAE framework compresses the image x with a

high dimension to the global latent representation z with a low dimension as follows:

𝑞𝜙 (𝑧 |𝑥) = 𝑁 (𝑧; 𝜇(𝑥), 𝜎2(𝑥)) (2.6)

where 𝜇(·) and 𝜎(·) are neural networks for a learned mean and variance and a variational

posterior distribution 𝑞𝜙 (𝑧 |𝑥) as a diagonal Gaussian models a latent variable Z. Then to

address the biased log-density estimation of FDGM regarding the reconstruction of image

𝑥, 𝑝𝜃 (𝑥 |𝑧) is considered by using 𝑧. Hence, an invertible flow-based decoder 𝑓𝜃 (𝑥; 𝑧) having

the main input of image 𝑥 with a conditional input of global latent representation 𝑧 is used

for finding a local representation 𝑣 as follows:

𝑣 = 𝑓𝜃 (𝑥; 𝑧) (2.7)

where 𝑣 has a standard normal distribution 𝑣 ∼ 𝑁 (0, 𝐼). Finally, the image x is recon-

structed by using the inverse function of flow-based decoder as follows:

𝑥 = 𝑓 −1𝜃 (𝑣; 𝑧). (2.8)
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We adopt this architecture since it can resolve the flexibility of the goal dimension between

policies and the biased log-density estimation for a FDGM of our model.

Auto-regressive flow An auto-regressive flow provides tractable likelihoods due to the

observable probability of a full sequence given by the product of conditional past probabil-

ities so that it has a better density estimation than non-autoregressive flow-based models

[30–34]. Yet, the restoration speed of the original data which results from its operation

countervails its merit.

2.2 Non-monolithic exploration in HRL

2.2.1 Options framework

The set of option, which is a generalized concept of action, over an MDP is comprised of a

semi-Markov decision process (SMDP). Semi-MDPs are defined to deal with the different

levels of an abstract action based on the variable period. HRL is a representative general-

ization of reinforcement learning where the environment is modelled as a semi-MDP [35].

Each action in non-monolithic exploration mode which adopts a multi-mode exploration

has different effect during the different period. Thus the sequence of action is defined by

taking advantage of an option framework for a multi-mode exploration.

2.2.2 Exploration

The various events for triggers have been considered whether they are acquired from un-

certainty or not [36], [37], [38].

The experiment of [39] shows the efficacy of robot behaviour learning from self-exploration

and a socially guided exploration supported by a human partner. [40] claims about the

Bayesian framework which supports changing dynamics online and prevents conservative-

ness by using a variance bonus uncovering the level of transition of adversity. [41] claims

Tactical Optimistic and Pessimistic (TOP) estimation for the value estimation strategy of

optimistic and pessimistic online by using a quantile approximation [42]. Hence, the belief
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distribution is constructed by following quantile estimation:

𝑞𝑍 𝜋 (𝑠,𝑎) = 𝑞𝑍 (𝑠,𝑎) + 𝛽𝑞𝜎 (𝑠,𝑎) (2.9)

where 𝑞𝑍 (𝑠,𝑎) and 𝑞𝜎 (𝑠,𝑎) are the mean and standard deviation of quantile estimation

respectively and Z(s,a) is a return random variable. The belief distribution is optimistic

and pessimistic when 𝛽 ≥ 0 and 𝛽 < 0 respectively.

[2] claims the importance of a non-monolithic exploration against a monolithic exploration.

Its representative non-monolithic exploration method utilizes ‘homeostasis’ based on the

difference of value function between k steps which is referred to as the following ’value

promise discrepancy’,

𝐷 𝑝𝑟𝑜𝑚𝑖𝑠𝑒 (𝑡 − 𝑘, 𝑡) :=
��𝑉 (𝑠𝑡 − 𝑘) − 𝑘−1∑︁

𝑖=0

𝛾𝑖𝑅𝑡−𝑖 − 𝛾𝑘𝑉 (𝑠𝑡 )
�� (2.10)

where 𝑉 (𝑠) is the agent’s value estimate at state s, 𝛾 is a discount factor and 𝑅 is the

reward.

The above-mentioned researches regarding the guidance-exploration framework, robust-

MDP research and the adaptive optimism inspired our research on the basis of [2].

2.2.3 Hierarchical RL

The Semi-Markov Decision Process(SMDP) takes advantage of options defining a domain

knowledge and can reuse the solutions to sub-goals [35]. [43] claims that an Adaptive Skills,

Adaptive Partitions framework supports learning near-optimal skills which are composed

automatically and concurrently with skill partitions, in which an initial misspecified model

is corrected. [44] proposes an algorithm to solve tasks with sparse reward in which the

research suggests an algorithm to accelerate exploration with the construction of options

minimizing the cover time. [45] also deals with a sparse reward environment. Thus, it

formalizes the concept of fast and slow curiosity for the purpose of stimulating a long-

time horizon exploration. The option-critic architecture has the intra policy, which follows

the option chosen by the policy over options until the end of the condition of option



16 Chapter 2.

termination [46]. [47] claims that each policy in HRL, which utilizes a flow-based deep

generative model for retaining a full expressivity, is trained through a latent variable with

a bottom-up layer-wise method. HIRO claims the method to synchronize adjacent levels

of hierarchical reinforcement learning to efficiently train the higher level policy.

Our model makes use of HIRO for our exploration research because it is a traditional

goal-conditioned HRL.

2.3 Pre-training RL with SFs

The research in [48] makes use of SFs to transfer previous knowledge to similar environments

in simulated and real experiments. As the importance of SFs is magnified, [49] researches

visual semantic planning to predict a sequence of actions for a desired goal state by using

a deep successor representation. [50] shows that although SFs in transfer learning promote

learning speed, there is a restriction in transferring knowledge between tasks when an

SF representation relies on the task’s optimal policy. UVFAs, which is 𝑉 (𝑠, 𝑔, 𝜃) using

parameters 𝜃, claims the importance of value function approximation of adjacent states as

well as adjacent goals [51]. USFA [52] combines UVFAs, SFs and GPI to support multi-task

deep reinforcement learning.

In order to overcome ’linear regression problem’, VISR takes advantage of SFs and the

behavioral mutual information (BMI) [53, 54], which constructs a reward function as [55]

to support fast task inference as follows:

log 𝑞(𝑤 |𝑠) = 𝜙(𝑠)𝑇w (2.11)

where q is a BMI discriminator.

Since APS makes use of the strong points of both VISR and APT, the intractable condi-

tional entropy −𝐻 (𝑠 |𝑧) can be lower bounded. For the variational lower bound of APS, the
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intrinsic reward for the pre-training is the sum of log𝑞(𝑤 |𝑠) of VISR and 𝑟𝐴𝑃𝑇𝑡 (𝑠) of APT.

𝑟𝐴𝑃𝑆 (𝑠, 𝑎, 𝑠′) = 𝑟𝑒𝑥𝑝𝑙𝑜𝑖𝑡𝑎𝑡𝑖𝑜𝑛𝐴𝑃𝑆
(𝑠, 𝑎, 𝑠′) + 𝑟𝑒𝑥𝑝𝑙𝑜𝑟𝑎𝑡𝑖𝑜𝑛

𝐴𝑃𝑆
(𝑠, 𝑎, 𝑠′)

= 𝜙(𝑠)𝑇𝑤 + log
(
1 + 1

𝑘

∑︁
ℎ ( 𝑗) ∈𝑁𝑘 (ℎ)



ℎ − ℎ ( 𝑗 )

𝑛ℎ
𝑛ℎ

)
= log 𝑞(𝑤 |𝑠) + 𝑟𝐴𝑃𝑇𝑡 (𝑠)

(2.12)

where ℎ = 𝜙(𝑠′) and 𝑁𝑘 (·) denotes the k nearest neighbors.

2.4 Offline-to-online RL with an unmodified offline agent

2.4.1 Non-monolithic exploration

A noise-based monolithic exploration RL agent capitalizes on a final action by adding its

policy’s action to random noise for exploration. In contrast, the non-monolithic explo-

ration methodology comprises discrete agents—one for exploitation and another for explo-

ration—managed by a mode-switching controller that selects the appropriate agent at the

right time. Fig. 1, shown in ‘supplementary document.pdf’ on the GitHub mentioned in

the Abstract, illustrates the diagrams for both the noise-based monolithic exploration RL

agent and the non-monolithic exploration RL agent.

The significance of ‘when’ to explore, a primary consideration in the non-monolithic ex-

ploration methodology, has been emphasized in [56–58], contrasting with the traditional

focus on ‘how’ to explore, typically associated with monolithic exploration approaches.

In [58], the non-monolithic exploration methodology incorporates ‘Homeostasis’ [59] as

a mode-switching controller, abbreviated as ‘Homeo’ (see ‘A.5 Homeostasis’ in ‘supple-

mentary document.pdf’), to select an active agent between exploitation and exploration.

‘Homeo’ leverages the ‘value promise discrepancy’, 𝐷 𝑝𝑟𝑜𝑚𝑖𝑠𝑒 (𝑡 − 𝑘, 𝑡), which represents the

difference in the value function over k steps:

𝐷 𝑝𝑟𝑜𝑚𝑖𝑠𝑒 (𝑡 − 𝑘, 𝑡) :=
��𝑉 (𝑠𝑡−𝑘) − 𝑘−1∑︁

𝑖=0

𝛾𝑖𝑅𝑡−𝑖 − 𝛾𝑘𝑉 (𝑠𝑡 )
�� (2.13)
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where 𝑉 (𝑠) is an agent’s value estimate at state s, 𝑅 is a reward and 𝛾 is a discount factor.

2.4.2 Pre-training

Pre-training is designed to enhance sample efficiency and transfer prior knowledge to a

downstream task [60]. The main types include online or offline pre-training, supervised or

unsupervised pre-training [61], and representation [62] or policy pre-training [63].

Our research focuses on offline pre-training in RL, which involves utilizing an off-policy

approach, as seen in offline RL methods such as CQL [64], IQL [65], AWAC [66], and

COMBO [67].

2.4.3 Offline RL

Online RL presents significant challenges due to the high costs and risks associated with

interactions in real environments. Consequently, the RL research community has shown in-

terest in Offline RL, which leverages existing pre-used datasets. However, a persistent issue

is the vulnerability to distributional shifts between the offline dataset and the distribution

of the downstream task. Offline RL has been explored in various areas, including pol-

icy constraints, importance sampling, regularization, uncertainty estimation, model-based

methods, one-step methods, imitation learning, and trajectory optimization [68, 69].

In the evaluation and improvement of an offline policy, the policy loss term typically in-

cludes loss terms related to policy constraints [70, 71], uncertainty [72, 73], and regulariza-

tion [64, 74].

2.4.4 Offline-to-online RL

Prior work in offline-to-online RL has focused on consolidating an acquired online policy

based on an offline policy [75–77].

PEX was designed to deviate from the traditional unified framework, thereby avoiding

compromises to a pre-trained offline policy. In PEX, 𝜋𝛽 is kept frozen, while Π consists of

both 𝜋𝛽 and a learnable policy 𝜋𝜃 .
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Π = [𝜋𝛽 , 𝜋𝜃 ] (2.14)

A proposal actions set, A = {𝑎𝑖 ∼ 𝜋𝑖 (𝑠) |𝜋𝑖 ∈ Π}, is formed from Π at the current state 𝑠.

One of them will be selected from this set using a categorical distribution, 𝑃w, which is

associated with a value function Q𝜙 =
[
𝑄𝜙 (𝑠, 𝑎𝑖) |𝑎𝑖 ∈ A

]
∈ R𝐾 where 𝐾 is cardinality of

Π (here 𝐾 = 2).

𝑃w [𝑖] =
exp(𝑄𝜙 (𝑠, 𝑎𝑖)/𝛼)∑
𝑗 exp(𝑄𝜙 (𝑠, 𝑎 𝑗)/𝛼)

, ∀𝑖 ∈ [1, q q q 𝐾] (2.15)

where 𝛼 is temparature. Then w is selected through w ∼ 𝑃w. Finally, the composite policy

𝜋 is used for a final action.

𝜋(𝑎 |𝑠) = [𝛿𝑎∼𝜋𝛽 (𝑠) , 𝛿𝑎∼𝜋𝜃 (𝑠) ]w, w ∼ 𝑃w (2.16)

where w ∈ R𝐾 is a one-hot vector and 𝛿𝑎∼𝜋 is the Dirac delta distribution centered at an

action 𝑎 ∼ 𝜋.

Our research does not utilize the categorical distribution 𝑃w for exploration and learning.
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Hierarchical reinforcement learning

with optimal level synchronization

based on flow-based deep generative

model

3.1 Introduction

Among many reinforcement learning (RL) algorithms, hierarchical reinforcement learning

(HRL) stands out by addressing the limitations of atomic RL algorithms such as Deep

Q-Network (DQN) [78], Deep Deterministic Policy Gradient algorithm (DDPG) [79], Soft

Actor-Critic (SAC) [80], and Twin Delayed Deep Deterministic algorithm (TD3) [81]. This

hierarchical approach effectively mitigates the exploration challenges and computational

inefficiencies inherent in atomic RL frameworks. HRL exhibits a strong capability to effi-

ciently seek optimal solutions in high-dimensional state and action spaces or sparse reward

environments. This efficiency is achieved through temporal abstraction goals between the

policies of HRL. As HRL is composed of hierarchical policies, effective communication

between higher-level and lower-level policies is crucial for its performance.

21
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In a two-level hierarchical structure, the higher-level policy focuses on abstract and gener-

alized features, while the lower-level policy handles primitive actions in conjunction with

the environment. For example, in the MuJoCo Ant environment (see Fig. 3.1), the higher-

level policy learns high-level movement directions (indicated by arrows), and the lower-level

policy generates actions at each step based on these higher-level directions, also referred

to as higher-level actions or goals.

In goal-conditioned HRL, a policy is conditioned on an additional input called a goal, which

is sent from its higher-level policy. The communication role between each HRL policy is

crucial, and there are several ways to handle this in an HRL algorithm. For example, an

HRL algorithm can control a goal using an atomic RL algorithm [3, 82] or various machine

learning algorithms [9, 83, 84].

Meanwhile, the goal is also used for training its own policy. One of the key challenges

in hierarchical RL, typically trained in a bottom-up layer-wise method, is how to train

each policy with optimal data collection for the task. The off-policy correction in HRL, as

suggested in HIerarchical Reinforcement learning with Off-policy correction (HIRO) [3](see

Fig. 3.2), serves as an alternative solution to the optimal training issue in HRL.

HIRO combines off-policy and correction to address how to train a higher-level policy from

the viewpoint of the current lower-level policy. Off-policy method has been highlighted

for its ability to overcome the local minima of on-policy method. However, off-policy also

faces a non-stationary issue when training a higher-level policy of HRL due to its inherent

algorithm characteristics. The correction component requires careful examination.

HIRO has attempted to address this issue through various indirect estimations, propos-

ing an off-policy correction to mitigate the challenges of off-policy learning by relabeling

past experiences, specifically the actions of the higher-level policy, as goals. However, the

estimation, which relies on a indirect probabilistic approach, has proven to be insufficient

or imprecise due to its inherent limitations. The method’s inability not to accurately re-

flect the current knowledge of the lower-level policy stems from its reliance on indirect

estimation.
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Our research emphasizes the importance of a direct estimation that accurately reflects the

current knowledge of a low-level policy. This direct approach improves the effectiveness

of training the higher-level policy. In this research, we propose a novel HRL model with

a direct off-policy correction strategy. This strategy leverages the current knowledge of a

lower-level policy using a Flow-Based Deep Generative Model (FDGM), avoiding the need

for superficial data using indirect estimations.

To reflect the current knowledge of a lower-level policy in the off-policy correction after the

policy is trained, we utilize the current internal parameters of its Neural Network (NN) to

find an exact goal for training its higher-level policy. Using the inverse of a policy allows us

to compute the goal directly, effectively relabeling a previous goal of a higher-level policy.

When the result of an inverse operation of a lower-level policy is evaluated as a goal of a

higher-level policy, reflecting the current knowledge of the lower-level policy, the estimation

utilizing the inverse model of a policy can become an actual and accurate off-policy correc-

tion method for HRL. In this context, finding the inverse value of a policy in a model-free

HRL is defined as an inverse model of the policy.

The FDGM, capable of supporting the exact inverse value of a policy, is a promising can-

didate for defining an inverse model in HRL. However, FDGM has an inherent restriction

between input and output dimensions, as well as a chronic defect—a biased log-density es-

timate. The former issue makes it challenging to define an inverse model that uses a general

method to support the flexible choice of a goal dimension. Meanwhile, ongoing research is

addressing the latter issue in FDGM. Our research considers an architecture inspired by

[1] to leverage the advantages of FDGM in HRL despite their inherent disadvantages.

Our model is compared to HIRO regarding the methodology for off-policy correction and

the issue of biased log-density estimation related to FDGM. Our model is also compared

to Latent Space Policies (LSP) [82](see Fig. 3.2), which uses FDGM for a HRL, regarding

the issue of invertible bijective transformation function of FDGM mentioned above.

In utilizing optimal off-policy correction to synchronize each level of HRL, several key

questions arise. How can off-policy correction in HRL be effectively operated using the

current internal knowledge of a newly trained lower-level policy to optimize training of its
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Figure 3.1: An example of several tasks in the Ant environment used in this research.
The target location (yellow arrow) is the reward point for the approach of the agent, ant
(green arrow). A trained policy requires the combination of various actions of the agent
and its interplay with an object in the environment (pink blocks) in each task: the series
of several directional movements (third from right), clearing away the obstacle (second
from right) and making a bridge with an object (right). A higher-level policy guides its
lower-level policy to be rewarded with an abstract action (orange arrow) which includes
the desired positions and orientation of the ant and its limbs.

higher-level policy? Additionally, how can one address the disadvantages of FDGM when

considering it for a lower-level policy to utilize its inverse operation for relabeling a goal

for off-policy correction?

Our experimental results on benchmark MuJoCo environments demonstrate that our ap-

proach outperforms HIRO and LSP in terms of both speed and accuracy of performance.

In summary, the contributions of this research are as follows:

• We propose a novel hierarchical RL model architecture that defines an inverse model

of the model-free HRL.

• Our model adopts a direct method based on FDGM to identify an exact goal that

reflects the current knowledge of a recently updated lower-level policy. This approach

is crucial for effective off-policy correction in HRL.

• Despite utilizing FDGM in the lower-level policy, our model effectively addresses the

drawbacks associated with FDGM used in HRL.

The rest of this paper is organized as follows. Section 3.2 introduces the preliminaries of

HRL and off-policy correction. Section 2.1 analyzes related research. Section 3.3 describes

our proposed HRL model using a FDGM. Section 3.4 presents the experimental results

comparing the performance of our HRL model with HIRO and LSP. Section 3.5 discusses

the insights gained from the experiments. Finally, Section 7 concludes this paper and

outlines future works.



Chapter 3. 25

3.2 Preliminary Knowledge

3.2.1 Hierarchical reinforcement learning

The structure of HRL is composed of several unit agents which are stacked hierarchically.

A policy of goal-conditioned HRL usually has two inputs which are the state of an en-

vironment 𝑠𝑡 and a goal 𝑔𝑡 , which is a temporal abstraction, sent from its higher-level

policy 𝜇ℎ𝑖. A unit agent is usually constructed on an atomic RL since it acts as a policy

in a level of HRL. The lowest-level policy communicates with an environment by its action

𝑎𝑡 ∼ 𝜇𝑙𝑜 (𝑠𝑡 , 𝑔𝑡 ) based on the goal 𝑔𝑡 of its higher-level policy which is 𝑔𝑡 ∼ 𝜇ℎ𝑖 every c time

steps (c is the horizon of 𝜇ℎ𝑖) or of a fixed goal transition function h(𝑠𝑡−1, 𝑔𝑡−1, 𝑠𝑡). The

training period of a higher-level policy 𝜇ℎ𝑖, c, is longer than that of its lower-level policy

𝜇𝑙𝑜 due to the hierarchical structure. The higher a policy is located in a HRL, the more

abstract the policy is. An environment reacts to the action of a lowest-level policy, 𝑎𝑡 , of

a HRL with a reward R𝑡 and a next state 𝑠𝑡+1 sampled from its reward function R(𝑠𝑡 , 𝑎𝑡)

and its transition function f (𝑠𝑡 , 𝑎𝑡) respectively. The intrinsic reward r𝑡 = r(𝑠𝑡 , 𝑔𝑡 , 𝑎𝑡 , 𝑠𝑡+1)

in which r is a fixed parameterized reward function for a lower-level policy in a HRL,

except for the highest-level policy which uses a reward R𝑡 of an environment, is usually

supplied by a higher-level policy. Specifically, in Fig. 3.1, the higher-level policy devises

an abstract strategy which is orange arrow, whereas the lower-level policy does a physical

action according to the command of its higher-level policy and a current state. The model

architectures such as Fig. 3.2 can show the above outline of HRL. The key notations used

in this research are summarised in Table 3.1.

3.2.2 Off-policy correction

It is crucial to devise an optimal training solution to enhance the performance of HRL.

Off-policy methods in HRL are proposed to address the local minimum issue of on-policy

methods. In off-policy policy gradient methods, experience replay involves storing sampled

trajectory data from past episodes in a replay buffer, leading to improved sample efficiency.

This approach allows for better exploration by collecting samples using a behavior policy

different from the target policy. The objective function of the off-policy policy gradient is
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Figure 3.2: The model architecture of HIRO (left), LSP (center) and Ma et al. (right).

as follows,

𝐽 (𝜃) = E𝑆∼𝑑𝛽
[∑︁
𝑎∈𝐴

𝑄 𝜋 (𝑠, 𝑎)𝜋𝜃 (𝑎 |𝑠)
]

(3.1)

where d𝛽 (𝑠) is the stationary distribution of the behaviour policy 𝛽(𝑎 |𝑠), 𝜋𝜃 (𝑎 |𝑠) is the

target policy and Q𝜋 (𝑠, 𝑎) is the action-value function estimated regarding the target policy

𝜋𝜃 (𝑎 |𝑠) [85].

However, the off-policy method in goal-conditioned HRL faces a non-stationary issue due

to the bottom-up training approach in off-policy RL. Previously used outputs, such as

goals from the higher-level policy, may not be suitable for training as they do not reflect

the parameter value 𝜃 of the newly trained lower-level policy. Consider the operation of a

lower policy 𝜇𝑙𝑜 in HRL as follows:

𝑎𝑡 ∼ 𝜇𝑙𝑜, 𝜃 (𝑠𝑡 , 𝑔𝑡 ), at time 𝑡. (3.2)

After 𝜇𝑙𝑜, 𝜃 is trained after c steps,

𝑎𝑡+𝑐 ∼ 𝜇𝑙𝑜, 𝜃 ′ (𝑠𝑡+𝑐, 𝑔𝑡 ), assume 𝑠𝑡+𝑐 = 𝑠𝑡

𝑎𝑡 ≠ 𝑎𝑡+𝑐 or 𝑎𝑡 = 𝑎𝑡+𝑐
(3.3)
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Figure 3.3: The architecture of our suggested model using FDGM. (A) A low-level
policy of HIRO is used only for the forward part to Environment. (B) The observation
embedding of LSP, which is an encoder, is replaced by a low-level policy of HIRO as an
independent policy. (C) The RealNVP of LSP, which is a neual network and belongs to
a policy, is used as an independent policy. (D) The combination of a forward part and
an inverse part is adopted from the model architecture of [1].

where 𝑎𝑡+𝑐 and 𝑠𝑡+𝑐 are the action of 𝜇𝑙𝑜, 𝜃 ′ and the state of the environment after c steps

respectively. 𝑎𝑡+𝑐 may not be the same as 𝑎𝑡 for the value of the 𝜇𝑙𝑜, 𝜃 parameter which

might be different from that of the 𝜇𝑙𝑜, 𝜃 ′ parameter.

To resolve this problem, an off-policy correction is proposed in HIRO [3] through an indirect

estimation strategy.

3.3 Our model

The aim of our research is not to use an indirect estimation like HIRO, but rather to employ

a direct estimation that accurately reflects the current knowledge of lower-level policy to

find an optimal goal for level synchronization in training the higher-level policy. The most

direct approach is to find a goal, 𝑔𝑡 , through the inverse operation of lower-level policy for

training its higher-level policy 𝜇ℎ𝑖, expressed as:

𝑔𝑡 ∼ 𝜇−1𝑙𝑜 (𝑎𝑡 ) (3.4)



28 Chapter 3.

Table 3.1: Key Notations.

Symbol Meaning
𝑡 action step
𝜇ℎ𝑖 higher-level policy
𝜇𝑙𝑜 lower-level policy
𝜇𝑧 the policy of forward part
𝜇𝑧−state the policy of conditional part
𝜇rnvp the policy of FDGM part
𝜇−1rnvp the inverse of the policy of FDGM part
Π the lower-level policy set composing of [𝜇𝑧, 𝜇𝑧−state, 𝜇rnvp]
𝐿𝑧 the loss of forward part
𝐿𝑧−state the loss of conditional part
𝐿rnvp the loss of FDGM part
𝐿common the averaged loss over the sum of loss of all three policies
𝑔𝑡 or 𝑔 the action of higher-level policy called a goal
𝑔𝑡 a goal obtained through off-policy correction for training

the higher-level policy 𝜇ℎ𝑖
𝑎𝑡 the action of lower-level policy
𝑅𝑡 the extrinsic reward of an environment
𝑟𝑡 the intrinsic reward of lower-level policy
𝑠𝑡 or 𝑠 the state of the environment
𝑎𝑡 ,𝑧 the action of forward part
𝑎𝑡 ,rnvp the action of FDGM part of inverse part
𝑎𝑡 ,𝑧−state the action of conditional part of inverse part
[𝑔, 𝑎] the concatenation of 𝑔1:𝑑 and an action 𝑎𝑡 ,𝑧−state
[𝑎rnvp, 𝑎𝑧−state] the concatenation of an action 𝑎𝑡 ,rnvp and an action

𝑎𝑡 ,𝑧−state
𝑥𝑡:𝑡+𝑐−1 the sequence 𝑥𝑡 ,. . . ,𝑥𝑡+𝑐−1
𝑐 the horizon of a higher-level policy
𝐷𝑅 replay buffer

where 𝑎𝑡 is the action of lower-level policy, 𝜇𝑙𝑜. Given that FDGM supports invertible

algorithms and fast generation speeds, we adopt an FDGM-based lower-level policy in our

research to relabel a goal for training a higher-level policy.

However, while FDGM is invertible, its bijective transformation property poses constraints

on goal dimensions, particularly in incorporating an inverse model for model-free HRL.

This constraint arises from the requirement for the input and output dimensions of FDGM

to be the same, making it challenging to secure a model that allows for the freedom of goal

dimensions between policies in HRL. In addition, FDGM suffers from the chronic drawback

of biased log-density estimation.
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To address those challenges, we define a lower-level policy set, denoted as Π, for the lower-

level policy.

Π = [𝜇𝑧 , 𝜇𝑧−state, 𝜇rnvp] (3.5)

We splits the lower-level policy, 𝜇𝑙𝑜, into two parts: a forward part composed of 𝜇𝑧, which

interacts with the environment, and an inverse part (𝜇−1
𝑙𝑜

) consisting of 𝜇𝑧−state and 𝜇rnvp

for the inverse model. The forward part is responsible for generating a real action in

the environment. The action of the lower-level policy for the environment, denoted as

𝑎𝑡 ∼ 𝜇𝑙𝑜, is determined by 𝜇𝑧 from Π at the current state 𝑠𝑡 . The inverse part includes

two components: the 𝜇rnvp part, which uses the output of the conditional part and a goal

from the higher-level policy as inputs, and the conditional part (𝜇𝑧−state), which supports

the 𝜇rnvp part.

To obtain the local representation, the main inputs of the inverse part of our model are 𝑠𝑡

and 𝑔𝑡 for the FDGM part, and the output of the forward part, 𝑎𝑡 ,𝑧, for the conditional

part. However, the purpose of the inverse part is to find 𝑔𝑡 using the inverse operation of

the FDGM part. Therefore, one of the inputs, 𝑠𝑡 , of the FDGM part is transferred to an

input of the conditional part. This design improves performance, distinguishing it from

the observation embedding of LSP, which serves as an encoder.

To ensure the exact inverse operation of our model concerning the output of the corre-

sponding level of the lower-level policy, the critical consideration is aligning the output of

the inverse part, 𝑎𝑡 ,rnvp, with the output of the forward part, 𝑎𝑡 ,𝑧. In essence, both outputs,

𝑎𝑡 ,𝑧 and 𝑎𝑡 ,rnvp, should share a common internal factor under the common inputs, a goal

𝑔𝑡 and a state 𝑠𝑡 , despite their differing dimensions. Therefore, 𝑎𝑡 ,𝑧−state of 𝜇𝑧−state serves

as the refined global representation.

Through Π, our model ensures the freedom to choose the dimension of the goal at any

level and addresses the issue of biased log-density estimation in FDGM. Since off-policy

correction is not required at the highest level, the other levels, except for the highest level,

can adopt the two parts of our model architecture: a forward part and an inverse part.
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Algorithm 1 Find the goal using only 𝜇−1𝑟𝑛𝑣𝑝
1: Inputs:

𝑎𝑧−state, 𝑎rnvp
2: Output:

𝑔

3: Initialize:

4: Set the layer dimension of all policies including 𝜇ℎ𝑖 and the critic of
𝜇𝑟𝑛𝑣𝑝 to be the same except for the actor of 𝜇𝑟𝑛𝑣𝑝

5: Set the layer dimension of actor of 𝜇𝑟𝑛𝑣𝑝
6: Set the action dimension of 𝜇𝑧−state

7: for each 𝑐 do
8: Sample 𝑎𝑧−state, 𝑎rnvp ∼ 𝐷𝑅
9: 𝑔 ∼ 𝜇−1rnvp(𝑎𝑧−state, 𝑎rnvp)

10: end for each

Algorithm 2 Find the goal using all parts of 𝜇𝑙𝑜
1: Inputs:

𝑠, 𝑔, 𝑎rnvp
2: Output:

𝑔

3: Initialize:

4: Set the layer dimension of all policies (a forward part and an inverse
part) inside Π to be the same except for 𝜇ℎ𝑖

5: Set the layer dimension of 𝜇ℎ𝑖
6: Set the action dimension of 𝜇𝑧−state

7: for each 𝑐 do
8: Sample 𝑠, 𝑔, 𝑎rnvp ∼ 𝐷𝑅
9: 𝑎

′
𝑧 ∼ 𝜇𝑧 (𝑠, 𝑔)

10: 𝑎
′
𝑧−state ∼ 𝜇𝑧−state(𝑠, 𝑎

′
𝑧)

11: 𝑔 ∼ 𝜇−1rnvp(𝑎
′
𝑧−state, 𝑎rnvp)

12: end for each

Fig. 3.3 shows the full architecture of our model based on a two-level hierarchical structure.

Each part of the lower-level policy, 𝜇𝑙𝑜, including the off-policy correction used in our model,

is thoroughly explained in the following section.

3.3.1 Forward part 𝜇𝑧

Similar to the lower-level policy of HRL, the action of the forward part interacts with

an environment or another lower-level policy. We consider the forward part as the VAE

framework of [1], which extracts the global representation of a goal 𝑔𝑡 and a state 𝑠𝑡 in
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HRL as follows:

𝑎𝑡 ,𝑧 ∼ 𝜇𝑧 (𝑠𝑡 , 𝑔𝑡 ) at time 𝑡 (3.6)

where 𝜇𝑧 is the policy of the forward part, and 𝑎𝑡 ,𝑧 is the action of 𝜇𝑧. The action 𝑎𝑡 ,𝑧

plays a role in the global representation, which helps in finding the goal 𝑔𝑡 in the inverse

part for relabelling 𝑔𝑡 ∼ 𝐷𝑅.

The fixed dimension of action 𝑎𝑡 ,𝑧, determined by a given environment and different from

the dimension of 𝑔𝑡 , can compensate for a potential weakness of the inverse part, which

uses an FDGM and requires a dimension matching that of 𝑔𝑡 . Since the outputs of both

parts, 𝑎𝑡 ,𝑧 and 𝑎𝑡 ,rnvp, are equivalent from the perspective of the higher-level policy, we can

consider 𝑎𝑡 ,𝑧, the output of the forward part, as a global representation that corresponds

to the output of the inverse part, 𝑎𝑡 ,rnvp.

3.3.2 Inverse part 𝜇−1
𝑙𝑜

We aim to utilize the inverse operation of FDGM to compute a goal 𝑔𝑡 that corresponds

to the updated lower-level policy, 𝜇𝑙𝑜. Our model architecture is inspired by the approach

of [1], which employs two distinct representations to leverage the strengths and weaknesses

of FDGM.

3.3.2.1 Conditional part 𝜇𝑧−state

While the conditional part serves a similar role to the observation embedding in LSP as a

conditional input of FDGM, it differs in two key aspects. Firstly, unlike the observation

embedding in LSP, which is not trained as an encoder using a fully connected neural

network, it operates as an independent policy for improved performance. Secondly, 𝜇𝑧−state

takes in both state 𝑠𝑡 and action 𝑎𝑡 ,𝑧 to handle the global representation, whereas the

observation embedding of LSP only takes in the state 𝑠𝑡 to change the dimension of state

𝑠𝑡 .

𝑎𝑡 ,𝑧−state ∼ 𝜇𝑧−state(𝑠𝑡 , 𝑎𝑡 ,𝑧) at time 𝑡 (3.7)

where 𝜇𝑧−state is the policy of conditional part and 𝑎𝑡 ,𝑧 is the action of forward part.
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There are three reasons why we consider the conditional part. The first reason is to provide

a refined global representation 𝑎𝑡 ,𝑧, while preserving the local representation 𝑎𝑡 ,rnvp, to the

conditional input of FDGM. To address the chronic weakness in the FDGM part, which

is a biased log-density estimation, we take into account the effect of the conditional part,

including a global representation of a goal 𝑔𝑡 and a state 𝑠𝑡 .

The second reason is that controlling the dimension of the action 𝑎𝑡 ,𝑧−state enhances the role

of 𝑎𝑡 ,𝑧 effectively in the FDGM part. Although 𝑎𝑡 ,𝑧 is fixed depending on the environment,

we aim to indirectly control the dimension of 𝑎𝑡 ,𝑧 through 𝑎𝑡 ,𝑧−state to optimize its effect

on the output of the FDGM part.

The third reason is to modulate the dimension of the state 𝑠𝑡 if its dimension is greater or

less than that of the goal 𝑔𝑡 , as both are original inputs in the FDGM part, to achieve a

better 𝑔𝑡 through 𝜇−1
𝑙𝑜

.

Finding the optimal dimension for 𝑎𝑡 ,𝑧−state involves a trade-off process that can be refined

through experimentation.

3.3.2.2 FDGM part 𝜇rnvp

Its inputs are a goal 𝑔𝑡 given from its higher-level policy as a main input and an action

𝑎𝑡 ,𝑧−state given from the conditional part as a conditional input of FDGM as follows:

𝑎𝑡 ,rnvp ∼ 𝜇rnvp(𝑔𝑡 , 𝑎𝑡 ,𝑧−state) at time 𝑡 (3.8)

where 𝜇𝑟𝑛𝑣𝑝 is the policy of FDGM part and 𝑎𝑡 ,rnvp is the action of 𝜇𝑟𝑛𝑣𝑝. The principle

of FDGM part can be explained using the forward transformation property of RealNVP

[25] in a layer as follows:

𝑎_rnvp1:𝑑 = 𝑔1:𝑑

𝑎_rnvp𝑑+1:𝐷 = 𝑔𝑑+1:𝐷⊙ exp(𝑠( [𝑔, 𝑎])) + 𝑡 ( [𝑔, 𝑎])
(3.9)

where the element-wise product is represented as the ⊙ symbol. A goal 𝑔𝑡 is split into a

𝑔1:𝑑 and a 𝑔𝑑+1:𝐷. The concatenation of the 𝑔1:𝑑 and the action 𝑎𝑡 ,𝑧−state is a [𝑔, 𝑎]. An
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𝝁𝒛ି𝒔𝒕𝒂𝒕𝒆𝝁𝒛 𝝁𝒓𝒏𝒗𝒑

𝝁𝒉𝒊 higher-level policy

lower-level policy

П (Policy set)

Figure 3.4: Communication graph representing the dependence of our model.

𝑎_rnvp1:𝑑 and an 𝑎_rnvp𝑑+1:𝐷 are the outputs of a coupling layer and will be concatenated

for the other layer. Furthermore, 𝑠(·) and 𝑡 (·) are scale and translation functions and map

𝑅𝑑 ↦→ 𝑅𝐷−𝑑. They are made by a deep neural network since the inverse function of each

bijection and the Jacobian determinant does not require any computation regarding s and

t. The inverse operation together with the forward operation can be calculated as follows:


𝑎_rnvp1:𝑑 = 𝑔1:𝑑

𝑎_rnvp𝑑+1:𝐷 = 𝑔𝑑+1:𝐷⊙ exp(𝑠( [𝑔, 𝑎])) + 𝑡 ( [𝑔, 𝑎])
(3.10)

⇐⇒


𝑔1:𝑑 = 𝑎_rnvp1:𝑑

𝑔𝑑+1:𝐷 = (𝑎_rnvp𝑑+1:𝐷 − 𝑡 ( [𝑎rnvp, 𝑎𝑧−state]))

⊙ exp (−𝑠( [𝑎rnvp, 𝑎𝑧−state]))

(3.11)

where an action 𝑎𝑡 ,rnvp is split into an 𝑎_rnvp1:𝑑 and an 𝑎_rnvp𝑑+1:𝐷. The concatenation

of 𝑎𝑡 ,rnvp and 𝑎𝑡 ,𝑧−state is an [𝑎rnvp, 𝑎z-state]. A 𝑔1:𝑑 and a 𝑔𝑑+1:𝐷 are the outputs of a

coupling layer in the inverse operation.

The dimension of 𝑎𝑡 ,rnvp is determined by the dimension of 𝑔𝑡 due to the bijective transfor-

mation property of FDGM. The output of the FDGM part, 𝑎𝑡 ,rnvp, is used not for giving

an action to an environment but for the off-policy correction of its higher-level policy after

it is stored in replay buffer 𝐷𝑅.

3.3.3 Off-policy correction, convergence and algorithm

A replay buffer collected by a higher-level policy for the off-policy RL is filled with state-

action-reward transitions (𝑠𝑡 , 𝑔𝑡 , 𝑎𝑡 ,𝑧, 𝑎𝑡 ,𝑧−state, 𝑎𝑡 ,rnvp, Σ𝑅𝑡:𝑡+𝑐−1, 𝑠𝑡+𝑐) based on a higher-

level transition tuple (𝑠𝑡:𝑡+𝑐−1, 𝑔𝑡:𝑡+𝑐−1, 𝑎𝑡:𝑡+𝑐−1,𝑧, 𝑎𝑡:𝑡+𝑐−1,𝑧−state, 𝑎𝑡:𝑡+𝑐−1,rnvp, 𝑅𝑡:𝑡+𝑐−1, 𝑠𝑡+𝑐).

Finally, in case of the off-policy training with the step t transition of replay buffer at time
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𝑡 + 𝑐 steps,

𝐽(..., 𝑔𝑡 ,...) ∼ 𝐷𝑅
(𝜃)𝑡+𝑐 ≠ 𝐽 (𝜃)𝑂𝑃𝑇𝑡+𝑐 (3.12)

where 𝐽(..., 𝑔𝑡 ,...) ∼ 𝐷𝑅
(𝜃)𝑡+𝑐 is the objective function of 𝜇ℎ𝑖, 𝜃 and 𝐽 (𝜃)𝑂𝑃𝑇𝑡+𝑐 is the optimal

objective function of 𝜇ℎ𝑖, 𝜃 on condition that 𝑎𝑡 ≠ 𝑎𝑡+𝑐 mentioned at time t + c of Section

3.2.2. In this research, the inverse operation of FDGM of its lower-level policy is executed

by

𝑔𝑡+𝑐 ∼ 𝜇−1rnvp(𝑎𝑡 ,rnvp, 𝑎𝑡 ,𝑧−state) (3.13)

with 𝑎𝑡 ,rnvp and 𝑎𝑡 ,𝑧−state taken from the replay buffer to get the 𝑔𝑡+𝑐. To relabel 𝑔𝑡 , 𝑔𝑡+𝑐 is

utilized for the level synchronization of the adjacent policies when the higher-level policy is

trained after the lower-level policy is trained in a bottom-up layerwise fashion of HRL. As

𝑔𝑡 is relabelled with 𝑔𝑡+𝑐 by the off-policy correction of our model approaches to 𝑔𝑡+𝑐,𝑖𝑑𝑒𝑎𝑙

which ideally reflects the current internal parameter, 𝜇𝑟𝑛𝑣𝑝,𝜃 , of 𝜇𝑙𝑜, the objective function

of 𝜇ℎ𝑖,𝑡+𝑐 closes to its optimal one if an agent experiences all states of an environment as

follows:
If lim
𝑠→∞

𝑔𝑡+𝑐 = 𝑔𝑡+𝑐,𝑖𝑑𝑒𝑎𝑙,

then lim
𝑠→∞

𝐽(...,𝑔𝑡+𝑐 ,...)∼𝐷𝑅
(𝜃)𝑡+𝑐 = 𝐽 (𝜃)𝑂𝑃𝑇𝑡+𝑐 .

(3.14)

Our model combines three policies of the same type along with the common loss 𝐿common actor

and 𝐿common critic (See Section 3.4) into a lumped lower-level policy 𝜇𝑙𝑜. Meanwhile, the

dependence of each policy in our model is represented in Fig. 3.4. Our research leverages

TD3, which has been verified for its convergence [81], for all policies. Hence, the conver-

gence of the policy of each level in our model also corresponds to the dependence of three

sub-policies and the higher-level policy, relying on the convergence characteristic of the

atomic policy of each level in the off-policy training.

The dynamics of the inverse operation using our inverse model for optimal performance

varies for each task within the environment. Thus, we utilize Algorithm 1 and Algorithm

2 to find an optimal goal for the off-policy correction using our inverse model as follows.

• Firstly, set the layer dimension (dim.) of all policies of our model and the action

dim. of 𝜇𝑧−state.
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• Secondly, employ their own method to find a goal through 𝜇𝑙𝑜. Section 3.4 shows the

layer dim. of all policies and the action dim. of 𝜇𝑧−state according to an Algorithm

used in each result of experiments.

3.4 Experiments

In this research, we investigate whether our inverse model in HRL, using the direct esti-

mation with FDGM for off-policy correction, can achieve competitive performance against

HIRO and LSP. Our implementation is based on the HIRO open code1 and RealNVP open

code2 in LSP, using the same exact optimization algorithm for transparent benchmark-

ing. Consequently, we integrate the two models, our model and LSP, into the HIRO code

framework. We have released our code3 with explanations.

The two-level hierarchical structure of HRL is used because the same HRL structure of

HIRO is used. The intrinsic reward function of a lower-level policy defined in HIRO is used

without modification. All other neural networks including the critic of the FDGM part

except for the actor of the FDGM part, which is a RealNVP, consist of a fully connected

neural network as utilized in HIRO.

HIRO utilizes the TD3 policy gradient algorithm, which is a variant of the DDPG for

continuous control. Since our model is built based on the HIRO source, all policies of

our model also utilize TD3. Therefore, all policies of the lower-level policy set, Π, take

advantage of the actor and critic loss of DDPG for their learning. Instead of using each loss

for each policy of Π, the losses used for training the actor and critic of the three policies

are the common ones, 𝐿common actor and 𝐿common critic, which are averaged over the sum of

the losses of all three policies as follows:

𝐿common actor = (𝐿𝑧 𝑎𝑐𝑡𝑜𝑟 + 𝐿𝑧−state actor + 𝐿rnvp actor)/3

𝐿common critic = (𝐿𝑧 𝑐𝑟𝑖𝑡𝑖𝑐 + 𝐿𝑧−state critic + 𝐿rnvp critic)/3
(3.15)

1 https://github.com/tensorflow/models/tree/master/research/efficient-hrl
2 https://github.com/haarnoja/sac
3 https://github.com/jangikim2/Hierarchical_Reinforcement_Learning/tree/master/distributed_
inverse-efficeint-hrl-sac_210127_tfp_bijectors.bijector_dataefficient_three_reflected_888_0420

https://github.com/tensorflow/models/tree/master/research/efficient-hrl
https://github.com/haarnoja/sac
https://github.com/jangikim2/Hierarchical_Reinforcement_Learning/tree/master/distributed_inverse-efficeint-hrl-sac_210127_tfp_bijectors.bijector_dataefficient_three_reflected_888_0420
https://github.com/jangikim2/Hierarchical_Reinforcement_Learning/tree/master/distributed_inverse-efficeint-hrl-sac_210127_tfp_bijectors.bijector_dataefficient_three_reflected_888_0420
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(a) Ant Push Multi (b) Ant Fall Multi

(c) Ant Push Single (d) Ant Fall Single

Figure 3.5: For the task of the higher-level policy, the average rewards of our model
(green) are compared with that of HIRO (salmon) with the same NN size on condition
of the optimal goal space.

where 𝐿𝑧 𝑎𝑐𝑡𝑜𝑟 and 𝐿𝑧 𝑐𝑟𝑖𝑡𝑖𝑐 are the actor loss and critic loss of 𝜇𝑧, 𝐿𝑧−state actor and 𝐿𝑧−state critic

are the actor loss and critic loss of 𝜇𝑧−𝑠𝑡𝑎𝑡𝑒 and 𝐿rnvp actor and 𝐿rnvp critic is the actor loss

and critic loss of 𝜇𝑟𝑛𝑣𝑝.

The implementation of the lower-level policy and off-policy correction of the HIRO open

code has been modified. To achieve the main purpose of the experiment, we make two

specific modifications to the open-source HIRO code as follows:

1. We replace the neural network of the lower-level policy of HIRO with the architecture

of our model.

2. We replace the indirect probabilistic method of HIRO with the inverse operation of

our model, as represented in Algorithm 1 or Algorithm 2, for off-policy correction.

All other parts of the code remain unchanged.
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(a) Ant Push Multi (b) Ant Fall Multi

(c) Ant Push Single (d) Ant Fall Single

Figure 3.6: The average rewards of our model (green, blue) for the task of the
higher-level policy are compared with that of HIRO (salmon, violet) on condition of a
non-optimal goal space. The numbers of (our model or HIRO)_8_(15 or 8) are the goal
dimension of higher-level policy and that of lower-level policy respectively.

For LSP, we replace all of LSP’s policies with HIRO’s model architecture on the goal space

designed in HIRO, except for the actor of the FDGM part, as mentioned earlier. Despite

LSP not originally using off-policy correction, we utilize off-policy correction using the

inverse operation of FDGM of the lower-level policy for a fair comparison.

Since HIRO researches the Ant environment in Mujoco, which is part of the OpenAI Gym,

the HIRO open-source code defines optimal maximum and minimum tuple values for the

goals of the higher-level policy and lower-level policy. In this experiment, we use them as

the standard goal spaces. For more details, refer to Appendix 3.6.1 and 3.6.2. Meanwhile,

in our evaluation, we focus on the harder tasks of the Ant environment, such as Ant Push

and Ant Fall, with different modes (Multi and Single) among the tasks which are available

in HIRO.
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(a) Ant Push Single (b) Ant Push Single

(c) Ant Fall Single (d) Ant Fall Single

Figure 3.7: For the task of the higher-level policy, the average rewards of our model
(green, blue, orange, salmon, violet and navy for Ant Push Single and green, blue,
orange, cyan and red for Ant Fall Single) are compared with that of LSP (pink for Ant
Push Single and violet for Ant Fall Single). They are based on the change of higher-level
goal dimension of a) our model_8_15, (b) our model_8_8 (c) our model_8_15 (d) our
model_8_8 used in the corresponding task of Fig. 3.6.

We conduct two comparisons between our model and HIRO regarding the methodology for

off-policy correction and the biased log-density estimation related to FDGM.:

1. Optimal goal space comparison in Section 3.4.1 : by using the optimal maximum and

minimum tuple values for the goals of the higher-level and lower-level as defined in

HIRO as default parameters.

2. Non-optimal goal space comparison in Section 3.4.2 : by modifying some dimensions

of optimal maximum and minimum tuple values of goal of higher-level and lower-level

defined in HIRO.
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Our model is also compared with LSP (see Section 3.4.3) in terms of the average reward

result of the higher-level policy for the inherent restriction between input and output

dimensions of FDGM. An ablation study is conducted to compare a variant of our model

with our model (see Section 3.4.4). Both our model and HIRO are evaluated in tasks of

the Mujoco ant environment from the OpenAI Gym, including Ant Push Multi, Ant Fall

Multi, Ant Push Single, and Ant Fall Single, to evaluate the performance of our research.

Our model is specifically evaluated in Ant Push Single and Ant Fall Single against LSP.

Further details of the experiment are provided in Appendix 3.6.1 and 3.6.2.

The objectives of our experiments are as follows:

1. To verify that our model improves the performance of the agent more than HIRO

regarding off-policy correction..

2. To determine the extent to which our model addresses the chronic issue of FDGM in

HRL.

3. To evaluate the impact of the flexible goal dimension in our model on the agent’s

performance compared to LSP.

4. To compare our model with the variation of our model.

3.4.1 Comparative analysis with the optimal goal space

Algorithm 1 and 2 aim to find the optimal 𝑔𝑡 from the FDGM part reflecting the current

knowledge of the lower-level policy in each task. In Fig. 3.5, the average results of our

model for the tasks of the higher-level policy are compared with those of HIRO with

default parameters including the optimal goal space. Our model shows obviously better

performance in most tasks.

• Ant Push Multi (Actor of FDGM : 145 dim., All other NNs : 170 dim., 𝑎𝑡 ,𝑧−state :

16 dim.) in Fig. 3.5a: Our model achieves better scores than HIRO with default

parameters until 4.5M. Then our result marginally outperforms HIRO up to 10M.

Algorithm 1 is used for our model.
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• Ant Fall Multi (Actor of FDGM : 150 dim., All other NNs : 170 dim., 𝑎𝑡 ,𝑧−state : 18

dim.) in Fig. 3.5b: Our model and HIRO with default parameters achieve similar

results until 4.8M. Then, the performance of our model is slightly better up to 8M.

Algorithm 1 is used for our model.

• Ant Push Single (Actor of FDGM : 130 dim., All other NNs : 150 dim., 𝑎𝑡 ,𝑧−state

: 19 dim.) in Fig. 3.5c: Our model achieves considerably better performance than

HIRO with default parameters until 10M, although our model’s result is not as good

as HIRO’s up to 3M. Algorithm 1 is used for our model.

• Ant Fall Single (All lower policy’s NNs : 135 dim., All higher policy’s NNs : 160

dim., 𝑎𝑡 ,𝑧−state : 24 dim.) in Fig. 3.5d: Our model achieves a much higher speed of

learning up to 5.25M than HIRO with default parameters. Our result is similar to

HIRO’s up to 8M, after which it is slightly lower until 10M. Algorithm 2 is used for

our model.

3.4.2 Comparative analysis with a non-optimal goal space

A non-optimal goal space for two models, HIRO and our model, is required for fair compar-

ison. We consider two cases for the non-optimal goal space. The first is 8 goal dimensions

of the higher-level policy, whose default goal dimension is 2 or 3 depending on the task,

replaced with the first 8 goals of the lower-level policy of HIRO, whose default goal is 15.

It is represented as (Our model or HIRO)_8_15, which designates Model name_the goal

dim. of the higher-level policy_the goal dim. of the lower-level policy. As a consequence,

the first default 8 goals of the lower-level policy of HIRO are selected for the goal of the

higher-level policy of (Our model or HIRO)_8_15. The goal space of the lower-level pol-

icy in (Our model or HIRO)_8_15 is the same as the default goal space of the lower-level

policy of HIRO. The second is (Our model or HIRO)_8_8, which removes the last 7 goals

of the lower-level policy of (Our model or HIRO)_8_15. Figure 3.9 in the Appendices 3.6

shows more details regarding the above two goal spaces.

For the comparison with HIRO, first, we tune the appropriate parameters, which are the

layer dim. of all policies of each level and the 𝑎𝑡 ,𝑧−state dim. of the conditional part, for
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our model to achieve the best performance in each task by using Algorithm 1 or 2. Then,

the performance of HIRO with the found layer dim. of the best performance of our model

is compared with our model for each task.

The conditions for achieving the best performance with our model are as follows:

• Ant Push Multi (Our model - Actor of FDGM : 135 dim., All other NNs : 160 dim.,

Our model_8_15 - 𝑎𝑡 ,𝑧−state : 12 dim., Our model_8_8 - 𝑎𝑡 ,𝑧−state : 20 dim.) -

Our model_8_8 and Our model_8_15 show better performance than HIRO_8_8,

which is the best among HIRO’s two models. Algorithm 1 is used for our model.

• Ant Fall Multi (Our model - Actor of FDGM : 140 dim., All other NNs : 165 dim.,

Our model_8_15 - 𝑎𝑡 ,𝑧−state : 12 dim., Our model_8_8 - 𝑎𝑡 ,𝑧−state : 15 dim.) -

HIRO_8_8 shows the best performance among all other models. Algorithm 1 is

used for our model.

• Ant Push Single (Our model - Actor of FDGM : 130 dim., All other NNs : 150 dim.,

Our model_8_15 - 𝑎𝑡 ,𝑧−state : 9 dim., Our model_8_8 - 𝑎𝑡 ,𝑧−state : 22 dim.) - Both

of our models show better performance than HIRO’s two models. Algorithm 1 is

used for our model.

• Ant Fall Single (Our model - Actor of FDGM : 135 dim., All other NNs : 160 dim.,

Our model_8_15 - 𝑎𝑡 ,𝑧−state : 26 dim., Our model_8_8 - 𝑎𝑡 ,𝑧−state : 22 dim.) -

Our model_8_15 shows the best performance among all other models. The inverse

operation of Algorithm 2 which is combined with the size of NN of Algorithm 1 is

used for our model.

Our model shows the best performance in most tasks. In only Fig. 3.6b, our model’s

performance is behind HIRO’s. Compared with tasks with a high reward shape, such as

Ant Push Multi and Ant Fall Multi, our model demonstrates much superiority over HIRO

in tasks with a low reward shape, such as Ant Push Single (Fig. 3.6c) and Ant Fall Single

(Fig. 3.6d), where there is ample room for improvement. The performance of our model

is impressive in the early stage, which does not have enough data in a replay buffer for

off-policy correction. The main reason is that our model can take advantage of an exact

goal, 𝑔𝑡 , by using the direct inference from the inverse operation of FDGM.
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3.4.3 Comparative analysis between our model and LSP

One of the purposes of our model is to make the goal space of all policies in HRL flex-

ible without any restrictions. Our model_(2,3,4,5,6 or 7)_(8 or 15) exemplifies the goal

flexibility of our model. These non-optimal goal spaces are constructed using the same

method as (Our model or HIRO)_8_(8 or 15). The goal space of the higher-level policy

is replaced with the first x goals, which is 2,3,4,5,6 or 7, of the lower-level policy of HIRO,

whose default goal is 15. Fig. 3.9 in the Appendix shows examples of some cases of the

above goal space.

In Fig. 3.7, our model_(2,3,4,5,6 or 7)_(8 or 15) with the same layer dim. as the corre-

sponding task of our model_8_(8 or 15) in Fig. 3.6 is compared with LSP to demonstrate

the superiority of the goal flexibility of our model over LSP. All output dim. of LSP for

selecting a goal space for all level policies of HRL should match the dim. of the action space

of the environment, which is 8 in the Mujoco ant environment, due to the characteristic of

the invertible bijective transformation of FDGM. Thus, LSP should have LSP_8_8. The

layer dim. of LSP is configured based on the configuration of our model in Ant Push Single

(Fig. 3.6c) and Ant Fall Single (Fig. 3.6d). Additionally, the observation embedding dim.

of LSP is tuned to achieve the best performance, as follows:

• Ant Push Single - Higher policy’s NN : 150 dim., Lower policy’s NN : 130 dim., The

output dim. of each level’s observation embedding : 23 dim. in Fig. 3.7a and 3.7b

• Ant Fall Single - Higher policy’s NN : 160 dim., Lower policy’s NN : 135 dim., The

output dim. of each level’s observation embedding : 14 dim. in Fig. 3.7c and 3.7d

Fig. 3.7 illustrates the effectiveness of the choice of goal dim. of the higher-level policy

of our model. It shows that the smaller the goal dimension of the higher-level policy of

our model, the better its performance. This trend indicates that the goal dim. of the

higher-level policy of our model approaches the default goal dim. of HIRO’s higher-level

policy. LSP is significantly inferior to our model, highlighting the superiority of our model’s

flexibility in goal dimension.
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Figure 3.8: Average result of our method (green) compared with that of the variant
model (salmon) in Ant Fall Multi.

3.4.4 Ablation study

The importance of �� ,� is of interest due to its significant role in addressing the chronic issue

of FDGM, specifically the biased log-density problem. Considering the potential impact

on our model’s performance, it would be intriguing to explore how replacing �� ,� with goal

�� as the input of the conditional part affects our model’s performance.

• Ant Fall Multi of variant model (Actor of FDGM : 150, All other NNs : 180, �� ,�−state

= 19)

In this experiment, we do not set the parameters of each policy to be the same as that

of our model in the comparative analysis. First, we find the parameters of the variant

model with the optimal goal space for its best performance in the Ant Fall Multi task of

Section 3.4.1. Then, we compare the performance of our model from the previous Ant Fall

Multi experiment with the optimal goal space to the variant model with the newly found

parameters. This comparison reveals that although both experiments result in the same

performance until 3.5M, our original model marginally outperforms the variant model up

to 7.5M. Subsequently, both models perform similarly up to 10M. The performance of our

model against the variant model is shown in Fig. 3.8.
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3.5 Discussion

3.5.1 The performance of the higher-level policy based on our model in

all tasks

In most of the experiments, our model outperforms HIRO and LSP. Despite not using

any indirect estimations such as the indirect probabilistic method of HIRO, our model

achieves competitive performance against HIRO and LSP by utilizing the inverse operation

of FDGM. Particularly, the lower-level policy, which comprises three policies, does not

significantly affect the performance of the early learning stage of the higher-level policy.

However, fine-tuning the dimension of 𝑎𝑡 ,𝑧−state and the layer dim. of both level policies is

required, as they have an effect on the performance of the higher-level policy.

3.5.2 The inference from the performance of our model compared with

LSP

Even though our model has a non-optimal goal space, it demonstrates competitive perfor-

mance, highlighting the importance of freedom in choosing the goal dimension in HRL. In

Fig. 3.7, LSP cannot show the competitive performance due to its inherent characteristic,

a fixed goal space. In contrast, our model exhibits exclusive performance potential due to

its flexibility in choosing the goal space.

3.5.3 The inverse operation and layer dim. in Algorithm 1 and Algo-

rithm 2

The reason for considering Algorithm 1 and 2 is to address the level and speed of perfor-

mance of the higher-level policy, respectively. Since our model utilizes TD3 in a policy,

the FDGM part also includes a combination of actor and critic. Interestingly, when the

layer dim. of the actor is the same as that of all other neural networks in Algorithm 1,

the performance of the higher-level policy falls short of our expectations. However, when

there is a difference in the layer dim. of the neural networks, particularly for the actor of

FDGM compared to the other neural networks, the performance meets our expectations.
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Algorithm 1 performs a simple inverse operation that reflects only the FDGM part of the

lower-level policy, while Algorithm 2 considers all three sub-parts of the lower-level policy

with different layer dimensions between the higher-level and lower-level policies. Through

this research, the performance level of Algorithm 1 is superior to that of Algorithm 2.

However, Algorithm 2 tends to achieve faster performance. In one of our experiments

with a non-optimal goal space, namely Ant Fall Single, we combine the two algorithms to

leverage their respective strengths.

3.5.4 The performance difference between the low reward shape and the

high reward shape

Even though our model achieve better performance than HIRO for all tasks, there is a

difference in performance between the high reward shape of Ant Push Multi and Ant Fall

Multi and the low reward shape of Ant Push Single and Ant Fall Single. This difference

may be attributed to two main reasons. Firstly, the chronic issue of FDGM, i.e., biased log-

density estimation, still affects the inverse operation of the FDGM. In particular, RealNVP

used in our implementation is the early version of FDGM. Secondly, the reconstruction loss

of the Autoencoder also plays a role. The forward part and conditional part of our model

function as an encoder and a decoder, respectively. In tasks with low or high reward

shapes, our model exhibits different performance in environments where the size of the

feature space is much larger than that of the action space due to the reconstruction loss of

the Autoencoder.

3.5.5 The further research for an environment with a small action space

and a big feature space

The inputs of conditional part are 𝑠𝑡 and 𝑎𝑡 ,𝑧. In environments where the action space

is small and the feature space is large, the model architecture of [1] for unbiased log-

density estimation in our model may not work properly because the dimension of the

global representation, 𝑎𝑡 ,𝑧, is much smaller than that of 𝑠𝑡 . Therefore, to increase the

dimension of the global representation, a decoder for 𝑎𝑡 ,𝑧 is required.
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Figure 3.9: The example of how to create a non-optimal goal space of a higher-level
policy and lower-level policy of our model from the default optimal goal space tuples of
a higher-level policy and lower-level policy of HIRO. Each level’s default tuple in (a) is
represented with color, which is blue for higher-level policy or red for lower-level policy,
and the number of tuple element’s position. Only the tuple’s elements of destination
(higher-level’s goal) are replaced by the corresponding tuple’s elements of source
(lower-level’s goal). In the case of (Our model, HIRO, or LSP)_8_8 for the lower-level’s
goal, the last 7 tuple elements of the lower-level goal are removed. (a) The default tuple,
which is optimal tuple, of a higher-level policy and lower-level policy of HIRO.
Appendix 3.6.1 shows the definition of each level’s tupe. (b) Our model_8_15 (c) Our
model_8_8 (d) Our model_3_8. The goal space of the higher-level policy of ’Our
model_2_8’ and ’Our model_3_8’ is constrained to be the same as the default goal
space of Ant Push Single and Ant Fall Single of HIRO, respectively. (d) Our
model_6_15 (e) Our model_4_8.

3.6 Appendices

Fig. 3.9 shows the example of how to create a non-optimal goal space for a higher-level

policy and lower-level policy of our model from the default optimal goal space tuples of a

higher-level policy and lower-level policy of HIRO.

In addition, the training parameters for our model and the key points for experiments are

summarized as follows.

3.6.1 The training parameters for our model

The training parameters defined in our model for all tasks are the same as those of HIRO,

as follows:
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• Discount 𝛾 = 0.99 for both controllers.

• Adam optimizer; actor learning rate 0.0001; critic learning rate 0.001.

• Soft update targets 𝜏 = 0.005 for both controllers.

• Replay buffer of size 200,000 for both controllers.

• Lower-level train step and target update performed every 1 environment step.

• Higher-level train step and target update performed every 10 environment steps.

• No gradient clipping.

• Reward scaling of 1.0 for lower-level; 0.1 for higher-level.

• Lower-level exploration is Gaussian noise with 𝜎 = 1.0.

• Higher-level exploration is Gaussian noise with 𝜎 = 1.0.

• state 𝑠𝑡 : 30 dim.

• action 𝑎𝑡 ,𝑧 : 8 dim.

• Training step : 10M steps

• Higher-level goal space for ant_fall_(multi or single)

- meta_context_range = ((-4, -4, 0), (12, 28, 5))

- goal dim. in higher-level policy : 3 dim.

• Higher-level goal space for ant_push_(multi or single)

- meta_context_range = ((-16, -4), (16, 20))

- goal dim. in higher-level policy : 2 dim.

• lower-level goal space :

- CONTEXT_RANGE_MIN = (-10, -10, -0.5, -1, -1, -1, -1, -0.5, -0.3, -0.5, -0.3,

-0.5, -0.3, -0.5, -0.3)

- CONTEXT_RANGE_MAX = ( 10, 10, 0.5, 1, 1, 1, 1, 0.5, 0.3, 0.5, 0.3, 0.5, 0.3,

0.5, 0.3)

- goal dim. in lower-level policy : 15 dim.
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3.6.2 The key points for experiments

The key points to note during the experiment are reiterated below:

• Although the dim. of 𝑎𝑧 and 𝑎𝑟𝑛𝑣𝑝 are fixed depending on the environment and

the input of FDGM, the dim. of 𝑎𝑡 ,𝑧−state is determined through a trade-off process

involving experimentation to find the best dimension.

• The layer dim. of all policies of ’Our model_8_8’ in Fig. 3.6 is the same as that of

’Our model_8_15’.

• In Fig. 3.7, the goal space of the higher-level policy of ’Our model_2_8’ and ’Our

model_3_8’ is constrained to be the same as the original goal space of Ant Push

Single and Ant Fall Single of HIRO, respectively.

• The layer dim. of all policies of our model in Fig. 3.7 is the same as that of our

model in Fig. 3.6.

• The best size of 𝑎𝑡 ,𝑧−state for each experiment in Fig. 3.7 is chosen.

• As with Ant Fall Single in Fig. 3.6, our model in Ant Fall Single in Fig. 3.7 takes

advantage of the combination of the inverse operation of Algorithm 2 and the size of

the neural network of Algorithm 1.

• Even though the framework of LSP does not include off-policy correction, LSP in Fig.

3.7 benefits from off-policy correction to support a fair comparison in the experiment.
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An Autonomous Non-monolithic

Agent with Multi-mode Exploration

based on Options Framework

4.1 Introduction

Exploration is the crucial part of RL algorithms because it gives an agent the choice to

uncover unknown states. There have been many RL exploration research studies with

various viewpoints, such as intrinsic reward [86], [87], [88], [89], skill discovery [90], [91],

[92], Memory base [93], [94], [95], [96], and Q-value base [97]. Although exploration research

has evolved, it has concentrated on ‘how to explore’, which is how an agent selects an

exploratory action. However, the exploration research regarding ‘when to explore’ has not

been researched in earnest.

There are two types of methodology regarding ’when to explore’, which are monolithic

exploration and non-monolithic exploration. The noise-based monolithic exploration, a

representative monolithic exploration, is that a noise, which is usually sampled from a

random distribution, is added to the original action of a behaviour policy before putting

the final action to an environment. The original action of policy and the noise to be added

act as an exploitation and exploration respectively. Hence, the behaviour policy using

49
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monolithic exploration is affiliated to a time-homogeneous behaviour policy. However, in

a non-monolithic exploration, the original action of a behaviour policy is not added to a

noise. They act for their own purpose at a separate step. Therefore, the behaviour policy

using a non-monolithic exploration belongs to a heterogeneous mode-switching one (Fig.

4.1).

We have investigated the initial research [2] of non-monolithic exploration. As the tentative

work, there are still several limitations. Firstly, there is only one exploration policy (we

call it one-mode exploration). An agent can require more choice of entropy of exploration

mode which denotes more exploration modes greater than one-mode exploration. Sec-

ondly, the period of exploration to be controlled should be not fixed but variable. Thirdly,

the research takes advantage of a simple threshold hyper-parameter function, which is

named ‘homeostasis’, for the variable scale of trigger signals for switching exploration or

exploitation. However, there should be a natural switching mechanism by using the policy

itself. It also claims other informed triggers, which are action-mismatch-based triggers and

variance-based triggers.

In this thesis, we propose an autonomous non-monolithic agent with multi-mode explo-

ration based on an options framework to resolve the above-mentioned considerations.

Specifically, we adopt a Hierarchical Reinforcement Learning (HRL) as an options frame-

work chaining together a sequence of exploration modes and exploitation in order to achieve

switching behaviours at intra-episodic time scales. Thus, we can achieve a multi-mode ex-

ploration with the different entropy. In order to enable autonomous switching between

exploration policies and an exploitation policy where the switching is based on intrinsic

signals, we adapt a guided exploration using a reward modification of each switching mode.

A robust optimal policy is also researched to maintain the potential performance.

Meanwhile, for this research the following 5 questions should be answered. How can an

options framework be adopted in order to take advantage of the context of a HRL for

exploration modes and exploitation? How does an agent have the flexibility of the explo-

ration period? How does an agent get more entropy choice of exploration mode? How can

an agent determine the switching of non-monolithic multi-mode exploration by itself with-

out any subsidiary function such as ‘homeostasis’? How does an agent avoid the inherent
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Noise-based monolithic exploration Non-monolithic exploration

Final action = Exploitation + random noise

Exploitation

Tn Tn+5 Tn+11

step

Final action

Maximum amplitude of random noise

Tn Tn + 5 Tn + 11

Final action

step

Final action =             Exploitation
or 

Exploration (random or policy)

Exploitation

Maximum amplitude of final actionMaximum amplitude of final action

Figure 4.1: An example of noise-based monolithic exploration (left) and
non-monolithic exploration (right). The final action, which is a scalar in this example
for the well understanding explanation, denotes the action of an agent represented with
a solid circle at each step. The solid line denotes the exploitation, an original action of a
behaviour policy. The solid circle in the noise-based monolithic exploration is a final
action which combines the original action of a behaviour policy and a sampled bounded
noise at each step. However, the solid circle in the non-monolithic exploration is defined
according to the mode of each step, i.e. exploitation which is an an original action of a
behaviour policy or exploration which is a random noise or a policy.

disturbance of a policy but have a robust optimal policy?

It is worth mentioning that there are no similar works in the literature, so the reference

methods are partially based on the method proposed in [2] even though their work is

not based on an options framework. In the end, our exploration method shows a better

performance.

The contributions are summarized as follows.

• Development of an options framework model supporting an autonomous non-monolithic

multi-mode exploration: We introduce a novel HRL model architecture to support an

autonomous non-monolithic multi-mode exploration for the first 3 research questions.

• Development of a switching method for a non-monolithic exploration by using an

inherent characteristic of a policy: Our model use a guided exploration with a reward

modification for the fourth research question.
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Figure 4.2: The architecture of our suggested model (right) compared with that of the
reference paper using a homeostasis [2] (left).

• Improved robustness of the policy: A robust optimal policy can be ensured by taking

advantage of an evaluation process for the last research question.

4.2 Our model

From the rising issue of value promise discrepancy used in [2], our research pays close

attention to an autonomous multi-mode non-monolithic exploration model where an agent

makes an action as to when an exploration mode starts and exits by itself. In addition,

the expected model takes advantage of its inherent characteristic for the action. For the

purpose, our research adopts an options framework.

An options framework especially in a goal-conditioned HRL is the appropriate consideration

to control the multi-mode exploration through a fully state-dependent hierarchical policy.

For the first research question proposed in Section 4.1, our model has three levels of HRL

as shown in Fig. 4.2 together with the implemented model of [2]. Our model names each

of the levels according to the height of the level: 𝑇𝑜𝑝, 𝑀𝑖𝑑𝑑𝑙𝑒 and 𝐿𝑜𝑤. The policies are

in each level: 𝜋𝑃𝑃𝑂
𝑇

for Top, 𝜋𝑇𝐷3
𝑀

, 𝜋𝑃𝑃𝑂
𝑀

and 𝜋𝑅𝑁𝐷
𝑀

for Middle and 𝜋𝑇𝐷3
𝐿

for Low.
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Table 4.1: Key Notations.

Symbol Meaning
𝑡 action step
𝑠𝑡𝑎𝑡𝑒 current state
𝑛𝑒𝑥𝑡_𝑠𝑡𝑎𝑡𝑒 next state
𝑇𝑜𝑝 The highest level
𝑀𝑖𝑑𝑑𝑙𝑒 The higher level
𝐿𝑜𝑤 The lower level
𝐴𝑐𝑡𝑖𝑜𝑛 The action of Low level (The action of 𝜋𝑇𝐷3

𝐿
)

𝑡𝑎𝑟𝑔𝑒𝑡_𝑝𝑜𝑠 The context of Top and Middle
𝑔𝑜𝑎𝑙 The current lower-level context of three sub-policies of Mid-

dle level (The current goal for 𝜋𝑇𝐷3
𝐿

)
𝑛𝑒𝑥𝑡_𝑔𝑜𝑎𝑙 The next lower-level context of three sub-policies of Middle

level (The next goal for 𝜋𝑇𝐷3
𝐿

)
𝑅 The reward received from an environment (The sign of R

is negative in Ant domain of OpenAI Gym)
𝜋𝑃𝑃𝑂
𝑇

The policy(on-policy) of Top level
𝜋𝑇𝐷3
𝑀

The policy(off-policy) of Middle level
𝜋𝑃𝑃𝑂
𝑀

The policy(on-policy) of Middle level
𝜋𝑅𝑁𝐷
𝑀

The policy (The uniform random for random policy) of
Middle level

𝜋𝑇𝐷3
𝐿

The policy(off-policy) of Low level
𝑔expl-mode The action of 𝜋𝑃𝑃𝑂

𝑇
of Top level

𝛼𝑔expl-mode The preset value of 𝛼 according to 𝑔expl-mode

𝑆_𝑂𝑔expl-mode The reference value of 𝑆𝑢𝑐𝑐𝑒𝑠𝑠_𝑟𝑎𝑡𝑖𝑜 according to
𝑔expl-mode

𝑙𝑜𝑠𝑠 The loss of 𝜋𝑃𝑃𝑂
𝑇

of Top level
𝑆_𝐸 The 𝑆𝑢𝑐𝑐𝑒𝑠𝑠_𝑟𝑎𝑡𝑒 of evaluation function of 𝜋𝑇𝐷3 of Middle

level
𝐷𝑜𝑛𝑒_𝑚 The count of Done during the horizon of Top level
𝑅_𝑚 The sum of R during the horizon of Top level
𝐶𝑜𝑢𝑛𝑡_𝑚 The count during the horizon of Top level
𝑆_𝑂_𝑚 The ratio of success count regarding 𝑔expl-mode of 𝜋𝑃𝑃𝑂

𝑇
dur-

ing the horizon of Top level
𝜌 The preset value of target rate, i.e. the average number of

switches of the reference model

The hierarchical control process is easy to systematically construct a multi-mode explo-

ration, 𝑔expl-mode, as the option against a function control such as homeostasis. The explo-

ration mode policy, 𝜋𝑃𝑃𝑂
𝑇

, can choose one of three policies of Middle level as follows

𝑔expl-mode ∼ 𝜋𝑃𝑃𝑂𝑇 . (4.1)



54 Chapter 4.

Therefore, the value of 𝑔expl-mode denotes one of two exploration modes, which are uniform

random and PPO, or one exploitation which is TD3. It also provides several control benefits

for exploration as there are the inherent characteristics of the options framework.

In order to accomplish the purpose of our research, our options framework model comprises

four elements: the inherent switching mode decision of the policy itself, empowering more

entropy degrees for exploration, a guided exploration mode, and the use of an evaluation

process for robustness.

4.2.1 The inherent switching mode decision of a policy itself

Since the inherent training method of 𝜋𝑃𝑃𝑂
𝑇

is used in our model, one policy of Middle

level can be chosen according to an option, 𝑔expl-mode, of 𝜋𝑃𝑃𝑂
𝑇

. 𝜋𝑃𝑃𝑂
𝑇

is synthesizing the

reward-maximization of policy on all modes into its own policy without a subsidiary aid.

This leads to the fact that the period of both exploration and exploitation is controlled by

the inherent characteristic of an agent. In the end, all characteristic of the non-monolithic

exploration mode policy can be integrated to the reward-maximization of policy for the

second research question in Section 4.1. We can verify the choice of a switching mode on

the count of each exploration mode as shown in Section 4.3.

4.2.2 Empowering more entropy choice for exploration

Our model pursues multi-mode exploration for the exploration mode policy according to

the degree of entropy of exploration mode as the degree of optimism. Our model has two

exploration modes, which are a 𝜋𝑅𝑁𝐷
𝑀

and a 𝜋𝑃𝑃𝑂
𝑀

, and one exploitation policy, 𝜋𝑇𝐷3
𝑀

, in

Middle level for the third research question in Section 4.1. Thus, while an agent is being

trained, we hypothesize that the degree of each entropy of three policies is as follows,

H
(
𝜋𝑅𝑁𝐷𝑀

)
> H

(
𝜋𝑃𝑃𝑂𝑀

)
> H

(
𝜋𝑇𝐷3
𝑀

)
(4.2)

where H
(
𝜋 •
𝑀

)
denotes the overall entropy of a policy 𝜋 •

𝑀
.
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Our model just consumes PPO for an exploration mode so that it will be discarded at

the end of training. Our model takes care of only off-policy, TD3, as a final target policy.

Meanwhile, PPO and TD3 are trained together whenever a data occurs due to one of three

sub-policies of Middle level. If PPO is trained to some degree, our model expects that

the performance of PPO is higher than the performance of uniform random regarding the

result of exploration.

4.2.3 Guided exploration

There are two phases of a potential reward progress during the training of our agent. Thus,

our model takes a guided exploration into consideration for the agent in order to keep the

first phase. Since our model pursues an options framework in a goal-conditioned HRL, the

exploration mode policy can follow a reward-maximizing policy so that the modification of

reward 𝑅 from an environment is conducted with a preset parameter 𝛼𝑔expl-mode as

𝑅 𝑓 𝑖𝑛𝑎𝑙 = 𝑅 + 𝛼𝑔expl-mode ∗ 𝑅 (4.3)

where 𝑅 𝑓 𝑖𝑛𝑎𝑙 denotes a modified reward according to a preset parameter 𝛼𝑔expl-mode and an

environment reward 𝑅.

The value of 𝛼𝑔expl-mode is differently or sometimes equally preset according to the type of

𝑔expl-mode as

𝛼uniform random > 𝛼ppo > or equal to 𝛼td3 (4.4)

where 𝛼uniform random, 𝛼ppo, 𝑎𝑛𝑑 𝛼td3 denotes a preset parameter 𝛼𝑔expl-mode of 𝜋𝑅𝑁𝐷
𝑀

, 𝜋𝑃𝑃𝑂
𝑀

and 𝜋𝑇𝐷3
𝑀

for Middle respectively.

Finally, since the value of 𝑅 𝑓 𝑖𝑛𝑎𝑙 is utilized in the training of the exploration mode policy, a

reward-maximized option for the fourth research question in Section 4.1 is preferred by the

exploration mode policy depending on the value of 𝛼𝑔expl-mode . As the value of 𝛼𝑔expl-mode

gets bigger, the occurrence probability of its exploration mode gets smaller.
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Figure 4.3: The count of exploration modes and exploitation and the reward and
success rate of higher level policy for our model, Ref:Uniform random, Ref:PPO and
HIRO in Ant Push.

4.2.4 Evaluation for robustness

For the second phase of the potential reward progress of our agent, our model adopts the

online evaluation process to keep a robust optimal policy. The occurrence of success rate

in the online evaluation process shows that the performance of an agent enters the second

stage of reward progress in this research. From the second stage, our agent is required

to have robust optimal policy by using online evaluation process. The online process

evaluating the off-policy, 𝜋𝑇𝐷3
𝑀

, operates every preset step. Then, it outputs the success
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Figure 4.4: The count of exploration modes and exploitation and the reward and
success rate of higher level policy for our model, Ref:Uniform random, Ref:PPO and
HIRO in Ant Fall.

rate, 𝑆_𝐸 , according to the type of 𝑔expl-mode. Thus, 𝑙𝑜𝑠𝑠 𝑓 𝑖𝑛𝑎𝑙 of the exploration mode

policy, 𝜋𝑃𝑃𝑂
𝑇

, for the fifth research question in Section 4.1 is calculated in this research as

𝑙𝑜𝑠𝑠 𝑓 𝑖𝑛𝑎𝑙 = 𝑙𝑜𝑠𝑠 + 𝑆_𝐸 ∗ 𝑙𝑜𝑠𝑠 (4.5)

where 𝑙𝑜𝑠𝑠 𝑓 𝑖𝑛𝑎𝑙 is a modified loss according to 𝑆_𝐸 .

In our model, as the online value of 𝑆_𝐸 increases, the loss of the exploration mode policy

in the mode of uniform random and online policy becomes bigger than its online original
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loss.

4.3 Experiments

The control of multi-mode exploration of our model as an autonomous non-monolithic

agent is shown by the count of exploration modes and exploitation, since their counts

are critical for the analysis of our model. Each count describes the current situation of

reward-maximization of policy on all modes. Through the analysis, we aim to answer

the following crucial question. Can our model show better performance than that of the

representative model of the reference paper, [2], and a noise-based monolithic exploration

policy? We evaluate our model and them in two tasks, Ant Push and Ant Fall, of Ant

domain of OpenAI Gym. The reference models for the comparison are two models of

[2], XU-intra(100, informed, 𝑝∗, X) and XI-intra(100, informed, 𝑝∗, X), which are called

’Ref:Uniform random’ and ’Ref:PPO’ respectively in our reference model1. PPO is utilized

for the intrinsic explore mode of our reference model. A noise-based monolithic exploration

policy is HIRO, which is composed of TD3 at each level. Our model and two reference

models are also implemented based on HIRO. In order to evaluate the best performance

among three models, we have the four analysis items as follows:

1. How many counts are assigned to each policy through whole training steps?

2. How does the transition of our model between exploration mode and exploitation

occur compared with the forced exploration transition of reference model?

3. How much is the difference between uniform random and on-policy as the exploration

policy of our model based on a guided exploration strategy?

4. How much does the evaluation process influence the performance of the second reward

phase?
1 Please read the section 3.1 of [2] for the experimental details
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Figure 4.5: Three types of ablation study against our normal model in Ant Push.

The results of Ant Push and Ant Fall are represented in Fig. 4.3 and Fig. 4.4 respectively.

Moreover, our source and implementation details are available online2. Algorithm 3 shows

the main part of algorithm which is implemented on the reference code.
2 https://github.com/jangikim2/An-Autonomous-Non-monolithic-Agent-with-Multi-mode-Exploration-based-on-Options-Framework

https://github.com/jangikim2/An-Autonomous-Non-monolithic-Agent-with-Multi-mode-Exploration-based-on-Options-Framework
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4.3.1 Comparison with the reference paper and pure off-policy

4.3.1.1 Ant Push

Our model outperforms all other models through almost all training steps. The exploita-

tion of our model and two reference models occurs during the most of the training steps.

The exploration mode of our model and two reference models takes place less than the

exploitation of them. HIRO shows the best performance in the early period but quickly

loses the potential through whole training steps as the other models takes advantage of the

diverse exploration modes. The performance of ‘Ref:Uniform random’ is better than that

of ‘Ref:PPO’.

The exploration mode of Uniform random of our model and ‘Ref:Uniform random’ does not

take place for a long time, but for a short time and gradually. Meanwhile, more exploration

of ‘Ref:PPO’ occurs than that of ‘Ref:Uniform random’ according to a preset target rate

𝜌 where the incessant exploration occurs after the starting mode.

After the starting mode in Algorithm 3, the PPO exploration mode of our model has about

3600 steps, which is more than the Uniform random exploration mode of our model, which

is about 2100 steps. Most of the PPO exploration mode of our model occurs before 1M

steps. The comparison of the total steps of the two exploration modes and exploitation of

our model is

Total_Step
(
𝜋𝑇𝐷3
𝑀

)
>> Total_Step

(
𝜋𝑃𝑃𝑂𝑀

)
> Total_Step

(
𝜋𝑅𝑁𝐷𝑀

)
(4.6)

where Total_Step
(
𝜋 •
𝑀

)
denotes total conducted steps of a policy of 𝜋 •

𝑀
.

The guided exploration strategy produces the exploration mode of our model based on the

modification of reward, Equation (4.3), and the ratio of success count 𝑆_𝑂_𝑚.

The second phase in Ant PUSH task starts from the steps when the reward occurs above

-100 since the success rate, 𝑆_𝐸 , of the evaluation process occurs from about 500K and

passes 0.6 at 1M steps. The situation of collapsed reward does not take place for a long

time because of the loss modification, Equation (4.5), relying on the evaluation process.
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4.3.1.2 Ant Fall

Our model shows a competitive performance against all other models after 3M steps. The

preset of reward modification of Ant Fall is different from that of Ant Push, which means

that 𝛼on-policy is equal to 𝛼off-policy. The exploitation of our model occurs over 1M steps less

than that of the two reference models, which is different from the situation of Ant Push.

The performance of HIRO is stationary and decrease in the latter part. Unlike Ant Push,

the performance of ‘Ref:PPO’ is better than that of ‘Ref:Uniform random’.

The exploration mode of ‘Ref:Uniform random’ and our model takes place for longer than

that of ‘Ref:Uniform random’ and our model in Ant Push. Meanwhile, the exploration

mode of ‘Ref:PPO’ and that of ‘Ref:Uniform random’ are almost the same since a preset

target rate 𝜌 for ‘Ref:Uniform random’ and ‘Ref:Uniform random’ is the same.

Although 𝛼on-policy is equal to 𝛼off-policy, since the ratio of success count regarding each

action of the second level is also modified, after the starting mode, the total step comparison

of two exploration mode and exploitation of our model is through whole training steps as

Total_Step
(
𝜋𝑇𝐷3
𝑀

)
> Total_Step

(
𝜋𝑃𝑃𝑂𝑀

)
>> Total_Step

(
𝜋𝑅𝑁𝐷𝑀

)
. (4.7)

Unlike the Ant PUSH task, the second phase in the Ant Fall task suffers a drop of reward

between 4M and 4.5 M steps. The success rate of the evaluation process stays between 0.5

and 0.6 during the period. The recovery of reward quickly takes place due to the success

rate compared with 4.3.2.2.

4.3.2 Ablation study

We investigate our model without the reward modification, the loss modification and both

modifications. Fig. 4.5 shows the results of the experiment compared with our normal

model in the Ant Push task. Therefore, the part related to our normal model in Ant Push

is removed for the purpose of experimenting each case.
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4.3.2.1 Without the reward modification

While the exploitation has less steps than our normal model, the exploration of Uniform

random and PPO has more steps than our normal model. The performance of reward and

success rate slowly increase.

4.3.2.2 Without the loss modification

Again, the two exploration modes have more steps than our normal model and the ex-

ploitation has less steps than our normal model. It shows a drop of reward between 2.2M

steps and 3M steps due to the increase in PPO exploration. Although the success rate is

better than that of our normal model during the period, its performance is worse than that

of our normal model.

4.3.2.3 Without both the reward modification and the loss modification

Too many explorations and less exploitation cause the worst performance.

4.4 Discussion

4.4.1 The effect of on-policy for exploration

When the on-policy operates in the beginning of exploration, the performance of on-policy,

𝜋𝑃𝑃𝑂
𝑀

, is not competitive. However, after it is trained by itself or other policies to some

extent, the performance of on-policy shows better performance than the random policy.

Meanwhile, In practice 𝜋𝑃𝑃𝑂
𝑇

is likely not to suffer a local minima due to the three policies

of Middle level.

4.4.2 The effect of reward modification

In Ant Fall task, the performance of our model in the early steps up to about 2M steps lags

behind all other models. The reason is that the on-policy operates for long time up to then
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since 𝛼on-policy is equal to 𝛼off-policy. The reward modification for the guided exploration

takes advantage of the fixed value of 𝛼𝑔expl-mode , which is not an adaptive strategy.

4.4.3 The effect of loss modification

The occurrence of on-policy and random policy in the Ant Fall task between 4M and 4.5M

steps gives rise to a drop in performance of the agent. In particular, the modeling of

uncertainty reflecting the success rate, 𝑆_𝐸 , can be considered. The higher 𝑆_𝐸 is, the

lower the uncertainty is. Thus, 𝑆_𝐸 is related to the uncertainty.



64 Chapter 4.

Algorithm 3 Multi-exploration mode based on options framework
1: Initialize:

Set the value of 𝛼𝑔expl-mode according to 𝑔expl-mode of 𝜋𝑃𝑃𝑂
𝑇

Set the value of 𝑆_𝑂𝑔expl-mode according to 𝑔expl-mode of 𝜋𝑃𝑃𝑂
𝑇

2: procedure Evaluate_𝜋𝑇𝐷3
𝑀

(..., 𝜋𝑇𝐷3
𝑀

, 𝜋𝑇𝐷3
𝐿

, ...)
3: According to 𝜋𝑇𝐷3

𝑀
𝑎𝑛𝑑 𝜋𝑇𝐷3

𝐿
, compute S_E

4: end procedure
5: procedure Train𝑇(..., 𝑆_𝐸, 𝑔expl-mode, ...)
6: if 𝑔expl-mode is Random uniform or PPO then
7: 𝑙𝑜𝑠𝑠 𝑓 𝑖𝑛𝑎𝑙 = 𝑙𝑜𝑠𝑠 + 𝑆_𝐸 ∗ 𝑙𝑜𝑠𝑠
8: else
9: 𝑙𝑜𝑠𝑠 𝑓 𝑖𝑛𝑎𝑙 = 𝑙𝑜𝑠𝑠 − 𝑆_𝐸 ∗ 𝑙𝑜𝑠𝑠

10: end if
11: end procedure
12: for 𝑡 = 0, . . . , 𝑇 − 1 do
13: 𝑎𝑐𝑡𝑖𝑜𝑛← 𝐶𝑙𝑎𝑚𝑝_𝑀𝑎𝑥(𝜋𝑇𝐷3

𝐿
(𝑠𝑡𝑎𝑡𝑒, 𝑔𝑜𝑎𝑙) + 𝑁𝑜𝑖𝑠𝑒)

14: Execute action, observe 𝑅 and 𝑛𝑒𝑥𝑡_𝑠𝑡𝑎𝑡𝑒
15: 𝐷𝑜𝑛𝑒 ← 𝐽𝑢𝑑𝑔𝑒_𝑠𝑢𝑐𝑐𝑒𝑠𝑠(𝑠𝑡𝑎𝑡𝑒, 𝑡𝑎𝑟𝑔𝑒𝑡_𝑝𝑜𝑠)
16: Increase 𝐷𝑜𝑛𝑒_𝑚 by 1 if Done is True
17: Increase 𝑅_𝑚 by 𝑅

18: Increase 𝐶𝑜𝑢𝑛𝑡_𝑚 by 1
19: if the horizon of Top level then
20: 𝑆_𝑂_𝑚 ← 𝐷𝑜𝑛𝑒_𝑚 / 𝐶𝑜𝑢𝑛𝑡_𝑚;
21: 𝑅 𝑓 𝑖𝑛𝑎𝑙 ← 𝑅_𝑚 + 𝛼𝑔expl-mode ∗ 𝑅_𝑚
22: if 𝑆_𝑂_𝑚 >= 𝑆_𝑂𝑔expl-mode then
23: 𝐷𝑜𝑛𝑒_𝑚 ← 𝑇𝑟𝑢𝑒

24: end if
25: if the training time of Top level then
26: Train𝑇 (..., 𝑆_𝐸, 𝑔expl-mode, ...)
27: end if
28: if the starting mode then
29: 𝑔expl-mode ← 𝑅𝑎𝑛𝑑𝑜𝑚 𝑝𝑜𝑙𝑖𝑐𝑦

30: else
31: 𝑔expl-mode ∼ 𝜋𝑃𝑃𝑂

𝑇

32: end if
33: 𝑅_𝑚,𝐶𝑜𝑢𝑛𝑡_𝑚, 𝐷𝑜𝑛𝑒_𝑚 ← 0
34: end if
35: if the horizon of Middle level then
36: By 𝑔expl-mode, 𝑛𝑒𝑥𝑡_𝑔𝑜𝑎𝑙 ∼ 𝜋𝑅𝑁𝐷

𝑀
, 𝜋𝑃𝑃𝑂

𝑀
or 𝜋𝑇𝐷3

𝑀

37: if the training step of 𝜋𝑃𝑃𝑂
𝑀

then
38: Train_𝜋𝑃𝑃𝑂

𝑀
(...)

39: end if
40: end if
41: 𝑠𝑡𝑎𝑡𝑒 ← 𝑛𝑒𝑥𝑡_𝑠𝑡𝑎𝑡𝑒; 𝑔𝑜𝑎𝑙 ← 𝑛𝑒𝑥𝑡_𝑔𝑜𝑎𝑙
42: if the training step of 𝜋𝑇𝐷3

𝑀
then

43: Train_𝜋𝑇𝐷3
𝑀
(...)

44: end if
45: if the evaluation step of Middle level then
46: Evaluate_𝜋𝑇𝐷3

𝑀
(..., 𝜋𝑇𝐷3

𝑀
, 𝜋𝑇𝐷3

𝑀
, ...)

47: end if
48: end for
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Decoupling Exploration and

Exploitation for Unsupervised

Pre-training with Successor Features

5.1 Introduction

Unsupervised pre-training leverages previously acquired behaviour without requiring an

extrinsic reward, enabling an agent to rapidly adapt to new downstream tasks during

fine-tuning. It has contributed significantly to Computer Vision (CV) [98] and Natural

Language Processing (NLP) [99], overcoming the weak point of supervised reinforcement

learning which is limited to a single task.

As skill-based unsupervised reinforcement learning (RL) has been researched, one of cur-

rent mainstream unsupervised pre-training RLs involves an agent maximizing the mutual

information between an encoded state and a policy skill to learn an explicit skill vector.

This approach takes advantage of algorithms such as VIC [100], DIAYN [53], and VALOR

[101]. However, during fine-tuning, these algorithms may suffer from issues related to in-

ferior generalization and sluggish task inference due to the inefficient interpolation relying

on latent behaviour spaces learnt during unsupervised pre-training.

65
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Figure 5.1: An example of noise-based monolithic exploration (left) and
non-monolithic exploration (right). In the noise-based monolithic exploration, noise and
the agent’s action play roles in exploration and exploitation, respectively. The final
action, ’Action’, taken by the agent in the environment is the result of adding the action
with a noise. In the non-monolithic exploration, the exploitation agent and the
exploration agent work for their own purposes with the help of a mode-switching
controller. The mode-switching controller considers the state of one or both agents.

To address these issues, research on the value function using Successor Features (SFs)

has been conducted to decouple the dynamics of environment from the reward [52, 102].

Using SFs for value function approximation makes it possible to relearn only the applicable

component in case of changes to dynamics or reward. VISR [55] takes advantage of SFs

focusing on ’task inference’ for fine-tuning after it is pre-trained. Although it has strengths

against VIC and DIAYN in terms of certain issues, it also has the weakness of inefficient

exploration.

APS [4], one of the competence-based algorithms mentioned in [103], utilizes combined

intrinsic reward with rewards of VISR and Active Pre-Training (APT) [104], allowing ‘task

inference’ and ‘exploration’, respectively. Even though the mutual information exploration

method of APS is considered a recent leading method, its performance is not sufficient

since its combined intrinsic reward interferes with the original intention of the respective

intrinsic reward from VISR or APT. In addtion, the competence-based approaches such as

APS have a chronic issue supporting small skill spaces due to the requirement of a precise

discriminator [103]. The linear reward-regression problem mentioned in [55] gets worse since

these interference can ultimately cause damage to the role of classifier or discriminator for

fine-tuning the pre-trained RL agent.

In our research, we propose a novel unsupervised pre-training model for the agent based

on SFs ensuring the decomposition of ‘task inference’ and ‘exploration’ to improve per-

formance. In the methodology, the agent that conducts ‘task inference’ should primarily

focus on the ‘exploitation’ without ‘exploration’. To avoid a single agent that conducts
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both ‘exploitation’ and ‘exploration’, there should be discrete agents responsible for each

task.

Since a RL agent built on noise-based monolithic exploration typically is not suitable for

our research, we focus on separating ‘exploitation’ and ‘exploration’ using a non-monolithic

exploration methodology, as shown in Fig.5.1. There should be several answers to build

a decoupled exploration methodology that allows an agent using SFs to switch between

two modes, exploitation and exploration, during unsupervised pre-training. The questions

that arise are: How can such a methodology be conducted for unsupervised pre-training of

SFs to switch an exploration mode? How can separate agents be trained during the pre-

training of the decoupled exploration methodology? Is it possible for an agent using SFs

to overcome a chronic issue supporting small skill spaces resulting from the requirement of

a precise discriminator? The contributions of our research are three-folded:

• The development of a decoupled exploration methodology based on non-monolithic

exploration methodology to improve the performance of a monolithic agent using

successor features during unsupervised pre-training.

• An optimized training method of separate agents during the pre-training phase of

decoupled exploration methodology for the agent using successor features.

• The ability taking advantage of a competence-based algorithm as a separate explo-

ration agent for greater flexibility and generalization of discriminator of exploitation

agent.
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Table 5.1: Key Notations.

Symbol Meaning
𝑡 action step
𝑠 current state
𝑠′ next state
𝑎 The final action to an environment
𝑎
𝑒𝑥𝑝𝑙𝑜𝑖𝑡
𝑡 The action of 𝜋𝑒𝑥𝑝𝑙𝑜𝑖𝑡

𝑎
𝑒𝑥𝑝𝑙𝑜𝑟
𝑡 The action of 𝜋𝑒𝑥𝑝𝑙𝑜𝑟

z Encoded observation (or state)
w Task vector
𝑟𝑒𝑥𝑝𝑙𝑜𝑖𝑡𝑎𝑡𝑖𝑜𝑛 𝑜𝑟 𝑟𝑒𝑥𝑝𝑙𝑜𝑖𝑡 Intrinsic reward of APS exploitation
𝑟𝑒𝑥𝑝𝑙𝑜𝑟𝑎𝑡𝑖𝑜𝑛 𝑜𝑟 𝑟𝑒𝑥𝑝𝑙𝑜𝑟 Intrinsic reward of APS exploration
𝐸𝑥𝑝𝑙𝑜𝑖𝑡 The agent of exploitation
𝐸𝑥𝑝𝑙𝑜𝑟 The agent of exploration
𝜋𝑒𝑥𝑝𝑙𝑜𝑖𝑡 The policy of Exploit
𝜋𝑒𝑥𝑝𝑙𝑜𝑟 The policy of Explor
𝜙𝑒𝑥𝑝𝑙𝑜𝑖𝑡 The feature of Exploit
𝜙𝑒𝑥𝑝𝑙𝑜𝑟 The feature of Explor
𝑄exploit The state-action value function of Exploit
𝐴𝑐𝑡𝑖𝑜𝑛 The action, chosen by Homeo, to an environment
𝐷 𝑝𝑟𝑜𝑚𝑖𝑠𝑒 (𝑡 − 𝑘, 𝑡) The value promise discrepancy
𝐷
𝑒𝑥𝑝𝑙𝑜𝑡

𝑝𝑟𝑜𝑚𝑖𝑠𝑒
The value promise discrepancy of 𝜋𝑒𝑥𝑝𝑙𝑜𝑖𝑡

𝑓ℎ𝑜𝑚𝑒𝑜 The function of homeostasis of the policy of Ex-
ploit, 𝜋𝑒𝑥𝑝𝑙𝑜𝑖𝑡

𝜌 The preset value of target rate, i.e. the average
number of switches of the reference model, which
is selected among (0.1; 0.01; 0.001; 0.0001) for pre-
training

𝐷
#
𝑅

The data of a common replay buffer and its en-
coded state through the state encoder of # which
is Exploit or Explor
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Figure 5.2: The architecture of our proposed pre-training model, NMPS, (right)
compared with Active Pre-training with Successor Features (left).

5.2 PRELIMINARY KNOWLEDGE

5.2.1 Successor features

[105] further extends the successor representation of [106] to a continuous space as

� (�, �� , �′) = �(�, �, �′)�w

� � (�, �) = � �

[ ∞∑
�=�

��−���+1 | �� = �, �� = �

]�
w

= � � (�, �)�w

(5.1)

where w is a task vector, � (�, �� , �′) is a reward function, s is a state and �� = �(�� , �� , �
′
� )

and � � (�, �) are a successor feature of policy �. Generalized Policy Improvement (GPI)

based on SFs has also been claimed to have a transfer reinforcement learning framework

[107, 108].

5.2.2 Non-monolithic exploration

As described in [109, 110], [111] claims the importance of ‘when’ to explore, which is a

non-monolithic exploration approach, as opposed to ‘how’ to explore which is typically

associated with monolithic exploration. As its switching method, it adopts ‘Homeostasis’

[112], which is abbreviated as ’Homeo’, using the difference of value function between k
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Table 5.2: Comparing all variants of NMPS based on 4 factors that are ‘Reward’,
‘𝐷#

𝑅
’, ‘The train of feature or skill (’T. f or s’ marked in the table)’ and ‘Action’ on the

model notation of 𝑁𝑀𝑃𝑆_
{
𝑋 𝑜𝑟 𝐷

}
_

{
𝑠𝑒𝑝, 𝑒𝑥𝑝𝑙𝑜𝑖𝑡 𝑜𝑟 𝑒𝑥𝑝𝑙𝑜𝑟

}
_

{
𝑒, 𝑥 𝑜𝑟 ∗

}
.

Reward 𝐷
#
𝑅

T. f or s

The variants of NMPS Exploit Explor Exploit Explor Et Er Action

𝑁𝑀𝑃𝑆_𝑋_𝑠𝑒𝑝𝑒𝑥

𝑟𝑒𝑥𝑝𝑙𝑜𝑖𝑡

𝑟𝑒𝑥𝑝𝑙𝑜𝑟 𝐷
𝑒𝑥𝑝𝑙𝑜𝑖𝑡

𝑅
𝐷
𝑒𝑥𝑝𝑙𝑜𝑟

𝑅
✓ ✓ Homeo

𝑁𝑀𝑃𝑆_𝑋_𝑠𝑒𝑝𝑒∗ 𝑟𝑒𝑥𝑝𝑙𝑜𝑟 𝐷
𝑒𝑥𝑝𝑙𝑜𝑖𝑡

𝑅
𝐷
𝑒𝑥𝑝𝑙𝑜𝑟

𝑅
✓ x Homeo

𝑁𝑀𝑃𝑆_𝑋_𝑒𝑥𝑝𝑙𝑜𝑖𝑡𝑒𝑥 𝑟𝑒𝑥𝑝𝑙𝑜𝑟 𝐷
𝑒𝑥𝑝𝑙𝑜𝑖𝑡

𝑅
common ✓ ✓ Homeo

𝑁𝑀𝑃𝑆_𝑋_𝑒𝑥𝑝𝑙𝑜𝑖𝑡𝑒∗ 𝑟𝑒𝑥𝑝𝑙𝑜𝑟 𝐷
𝑒𝑥𝑝𝑙𝑜𝑖𝑡

𝑅
common ✓ x Homeo

𝑁𝑀𝑃𝑆_𝑋_𝑒𝑥𝑝𝑙𝑜𝑟𝑒𝑥 𝑟𝑒𝑥𝑝𝑙𝑜𝑟 common 𝐷
𝑒𝑥𝑝𝑙𝑜𝑟

𝑅
✓ ✓ Homeo

𝑁𝑀𝑃𝑆_𝑋_𝑒𝑥𝑝𝑙𝑜𝑟𝑒∗ 𝑟𝑒𝑥𝑝𝑙𝑜𝑟 common 𝐷
𝑒𝑥𝑝𝑙𝑜𝑟

𝑅
✓ x Homeo

𝑁𝑀𝑃𝑆_𝐷_𝑠𝑒𝑝𝑒𝑥 DIAYN 𝐷
𝑒𝑥𝑝𝑙𝑜𝑖𝑡

𝑅
𝐷𝐷𝐼𝐴𝑌𝑁
𝑅

✓ ✓ Homeo
𝑁𝑀𝑃𝑆_𝐷_𝑠𝑒𝑝𝑒∗ DIAYN 𝐷

𝑒𝑥𝑝𝑙𝑜𝑖𝑡

𝑅
𝐷𝐷𝐼𝐴𝑌𝑁
𝑅

✓ x Homeo
𝑁𝑀𝑃𝑆_𝐷_𝑠𝑒𝑝𝑒𝑥_𝐷 DIAYN 𝐷

𝑒𝑥𝑝𝑙𝑜𝑖𝑡

𝑅
𝐷𝐷𝐼𝐴𝑌𝑁
𝑅

✓ ✓ DIAYN
𝑁𝑀𝑃𝑆_𝐷_𝑠𝑒𝑝𝑒∗_𝐷 DIAYN 𝐷

𝑒𝑥𝑝𝑙𝑜𝑖𝑡

𝑅
𝐷𝐷𝐼𝐴𝑌𝑁
𝑅

✓ x DIAYN
𝑁𝑀𝑃𝑆_𝐷_𝑠𝑒𝑝𝑒𝑥_𝐷_𝐴10 DIAYN 𝐷

𝑒𝑥𝑝𝑙𝑜𝑖𝑡

𝑅
𝐷𝐷𝐼𝐴𝑌𝑁
𝑅

✓ ✓ DIAYN
𝑁𝑀𝑃𝑆_𝐷_𝑠𝑒𝑝𝑒∗_𝐷_𝐴10 DIAYN 𝐷

𝑒𝑥𝑝𝑙𝑜𝑖𝑡

𝑅
𝐷𝐷𝐼𝐴𝑌𝑁
𝑅

✓ x DIAYN

steps which is called the ‘value promise discrepancy’ as

𝐷 𝑝𝑟𝑜𝑚𝑖𝑠𝑒 (𝑡 − 𝑘, 𝑡) :=
��𝑉 (𝑠𝑡−𝑘) − 𝑘−1∑︁

𝑖=0

𝛾𝑖𝑅𝑡−𝑖 − 𝛾𝑘𝑉 (𝑠𝑡 )
�� (5.2)

where 𝑉 (𝑠) denotes the agent’s value estimate at state s, 𝑅 denotes the reward and 𝛾

denotes a discount factor.

5.3 Our methodology

An agent using SFs computes 𝜓 𝜋 (𝑠, 𝑎) during unsupervised pre-training. Then, during

supervised fine-tuning, the agent can find a w ∈ 𝑅𝑑 by solving a regression problem through

𝑟 (𝑠, 𝑎𝑡 , 𝑠′) of Eq. (5.1). Afterward, it computes based on 𝑄 𝜋 (𝑠, 𝑎) of Eq. (5.1). However,

APS cannot exactly solve a regression problem during supervised fine-tuning with 𝜓 𝜋 (𝑠, 𝑎)

computed based on 𝑟𝐴𝑃𝑆 (𝑠, 𝑎, 𝑠′) of Eq. (2.12) during unsupervised pre-training.

The discrete agents using SFs, which are Exploit and Explor, are required to divide the

united intrinsic reward of APS, which is Eq. (2.12), to overcome an implicit issue that
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violates the linear reward-regression problem of Eq. (5.1) during task-specific fine-tuning.

After pre-training, Exploit is used for fine-tuning and Explor is discarded.

Since our model utilizes discrete agents, we explore various model variants to enhance its

performance across different domains. Table 5.2 shows all evaluated models, which are

composed of 4 independent factors, to find the optimal model in each domain. There

are 4 groups: 𝑁𝑀𝑃𝑆_𝑋_𝑠𝑒𝑝, 𝑁𝑀𝑃𝑆_𝑋_𝑒𝑥𝑝𝑙𝑜𝑖𝑡, 𝑁𝑀𝑃𝑆_𝑋_𝑒𝑥𝑝𝑙𝑜𝑟, 𝑁𝑀𝑃𝑆_𝐷_𝑠𝑒𝑝 in

NMPS model. Among them, the standard type is 𝑁𝑀𝑃𝑆_𝑋_𝑠𝑒𝑝𝑒𝑥 .

• In the ‘Exploit’ of ‘Reward’ column, the intrinsic rewards of exploitation agent which

is abbreviated as ’Exploit’ are 𝑟𝑒𝑥𝑝𝑙𝑖𝑡𝑎𝑡𝑖𝑜𝑛
𝐴𝑃𝑆

of APS. In the ‘Explor’ of ‘Reward’ col-

umn, the intrinsic rewards of exploration agent which is abbreviated as ’Explor’ are

𝑟
𝑒𝑥𝑝𝑙𝑜𝑟𝑎𝑡𝑖𝑜𝑛

𝐴𝑃𝑆
of APS or the reward of DIAYN with X and D of model notation, re-

spectively. DIAYN in ‘Reward’ also means that Explor is DIAYN.

• ‘common’ in ‘𝐷#
𝑅

’ means that the active 𝐷#
𝑅

is used for both agents in common. Fur-

thermore, ‘sep(erate)’, ‘exploit’ and ‘explor’ of model notation means the use of 𝐷#
𝑅

of both agents, only 𝐷
𝑒𝑥𝑝𝑙𝑜𝑖𝑡

𝑅
of exploitation agent and only 𝐷

𝑒𝑥𝑝𝑙𝑜𝑟

𝑅
of exploration,

respectively.

• ‘✓’ and ‘x’ in ‘T. f or s’ means that the feature or skill of Explor is trained or not.

‘e’, ‘x’ or ‘*’ of model notation means that the feature of Exploit or the feature or

skill of Explor is trained or not.

• ‘Homeo’ in ‘Action’ means that the final action is determined in Exploit or Explor

depending on the decision of Homeo. ‘DIAYN’ in ‘Action’ with ‘D’ of notation

means that the only exploration agent of 𝑁𝑀𝑃𝑆_𝐷_𝑠𝑒𝑝𝑒𝑥 , DIAYN, decides Action.

𝑁𝑀𝑃𝑆_𝐷_𝑠𝑒𝑝##_𝐷 denotes that the default dimensions of feature of Exploit and

skill of Explor are 10 and 16, respectively. ’A10’ in 𝑁𝑀𝑃𝑆_𝐷_𝑠𝑒𝑝##_𝐷_𝐴10 denotes

that all dimensions of feature of Exploit and skill of Explor are 10.

The details of four independent factors are explained in the following section.
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5.3.1 The model with a non-monolithic exploration

We adopt the non-monolithic model used in [111] as a reference method inspiring our

model, as shown in Fig.5.2 for the decoupled exploration methodology that our research

seeks. In our adopted pre-training model, the decision of Action is decided by Homeo using

the value promise discrepancy of Exploit, based on 𝑄exploit, as an input:

𝐷
exploit
promise = 𝐷

exploit
promise(𝑡 − 𝑘, 𝑡)

𝐴𝑐𝑡𝑖𝑜𝑛 =


𝑎
𝑒𝑥𝑝𝑙𝑜𝑖𝑡
𝑡 ∼ 𝜋𝑒𝑥𝑝𝑙𝑜𝑖𝑡 , for 𝑓ℎ𝑜𝑚𝑒𝑜 (𝐷𝑒𝑥𝑝𝑙𝑜𝑖𝑡𝑝𝑟𝑜𝑚𝑖𝑠𝑒

) = 0

𝑎
𝑒𝑥𝑝𝑙𝑜𝑟
𝑡 ∼ 𝜋𝑒𝑥𝑝𝑙𝑜𝑟 , for 𝑓ℎ𝑜𝑚𝑒𝑜 (𝐷𝑒𝑥𝑝𝑙𝑜𝑖𝑡𝑝𝑟𝑜𝑚𝑖𝑠𝑒

) ≠ 0

(5.3)

where 𝑓ℎ𝑜𝑚𝑒𝑜 (𝐷 𝑝𝑟𝑜𝑚𝑖𝑠𝑒) with the input of 𝐷 𝑝𝑟𝑜𝑚𝑖𝑠𝑒 (𝑡− 𝑘, 𝑡)𝑒𝑥𝑝𝑙𝑜𝑖𝑡 is Homeo for the decision

of exploration mode switching in which its result value are based on Bernoulli distribution

and 𝐷 𝑝𝑟𝑜𝑚𝑖𝑠𝑒 (𝑡 − 𝑘, 𝑡)𝑒𝑥𝑝𝑙𝑜𝑖𝑡 is the value promise discrepancy of 𝜋𝑒𝑥𝑝𝑙𝑜𝑖𝑡 .

Then, we expect that the entropy of an Explor agent using 𝜋𝑒𝑥𝑝𝑙𝑜𝑟 is greater than that of

an Exploit agent using 𝜋𝑒𝑥𝑝𝑙𝑜𝑖𝑡 as follows:

H
(
𝜋𝑒𝑥𝑝𝑙𝑜𝑟

)
> H

(
𝜋𝑒𝑥𝑝𝑙𝑜𝑖𝑡

)
(5.4)

where H
(
·
)

denotes the overall entropy of a policy. Since Exploit using SFs is used during

fine-tuning and Explor takes a supportive role for the exploration of Exploit, 𝜋𝑒𝑥𝑝𝑙𝑜𝑟 with

𝑟
𝑒𝑥𝑝𝑙𝑜𝑟𝑎𝑡𝑖𝑜𝑛

𝐴𝑃𝑆
(𝑠, 𝑎, 𝑠′) in Eq. 2.12 is discarded when a pre-training is finished. Only 𝜋𝑒𝑥𝑝𝑙𝑜𝑖𝑡

with 𝑟𝑒𝑥𝑝𝑙𝑜𝑖𝑡𝑎𝑡𝑖𝑜𝑛
𝐴𝑃𝑆

(𝑠, 𝑎, 𝑠′) in Eq. 2.12 is used for fine-tuning.

5.3.2 The optimized training method of separate agents

In this research, our implementation utilizes an off-policy, DDPG, used as a base algorithm

of [103] for all agents. A data from 𝐷
#
𝑅

of either a single agent or both agents can be used

to train both agents and determine whether they will synchronize as follows:

(...,w, 𝑠𝑡𝑎𝑡𝑒, ...) ∼ 𝐷𝑒𝑥𝑝𝑙𝑜𝑖𝑡
𝑅

or/and 𝐷𝑒𝑥𝑝𝑙𝑜𝑟
𝑅

(5.5)
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where (..., w, state, ...) is the data loaded from 𝐷
#
𝑅

of both or one of two agents according

to the case of ‘and’ or ‘or’ to be initialized for pre-training and w is a task vector. In the

case of ‘and’ of Eq. (5.5), each agent is separately trained with its own 𝐷
#
𝑅

. Both agents

regarding ‘or’ of Eq. (5.5) are trained with one of 𝐷#
𝑅

in common (see Table 5.2 for more

details).

In addition, to maximize the effect of exploration for the model, the other variance of

Explor using a feature or a skill can be considered (see ’T. f or s’ of Table 5.2 for more

details). If a feature or skill of Explor is not trained, the feature or skill of Explor with its

initial value is used for the agent during pre-training. In the case of feature, the following

result of action-value function, 𝑄, can be expected:

𝑄
𝐸𝑥𝑝𝑙𝑜𝑟

𝜙
𝐸𝑥𝑝𝑙𝑜𝑟

𝑇𝑟𝑎𝑖𝑛𝑒𝑑

≠ 𝑄
𝐸𝑥𝑝𝑙𝑜𝑟

𝜙
𝐸𝑥𝑝𝑙𝑜𝑟

𝑁𝑜𝑛𝑇𝑟𝑎𝑖𝑛𝑒𝑑

(5.6)

where 𝜙
𝐸𝑥𝑝𝑙𝑜𝑟

𝑇𝑟𝑎𝑖𝑛𝑒𝑑
and 𝜙

𝐸𝑥𝑝𝑙𝑜𝑟

𝑁𝑜𝑛𝑇𝑟𝑎𝑖𝑛𝑒𝑑
are the trained and the nontrained feature of Explor,

respectively. This relies on the fact that Explor will be discarded when the pre-training is

finished.

5.3.3 The greater flexibility and generalization of discriminator

We consider that since Eq. (5.1) shows that a successor feature and a task vector are a

pair to produce a reward, the combination of two factors is crucial to synchronize the two

agents. In this research, the decomposition of ‘task inference’ and ‘exploration’ extends

to the combination of 𝜋𝑒𝑥𝑝𝑙𝑜𝑖𝑡 using SFs and 𝜋𝑒𝑥𝑝𝑙𝑜𝑟 of the competence-based algorithms

for the purpose of improving exploration performance. The competence-based algorithm

maximizes the mutual information 𝐼 (z;w) between the encoded observation z and skill w

to learn an explicit skill vector as follows:

𝐼 (z;w) = 𝐻 (z) − 𝐻 (z;w) = 𝐻 (w) − 𝐻 (w; z). (5.7)

Each competence-based algorithm has a different performance in an environment since a

competence-based algorithm has a different algorithm based on a different decomposition

of the mutual information mentioned above. As a variant of our model, we leverage a
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Algorithm 4 The main algorithm of NMPS
1: Initialize:

Set the value of the duration step of
exploration mode

Set the value of 𝜌 in (0.1; 0.01; 0.001;
0.0001) for Homeo

Set whether the feature or skill of Explor is
or not for Train_Both_Agents

2: procedure Evaluate_𝜋𝑒𝑥𝑝𝑙𝑜𝑖𝑡(𝐷 𝑝𝑟𝑜𝑚𝑖𝑠𝑒 of 𝜋𝑒𝑥𝑝𝑙𝑜𝑖𝑡)
3: Compute the output of Homeo with 𝐷 𝑝𝑟𝑜𝑚𝑖𝑠𝑒 of
4: 𝜋𝑒𝑥𝑝𝑙𝑜𝑖𝑡

5: end procedure
6: procedure Train_Both_Agents(..., w, 𝑠𝑡𝑎𝑡𝑒, ...)
7: Train the feature of 𝜋𝑒𝑥𝑝𝑙𝑜𝑖𝑡

8: Train 𝜋𝑒𝑥𝑝𝑙𝑜𝑖𝑡 with 𝑟𝑒𝑥𝑝𝑙𝑜𝑖𝑡𝑎𝑡𝑖𝑜𝑛
𝐴𝑃𝑆

(𝑠, 𝑎, 𝑠′)
9: Train the feature or skill of 𝜋𝑒𝑥𝑝𝑙𝑜𝑟 according to

10: the initialization procedure
11: Train 𝜋𝑒𝑥𝑝𝑙𝑜𝑟 with 𝑟𝑒𝑥𝑝𝑙𝑜𝑟𝑎𝑡𝑖𝑜𝑛

𝐴𝑃𝑆
(𝑠, 𝑎, 𝑠′)

12: end procedure
13: for 𝑡 = 0, . . . , 𝑇 − 1 do
14: if starting mode then
15: The output of Homeo ← exploration mode
16: else
17: Compute 𝐷 𝑝𝑟𝑜𝑚𝑖𝑠𝑒 of 𝜋𝑒𝑥𝑝𝑙𝑜𝑖𝑡

18: 𝐸𝑣𝑎𝑙𝑢𝑎𝑡𝑒_𝜋𝑒𝑥𝑝𝑙𝑜𝑖𝑡 (𝐷 𝑝𝑟𝑜𝑚𝑖𝑠𝑒 of 𝜋𝑒𝑥𝑝𝑙𝑜𝑖𝑡 )
19: end if
20: w ∼ exploitation agent
21: if output of Homeo == exploitation mode then
22: action ← 𝜋𝑒𝑥𝑝𝑙𝑜𝑖𝑡

23: else
24: action ← 𝜋𝑒𝑥𝑝𝑙𝑜𝑟

25: end if
26: if training step of 𝜋𝑒𝑥𝑝𝑙𝑜𝑖𝑡 and 𝜋𝑒𝑥𝑝𝑙𝑜𝑟 then
27: 𝑇𝑟𝑎𝑖𝑛_𝐵𝑜𝑡ℎ_𝐴𝑔𝑒𝑛𝑡𝑠

(
(...,w, 𝑠𝑡𝑎𝑡𝑒, ...)

28: ∼ 𝐷
𝑒𝑥𝑝𝑙𝑜𝑖𝑡

𝑅
or/and 𝐷

𝑒𝑥𝑝𝑙𝑜𝑟

𝑅

)
29: end if
30: Execute action, observe reward (for evaluation) and
31: next_state
32: end for

competence-based algorithm for exploration. This approach enhances the flexibility and

generalization of the Exploit’s discriminator, allowing it to overcome the limitations associ-

ated with supporting small skill spaces (see 𝑁𝑀𝑃𝑆_𝐷 of Table 5.2). In the model, the re-

ward of Explor is the reward of DIAYN, which is 𝑁𝑀𝑃𝑆_𝐷_𝑠𝑒𝑝##. Action can also be the
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action of DIAYN instead of the decision of Homeo, which is 𝑁𝑀𝑃𝑆_𝐷_𝑠𝑒𝑝##_𝐷_###.

We also expect the following entropy comparison for each agent of NMPS:

H
(
𝜋
𝑒𝑥𝑝𝑙𝑜𝑟

𝑐𝑜𝑚𝑝𝑒𝑡𝑒𝑛𝑐𝑒−𝑏𝑎𝑠𝑒𝑑 𝑎𝑙𝑔𝑜𝑟𝑖𝑡ℎ𝑚

)
> H

(
𝜋𝑒𝑥𝑝𝑙𝑜𝑖𝑡

)
. (5.8)

5.4 Experiments

The open source code1 for pre-training and fine-tuning of a competence-based approach

evaluated in this research is used for the comparison, which follows a state-based agent.

Our code is available on the following github2. The hyper-parameters and Homeo used in

this experiment are explained in ’Table I’ and ’Algorithm I’ of Appendix in ’supplementary

document.pdf’ on the above github. The evaluation of this research has been conducted

in three domains: Walker, Quadruped and Jaco Arm. Three domains are based on the

DeepMind Control Suite (DMC), which is a collection of continuous control tasks.

The discrete agents of 𝑁𝑀𝑃𝑆_𝑋 of our model are based on APS implemented in open

source code. Both Exploit and Explor are implemented with log 𝑞(𝑤 |𝑠) and 𝑟𝐴𝑃𝑇𝑡 (𝑠) of Eq.

2.12, respectively. That is to say, in 𝑁𝑀𝑃𝑆_𝑋, each agent has a separate APS intrinsic

reward. Meanwhile, in 𝑁𝑀𝑃𝑆_𝐷, DIAYN in competence-based algorithm is used as an

Explor instead of Explor of 𝑁𝑀𝑃𝑆_𝑋.

NMPS is implemented on the source code with XI-intra(100, informed, 𝑝∗, X)3 where ‘XI’

means an intrinsic reward, ‘100’ is an explore duration, ‘informed’ is a trigger type, 𝑝∗

is the exploit duration parameterized by a target rate 𝜌 and ‘X’ is the starting mode of

explore. Instead of RND used in [111], this research takes advantage of DDPG since all

reference algorithms are based on DDPG in the reference code1. Therefore, the design of

NMPS in this research hinges on off-policy.
1 https://github.com/rll-research/url_benchmark
2 https://github.com/jangikim2/NMPS
3 The section 3.1 of [111]

https://github.com/rll-research/url_benchmark
https://github.com/jangikim2/NMPS
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Since NMPS is applied to only pre-training, the original code of fine-tuning in the reference

code is utilized for the fine-tuning without a modification. After fine-tuning, Exploit of

NMPS is compared with APS, DIAYN and SMM [113]. On the other hand, Explor of

NMPS is discarded after pre-training.

Algorithm 4 shows the explanation of main algorithm of our non-monolithic exploration

model during the pre-training phase. During the pre-training phase of 𝑁𝑀𝑃𝑆_𝑋_𝑒𝑥𝑝𝑙𝑜𝑖𝑡

or 𝑁𝑀𝑃𝑆_𝑋_𝑒𝑥𝑝𝑙𝑜𝑟, the two agents, Exploit and Explor, use a shared replay buffer that

is generated by an active agent among the discrete agents. Meanwhile, for pre-training of

𝑁𝑀𝑃𝑆_𝐷, separate replay buffers are used for each agent. 𝑁𝑀𝑃𝑆_𝐷_𝑠𝑒𝑝##_𝐷_###

does not need Homeo since only Explor is involved in Action.

The most important tuned parameter in our source code is the target rate, 𝜌, for Homeo.

The best result of each NMPS among 4 values of target rate 𝜌, which are (0.1; 0.01; 0.001;

0.0001), has been selected. The total number of pre-training steps in the reference code

is 2M steps. We make a starting mode during 100K steps for exploration by using only

the Explor. The snapshot of pre-training made in 1M steps is used for fine-tuning. A task

vector used in both agents is generated by Exploit.

The best results of NMPS and other models (APS, SMM and DIAYN) are compared in

Section 5.4.1, while all NMPSs and APS are evaluated in Section 5.4.2. In Section 5.4.3,

four factors of NMPS are analysed.

5.4.1 Using the intrinsic reward of APS and DIAYN

Fig. 5.3 presents a comparison of the best performance achieved by NMPS, APS, DIAYN

and SMM in all three domains. According to the results, DIAYN and SMM perform worse

than or similarly to APS in Walker and Jaco Arm domains. However, in only Quadruped

domain, DIAYN shows remarkable performance in the early stage. Hence, in the experi-

ment on Quadruped domain, NMPS employs DIAYN as Explor for taking advantage of the

performance of DIAYN. Overall, due to the expected effect of aforementioned four factors

of NMPS, NMPS shows the best performance among all competence-based algorithms.
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• Walker, (a) of Fig. 5.3: 𝑁𝑀𝑃𝑆_𝑋_𝑒𝑥𝑝𝑙𝑜𝑖𝑡𝑒∗, which makes the training of feature

different from 𝑁𝑀𝑃𝑆_𝑋_𝑒𝑥𝑝𝑙𝑜𝑖𝑡𝑒𝑥 , outperforms all other models across all steps.

The performance of APS is simialr to that of SMM. DIAYN, a skill discovery algo-

rithm, has the worst performance in Walker domain.

• Jaco Arm, (b) of Fig. 5.3: The performance of 𝑁𝑀𝑃𝑆_𝑋_𝑒𝑥𝑝𝑙𝑜𝑖𝑡𝑒𝑥 is better than

that of APS after around 0.25M steps and is better than those of SMM and DIAYN

(the worst) over all steps. SMM and DIAYN exhibit poor performance even when

compared to APS. The skill discovery algorithm DIAYN is also not competitive in

Jaco Arm.

• Quadruped, (c) of Fig. 5.3: Although DIAYN exhibits remarkable performance in

the early stage, 𝑁𝑀𝑃𝑆_𝐷_𝑠𝑒𝑝𝑒𝑥_𝐷_𝐴10 shows the best performance after around

0.68M steps. APS has the third best performance among 4 models. SMM has the

worst performance after around 0.6M steps in Quadruped.

In Walker, 𝑁𝑀𝑃𝑆_𝑋_𝑒𝑥𝑝𝑙𝑜𝑖𝑡𝑒∗ shows overwhelming performance across all steps. It dra-

matically improves the performance of APS, which is similar to that of DIAYN, since it

has three components which are decoupling the combined intrinsic reward of APS, not

training feature of Explor and using 𝐷𝑒𝑥𝑝𝑙𝑜𝑖𝑡
𝑅

in common for two agents. The above first

two components boosts its exploration by empowering much entropy to Explor. On the

other hand, Exploit can hold the privilege of ’task inference’ for fine-tuning. Using 𝐷𝑒𝑥𝑝𝑙𝑜𝑖𝑡
𝑅

in common can help two agents to synchronize them by using the common data.

In Jaco Arm, the performance of 𝑁𝑀𝑃𝑆_𝑋_𝑒𝑥𝑝𝑙𝑜𝑖𝑡𝑒𝑥 is behind in the very early stage.

The decoupled agents causes lagging behind APS during the stage. However, after entering

the steady state after 0.25M steps, it outperforms APS. Ensuring training feature of Explor

makes the stable operation of Explore in the domain.

In Quadruped, 𝑁𝑀𝑃𝑆_𝐷_𝑠𝑒𝑝𝑒𝑥_𝐷_𝐴10, a variant type, exhibits the best performance in

the Quadruped domain, even though 𝜋
𝑒𝑥𝑝𝑙𝑜𝑟

𝐷𝐼𝐴𝑌𝑁
feeds all data into 𝜋𝑒𝑥𝑝𝑙𝑜𝑖𝑡 during its pre-

training. In the early stage of fine-tuning, its Exploit is behind against DIAYN since it

has an exploitation agent, 𝜋𝑒𝑥𝑝𝑙𝑜𝑖𝑡 , with 𝑟𝑒𝑥𝑝𝑙𝑜𝑖𝑡 during its pre-training. However, during

the early stage, the performance of Exploit is better than APS and SMM since the data
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(a) Walker (b) Jaco Arm (c) Quadruped

Figure 5.3: The comparison result of fine-tuning of NMPS (the best one), APS,
DIAYN and SMM on Walker (a), Jaco Arm (b) and Quadruped (c) by using the
intrinsic reward of APS or DIAYN for Explor of NMPS.

(a) Walker (b) Jaco Arm (c) Quadruped

Figure 5.4: The comparison result of fine-tuning of all 𝑁𝑀𝑃𝑆_𝑋s of NMPS and APS
on Walker (a) and Jaco Arm (b, smoothed line) and most NMPS variants and APS on
Quadruped (c) by using the intrinsic reward of APS or DIAYN for Explor of NMPS.

of 𝜋𝑒𝑥𝑝𝑙𝑜𝑟
𝐷𝐼𝐴𝑌𝑁

is also in charge of the performance of 𝜋𝑒𝑥𝑝𝑙𝑜𝑖𝑡 . Although its performance is

not enough compared with DIAYN in the early stage, it eventually improves and becomes

better than DIAYN, whose performance starts to stabilize after around 0.68M steps. The

reason is that SFs of Exploit gives rise to the exact ’task inference’ during the steady state

of DIAYN.

5.4.2 The performance of all NMPSs against that of APS

𝑁𝑀𝑃𝑆_𝑋 in Waker and Jaco Arm are compared with APS. All NMPSs in Quadruped are

compared with APS.

• Walker, (a) of Fig. 5.4: 𝑁𝑀𝑃𝑆_𝑋 is superior to APS across all steps. The overall

performance of each variant type is as follows.

𝑁𝑀𝑃𝑆_𝑋_𝑒𝑥𝑝𝑙𝑜𝑟 > 𝑁𝑀𝑃𝑆_𝑋_𝑒𝑥𝑝𝑙𝑜𝑖𝑡 >

𝑁𝑀𝑃𝑆_𝑋_𝑠𝑒𝑝 > 𝐴𝑃𝑆
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• Jaco Arm, (b) of Fig. 5.4: Since the performance difference between 𝑁𝑀𝑃𝑆_𝑋 and

APS is small, the graph shows a smoothed line. However, all variants of 𝑁𝑀𝑃𝑆_𝑋

exhibit better performance than APS after at least 0.7M steps. The overall perfor-

mance of each variant type is as follows.

𝑁𝑀𝑃𝑆_𝑋_𝑒𝑥𝑝𝑙𝑜𝑖𝑡 > 𝑁𝑀𝑃𝑆_𝑋_𝑠𝑒𝑝 >

𝑁𝑀𝑃𝑆_𝑋_𝑒𝑥𝑝𝑙𝑜𝑟 > 𝐴𝑃𝑆

• Quadruped, (c) of Fig. 5.4: Most NMPS variants are superior to APS.

𝑁𝑀𝑃𝑆_𝐷_𝑠𝑒𝑝##_𝐷_𝐴10 shows the best performance. The overall performance or-

der of each variant is as follows.

𝑁𝑀𝑃𝑆_𝐷_𝑠𝑒𝑝##_𝐷_𝐴10 > 𝑁𝑀𝑃𝑆_𝐷_𝑠𝑒𝑝##_𝐷 >

𝑁𝑀𝑃𝑆_𝑋_𝑒𝑥𝑝𝑙𝑜𝑟 > 𝑁𝑀𝑃𝑆_𝐷_𝑠𝑒𝑝 >

𝑁𝑀𝑃𝑆_𝑋_𝑒𝑥𝑝𝑙𝑜𝑖𝑡 > 𝐴𝑃𝑆 > 𝑁𝑀𝑃𝑆_𝑋_𝑠𝑒𝑝

In Walker, 𝑁𝑀𝑃𝑆_𝑋 has the strength against APS. Especially, in this domain, the per-

formance of 𝑁𝑀𝑃𝑆_𝑋_𝑠𝑒𝑝 is behind against that of other types, 𝑁𝑀𝑃𝑆_𝑋_𝑒𝑥𝑝𝑙𝑜𝑟 and

𝑁𝑀𝑃𝑆_𝑋_𝑒𝑥𝑝𝑙𝑜𝑖𝑡.

In Jaco Arm, even though the difference of performance between 𝑁𝑀𝑃𝑆_𝑋 and APS is

small, all 𝑁𝑀𝑃𝑆_𝑋s are superior to APS. The performance of 𝑁𝑀𝑃𝑆_𝑋_𝑒𝑥𝑝𝑙𝑜𝑟 is behind

that of other two types, 𝑁𝑀𝑃𝑆_𝑋_𝑒𝑥𝑝𝑙𝑜𝑖𝑡 and 𝑁𝑀𝑃𝑆_𝑋_𝑠𝑒𝑝.

In Quadruped, although most 𝑁𝑀𝑃𝑆_𝑋 variants are superior to APS, 𝑁𝑀𝑃𝑆_𝐷 im-

proves the performance of 𝑁𝑀𝑃𝑆_𝑋 further. The difference between the performance of

𝑁𝑀𝑃𝑆_𝐷 and that of 𝑁𝑀𝑃𝑆_𝑋 is big. In the performance difference, the potential of

𝑁𝑀𝑃𝑆_𝐷 is remarkable for how to use an agent with SFs. 𝑁𝑀𝑃𝑆_𝐷_𝑠𝑒𝑝##_𝐷_###

shows high performance among all NMPSs.

Among them, the performance of 𝑁𝑀𝑃𝑆_𝐷_𝑠𝑒𝑝##_𝐷_𝐴10 is highest. We pay attention to

the dimension of feature and skill of 𝑁𝑀𝑃𝑆_𝐷_𝑠𝑒𝑝##_𝐷_###. In addition, it is notice-

able that the performance of 𝑁𝑀𝑃𝑆_𝐷_𝑠𝑒𝑝𝑒∗ is better than that of 𝑁𝑀𝑃𝑆_𝐷_𝑠𝑒𝑝##_𝐷.

If the dimension of feature and skill of NMPS is not the same as that of practically optimized

feature and skill such as 𝑁𝑀𝑃𝑆_𝐷_𝑠𝑒𝑝##_𝐷_𝐴10, the performance of 𝑁𝑀𝑃𝑆_𝐷_𝑠𝑒𝑝##_𝐷

is not enough to overcome even that of 𝑁𝑀𝑃𝑆_𝐷_𝑠𝑒𝑝𝑒∗.
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5.4.3 The analysis of four factors of NMPS

Although NMPS using decoupled intrinsic rewards gives rise to the performance improve-

ment of APS, 𝑁𝑀𝑃𝑆_𝑋_𝑠𝑒𝑝 is not enough to overcome APS as shown in Quadruped of

Fig. 5.4.

In Walker and Jaco Arm, 𝑁𝑀𝑃𝑆_𝑋_𝑒𝑥𝑝𝑙𝑜𝑖𝑡 verifies a potential competitiveness across

two domains. Furthermore, it is noteworthy that synchronizing both Exploit and Explor

through 𝑁𝑀𝑃𝑆_𝑋_𝑒𝑥𝑝𝑙𝑜𝑖𝑡 and 𝑁𝑀𝑃𝑆_𝑋_𝑒𝑥𝑝𝑙𝑜𝑟 is significant to boost the performance

of normal type, 𝑁𝑀𝑃𝑆_𝑋_𝑠𝑒𝑝.

The effect of the factor regarding "The train of feature or skill" depends on the domain,

as the purpose of this factor introduces a significant variance into NMPS.

Based on the performance results in Quadruped of Fig. 5.4, an agent with SFs can overcome

the limitation of supporting only small skill spaces of a discriminator by leveraging the

superior performance of another competence-based algorithm in the environment.

5.5 Discussion

5.5.1 Decoupling a monolithic exploration agent with SFs

The variants of NMPS demonstrate the contribution of NMPS. Most NMPS variants out-

perform APS in all environments. Decoupling exploitation and exploration in the original

monolithic algorithm with SFs improves its performance. The mode-switching controller

(Homeo in this research) for both agents impacts the rate of communication with the en-

vironment. As a result, agents with SFs based on NMPS show better performance than

APS during fine-tuning.

5.5.2 The factors to maximize the performance of NMPS

In this research, several factors are found to influence the performance of decoupled un-

supervised pre-training. These factors include the factor of mode switching controller,
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i.e. the target rate 𝜌, and four factors related to the variants of NMPS. The Homeo con-

troller’s target rate, 𝜌, is found to be a crucial factor. Furthermore, 5.4.2 shows that the

performance difference among the variants of 𝑁𝑀𝑃𝑆_𝑋 and 𝑁𝑀𝑃𝑆_𝐷 are due to the

four factors related to their design. These factors result in performance differences among

the four groups of NMPS across different environments. Notably, even though there are

the agents of same type, taking advantage of 𝐷#
𝑅

and ′𝑇. 𝑓 𝑜𝑟 𝑠′ makes a different per-

formance. They are other breakthroughs for 𝑁𝑀𝑃𝑆_𝑋 and 𝑁𝑀𝑃𝑆_𝐷 to overcome their

own limitation.

5.5.3 The vulnerable point of competence-based approach

We believe that the performance of DIAYN in Quadruped domain is better than that of

APS due to the feature dimension of APS to some extent since the feature dimension of

APS, 10, is smaller than the skill dimension of DIAYN which is 16.

Interestingly, the performance of 𝑁𝑀𝑃𝑆_𝐷_𝑠𝑒𝑝##_𝐷_𝐴10 based on the feature dimen-

sion of APS is better than that of 𝑁𝑀𝑃𝑆_𝐷_𝑠𝑒𝑝##_𝐷 and DIAYN. The extreme non-

monolithic operation of Explor of 𝑁𝑀𝑃𝑆_𝐷_𝑠𝑒𝑝##_𝐷_### has the full charge of explo-

ration as well as exploitation. Finally, 𝑁𝑀𝑃𝑆_𝐷_𝑠𝑒𝑝##_𝐷_𝐴10 suggests a new method-

ology in order to overcome the linear reward-regression issue of agent using SFs.





Chapter 6

A Non-Monolithic Policy Approach

of Offline-to-Online Reinforcement

Learning

6.1 Introduction

Offline RL [114] has been researched to address the disadvantages of online RL, such as the

non-trivial cost associated with collecting data from a real environment and the risks of

physical interactions with the environment, such as with real robots [115, 116]. However,

it still suffers from limited performance due to sub-optimal datasets in downstream tasks.

Offline-to-online RL addresses the disadvantages of both offline RL and online RL [117,

118]. It involves pre-training a policy on an offline dataset, followed by fine-tuning the

online policy using the pre-trained offline policy in a real environment.

However, two main issues arise in offline-to-online RL [76]. The first issue stems from offline

RL and involves out-of-distribution (OOD) challenges due to distribution mismatch, which

impacts the exploitation phase during the fine-tuning process. The second issue pertains

to the exploration aspect of offline-to-online RL being hindered by the constrained policy

of offline RL.

83
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To address these persistent issues, numerous studies have been conducted within the RL

community [75, 119, 120]. Among these approaches, Policy Expansion (PEX) [5], the

current state-of-the-art offline-to-online RL algorithm that utilizes an unmodified offline

policy, leverages a policy set comprising both policies without altering the offline policy in

the pre-training-to-fine-tuning scheme for exploration and learning. However, the excessive

involvement of both policies in exploration leads to deficiencies in both exploitation and

exploration. Its step operation unit cannot ensure the autonomous training of the online

agent, ultimately deteriorating the performance of PEX.

In a pre-training-to-fine-tuning scheme, the offline policy is pre-trained using an offline

dataset, proving beneficial for exploiting the distribution of a downstream task. The un-

modified offline policy in offline-to-online RL can also assist its counterpart, the online

policy, in guiding exploration to some extent. Thus, the unmodified offline policy becomes

crucial for effectively exploiting the downstream task. Simultaneously, the online policy

has the potential to explore a downstream task due to its immature policy, addressing the

distribution shift between the offline dataset and the downstream task. Achieving optimal

agent performance requires ensuring proper execution timing and duration for the online

policy in relation to the offline policy. Therefore, our research focuses on how to reconcile

the advantages of the offline policy (exploitation) and the online policy (exploration) in

offline-to-online RL, without compromising the integrity of the offline policy, to enhance

overall agent performance.

In this research, we propose a novel model for offline-to-online RL that utilizes a non-

monolithic exploration methodology without modifying the offline policy. In our model, an

offline policy and an online policy are specialized in exploitation and exploration, respec-

tively. Thus, our offline-to-online model features a policy set similar to PEX, complemented

by a mode-switching controller to select an active policy. An agent utilizing this model

without modifying the original offline policy should address the following questions: How

does the agent leverage the offline policy for exploitation based on the nature of the down-

stream task? Additionally, how does the agent effectively explore with the online policy?

The main contributions of our research are outlined below:



Chapter 6. 85

• The development of our offline-to-online RL model leverages a non-monolithic explo-

ration methodology to strategically focus on both exploitation and exploration.

• The ability to leverage flexibility and generalization in a downstream task.

6.2 Our methodology

The ultimate goal of offline-to-online RL is to leverage the pre-learned knowledge of the

offline policy and the adaptability of the online policy. Unlike the unified framework, which

compromises the integrity of a pre-trained offline policy, it becomes challenging to timely

extract the original knowledge from the offline policy. Conversely, an offline-to-online RL

scheme that retains an unmodified offline policy can achieve its objectives if equipped with

a suitable mode-switching controller. Although PEX employs such a scheme, it struggles

to ensure sufficient online training for exploration and learning, as indicated in Eq. (2.15)

and Eq. (2.16).

6.2.1 Offline-to-online RL with a mode-switching controller

Our model incorporates a non-monolithic exploration methodology into offline-to-online

RL, featuring a policy set Π comprised of 𝜋off and 𝜋on, as illustrated in Fig. 6.1.

Π = [𝜋off, 𝜋on] (6.1)

The composite policy 𝜋, based on Π, consists of both 𝜋off and 𝜋on, with their roles sep-

arated into exploitation and exploration, respectively. The activation of 𝜋off and 𝜋on is

determined by a mode-switching controller. We use Homeo, whose algorithm is defined in

[58], as the mode-switching controller in our model, as detailed in ‘Algorithm 1’ of ‘sup-

plementary document.pdf’. The 𝐷promise function2.13 of the Homeo, denoted as 𝑓homeo,

utilizes 𝑄off(𝑠, 𝐴𝑐𝑡𝑖𝑜𝑛), the state-action value function of 𝜋off, to monitor changes in the

pre-trained 𝑄off during a predefined timeframe. The decision of 𝐴𝑐𝑡𝑖𝑜𝑛 of 𝜋 as determined
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Figure 6.1: Illustration of offline-to-online RL training schemes employed in our model
with an unmodified offline policy.

by Homeo is as follows:

�off
promise = �off

promise(� − �, �)

�̃(����
�|�) =




�off
� ∼ �off, for �homeo(�off

promise) = 0

���� ∼ ���, for �homeo(�off
promise) ≠ 0

(6.2)

where �homeo(�promise) with the input of �off
promise(� − �, �) using �off(�, �) denotes Homeo

for the decision of mode switching controller in which �off
promise(� − �, �) denotes the value

promise discrepancy of �off and the result value of �homeo(�promise) is based on Bernoulli

distribution.

The policy �̃ operates with a union replay buffer Doff∪Don. Consequently, �on also utilizes

the same union replay buffer for its own training, whether �off or �on is active. This union

replay buffer facilitates the rapid improvement of �on’s performance. The framework with

discrete agents, �off and �on, ensures the primary objective of our research, where �off

focuses on exploitation and �on on exploration. However, the role of �on will change

during the late online fine-training stage, a topic that will be discussed later.

Our model adopts a heterogeneous temporal structure for mode-switching exploration.

Two agents, each with a distinct purpose, monitor �off over a specific period. If the state

of �off deteriorates within a predefined timeframe, the mode of policy �̃ transitions from
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Algorithm 5 The main algorithm of online stage
1: Initialize:

Set the value of explore_fixed_steps
Set the value of update_timestep
Set the value of 𝜌 in (0.0001 ∼ 0.9) for Homeo
Set 𝜋off and 𝑄off through a pre-trained offline policy and then freeze
them

2: procedure Evaluate 𝜋off(𝐷promise of 𝜋off)
3: Compute the output of Homeo with 𝐷promise of
4: 𝜋off based on explore_fixed_steps
5: end procedure
6: for 𝑡 = 0, . . . , 𝑇 − 1 do
7: if update_timestep then
8: Compute 𝐷promise of 𝜋off through 𝑄off

9: Evaluate 𝜋off(𝐷promise of 𝜋off)
10: end if
11: if output of Homeo == exploitation mode then
12: Action ← 𝜋off

13: else
14: Action ← 𝜋on

15: end if
16: Execute Action, observe reward and next_state
17: end for

exploitation to exploration. What triggers this switch? The mode-switching controller

recognizes when the current exploitation by the offline policy is no longer reliable and

consequently terminates it. This initiates an exploration phase for the downstream task,

leading to a shift in 𝜋’s mode to exploration. Control of action is then transferred from

𝜋off to 𝜋on.

Meanwhile, during the online fine-training, we hypothesize that the role of 𝜋on on Π changes

as follows. During the beginning and middle of online fine-training,

H
(
𝜋𝑜 𝑓 𝑓

)
< H

(
𝜋𝑜𝑛

)
,

therefore, 𝜋on : exploration policy
(6.3)
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where H
(
·
)

denotes the overall entropy of a policy. In the late online fine-training stage,

Doff ∪ Don ≈ DDown,OPT,

so,H
(
𝜋𝑜 𝑓 𝑓

)
≥ H

(
𝜋𝑜𝑛

)
,

therefore, 𝜋on : exploitation-oriented policy.

(6.4)

During the beginning and middle of online fine-training, 𝜋on primarily focuses on explo-

ration. However, as training progresses, 𝜋on becomes increasingly specialized in the down-

stream task. Consequently, in the late stages of online training, the Homeo controller

selects between the exploitation policy 𝜋off and the now exploitation-oriented policy 𝜋𝑜𝑛

to enhance exploitation.

PEX also employs a heterogeneous temporal structure in mode-switching exploration but

utilizes a different switching mode controller. This controller assesses the value function 𝑄𝜙

of both agents not just during a specific period but at every training step, as illustrated in

Equations (2.15) and (2.16). Consequently, PEX considers both agents for the combined

roles of exploitation and exploration, making these its primary focus at each training

step. To align with PEX’s main objectives, 𝜋𝜃 should undergo sufficient training during a

designated period, with an emphasis on exploring through 𝜋𝜃 .

In PEX, frequent interventions of 𝜋𝛽 within 𝜋 can negatively affect the exploration capabil-

ities of 𝜋𝜃 . Our model addresses this concern by focusing exclusively on 𝑄off during specific

periods, which allows 𝜋on to improve independently. In this model, 𝜋off is solely responsi-

ble for exploitation, while 𝜋on is dedicated to exploration until the midpoint of the online

fine-training. During the late stages of online fine-training, 𝜋on, now more exploitation-

oriented, shifts its focus towards enhancing exploitation. This non-monolithic exploration

approach efficiently meets these specific requirements.

6.2.2 The ability to leverage flexibility and generalization on a down-

stream task

Equations (2.15) and (2.16) illustrate the operation of 𝜋 per training step during the on-

line fine-tuning phase of PEX. The premise for ensuring PEX performance is the sufficient
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training of the online policy 𝜋𝜃 , emphasizing exploration. However, the operational mech-

anism of PEX does not guarantee this due to the step operation. Conversely, in our model,

if 𝜋off does not perform well during a predefined period (referred to as update_timestep),

𝜋on can undergo sufficient sequential training over a designated period (referred to as

explore_fixed_steps) based on its exploration capabilities. This setup ensures the au-

tonomous training of 𝜋on during the specified timeframe.

Therefore, our model can modulate the execution times of both 𝜋off and 𝜋on based on the

dissimilarity between the distribution of the offline dataset and that of the downstream

task. This allows our model to support a flexible and generalized approach, adapting

effectively to various situations in both the offline dataset and the downstream task.

Given that 𝜋off is extractable and 𝜋on is trainable, controlling the performance of 𝜋 flexibly

involves addressing two main concerns. Consequently, the role of the modulator, which

comprises update_timestep and explore_fixed_steps, is crucial for the performance of 𝜋.

The characteristics of the modulator enable our model to exhibit either an exploitative or

exploratory bias, adapting dynamically to the needs of the task.

An optimal policy can be achieved through the careful negotiation of the modulator, strik-

ing a balance between exploitative and exploratory biases. Once the aforementioned pa-

rameters are well-tuned, this balance becomes achievable for any downstream task.

The modulating and mode-switching characteristics of our model provide a robust adap-

tive capacity for various downstream tasks, a feature absent in PEX. Consequently, our

model excels in maximizing both pre-experienced and newly acquired knowledge, effectively

adapting to different downstream tasks.

The table 6.1 shows the comparison between our model and PEX.

6.3 Experiments

The open-source code of PEX1, which employs implicit Q-learning (IQL) [65] as the back-

bone algorithm, serves as a reference for our experiments on the standard D4RL benchmark
1 https://github.com/Haichao-Zhang/PEX

https://github.com/Haichao-Zhang/PEX
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Table 6.1: The comparison between our model and PEX.

Item Our
model

PEX

Operation unit of policy Period Step
Switching condition on Π Only 𝑄off 𝑄𝜙
Switching-mode controller Homeostasis 𝑃w
Are the roles of agents on Π sepa-
rated?

Yes No

The role of online agent changes? Yes No
Is the online agent trained au-
tonomously?

Yes No

A modulator exists? Yes No

[121]. All tasks tested are summarized in ‘Table 1’ of ‘supplementary document.pdf’. Train-

ing is conducted over five different random seeds. The common hyper-parameters used for

all baselines are detailed in ‘Table 2’ of ‘supplementary document.pdf’, aligning with those

in the open-source code of PEX to ensure a fair comparison.

Several baselines are employed for comparison with our model: (i) PEX: offline-to-online

RL using Policy Expansion, serving as the primary benchmark; (ii) Offline: uses only an

offline policy with IQL, without online policy training during the online fine-tuning phase;

(iii) Buffer: involves only online policy training using IQL with a replay buffer of Doff∪Don

without an offline policy [122]. The contrasting characteristics of the Offline and Buffer

models make them suitable for our evaluation. All baseline models are implemented using

the open-source code of PEX, with IQL as the foundational algorithm. Online fine-tuning

is performed across all models over 1M environmental steps.

To implement our model, we adhere to the format described in Section 3.1 of [58], labeled

as XI-intra(100, informed, 𝑝 , 𝐺) (See ‘Appendix’ of ‘supplementary document.pdf’), where

‘XI’ denotes an intrinsic reward, ‘100’ specifies an explore duration, ‘informed’ identifies a

trigger type, 𝑝 represents the exploitation duration parameterized by a target rate 𝜌 (See

‘Table 3’ in ’supplementary document.pdf’), and ‘𝐺’ indicates the greedy mode without a

starting mode for exploration. In our implementation, we have made several modifications:

the value of the target rate 𝜌 is adjusted to [0.0001, 0.9], differing from the values (0.1,

0.01, 0.001, 0.0001) used in [58]. The intrinsic reward is replaced with an ’external reward,’

specifically, an environmental reward used during online fine-tuning. The ’explore duration’
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is replaced with ‘𝑒𝑥𝑝𝑙𝑜𝑟𝑒_ 𝑓 𝑖𝑥𝑒𝑑_𝑠𝑡𝑒𝑝𝑠’. For triggering, ‘Homeo’ is employed, focusing on

the ’value promise’ of 𝑄off.

The comparison process of our implementation unfolds as follows: First, an offline policy

is pre-trained on a benchmark task from D4RL. Second, 𝜋off and 𝑄off, which are derived

from this offline pre-training, are frozen and then utilized during online fine-tuning. The

online policy is fine-tuned using three main parameters: 𝜌, ‘𝑒𝑥𝑝𝑙𝑜𝑟𝑒_ 𝑓 𝑖𝑥𝑒𝑑_𝑠𝑡𝑒𝑝𝑠’ and

‘𝑢𝑝𝑑𝑎𝑡𝑒_𝑡𝑖𝑚𝑒𝑠𝑡𝑒𝑝’, tailored to a benchmark task from D4RL. To ensure a fair comparison,

PEX, Offline, and Buffer are tested using the same pre-trained offline policy. The main

algorithm of our non-monolithic exploration RL model during the fine-tuning phase is

detailed in Algorithm 5.

There are two comparative aspects in our research. Firstly, our model is primarily compared

with PEX. Secondly, all models experimented with in this study are compared to further

research interests. In these experiments, our model demonstrates superior performance

over PEX, Offline, and Buffer.

6.3.1 The comparison between our model and PEX

Our research focuses on two key metrics: normalized return and execution count for both

models. Initially, we analyze the normalized return across each task to compare the perfor-

mance of the two models. This analysis will highlight the differences between our model,

which employs non-monolithic exploration, and PEX, which utilizes policy expansion. De-

spite both models leveraging the same offline-to-online RL approach, our comparison aims

to demonstrate their distinct performances without compromising the integrity of the of-

fline RL policies.

Additionally, we analyze the number of times each policy—both offline and online—executes

during the online fine-tuning phase for both models. By monitoring execution at every

training step, this analysis helps illustrate the development of 𝜋 and estimate the contri-

bution of each policy throughout the training process.
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(a) (b) (c)

(d) (e) (f)

(g) (h) (i)

(j) (k) (l)

(m) (n) (o)

Figure 6.2: Normalized Return Curves of different methods, which are our model,
PEX, Offline and Buffer, on benchmark tasks from D4RL. IQL is used for all methods
as the backbone.
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(a) (b) (c)

(d) (e) (f)

(g) (h) (i)

(j) (k) (l)

(m) (n) (o)

Figure 6.3: Execution count of our model and PEX on benchmark tasks from D4RL.
The execution counts of offline policy and online policy of PEX or our model are
referred to as 
�	_� � � ���� and 
�	_������ or ����
���_� � � ���� and
����
���_������, respectively.
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6.3.1.1 Normalized return

In the Antmaze environment, which features non-Markovian policies, sparse rewards, undi-

rected, and multitask data, our model either matches or outperforms PEX in most cases,

with the exception of ‘antmaze-medium-play’. Initially, our model faces challenges in

‘antmaze-umaze-diverse’ and ‘antmaze-large-diverse’ due to the immature online policy

that undertakes exploration in datasets characterized by random goals and start locations.

Paradoxically, the performance of our model surpasses that of PEX from an early stage,

attributed to the sufficient exploration by the online policy. Notably, our model excels in

‘antmaze-large-diverse’, which presents the most challenging conditions.

In environments such as HalfCheetah, Hopper, and Walker, which involve suboptimal

agents and narrow data distributions, our model significantly outperforms PEX, with the

exception of ‘halfcheetah-medium’. Initially, our model faces challenges due to exploration

across most datasets. However, performance improves markedly from the early stages and is

substantially better than that of PEX. Notably, our model demonstrates greater robustness

in the latter stages, unlike PEX, whose performance tends to decline in ‘hopper-medium’,

‘hopper-medium-replay’, and ‘walker2d-medium-replay’.

6.3.1.2 Execution count

‘Execution count’ refers to the number of times each policy is executed at every training

step. Our implementation code meticulously tracks the execution count of each policy

at every training step. In the Antmaze environment, the discrepancy in execution count

between the offline and online policies in PEX is smaller compared to our model. Our

model significantly increases this difference, which correlates with enhanced performance.

This indicates that PEX does not adequately reflect the current performance of 𝜋 during

online fine-tuning, as evidenced by its overall performance metrics.

In the HalfCheetah, Hopper, and Walker environments, although there is a significant

difference in the execution count between the offline and online policies in PEX, our model

further increases this disparity. This observation suggests that the offline dataset does not

substantially contribute to the performance of 𝜋 in PEX. In contrast, our model efficiently
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utilizes the offline policy to enhance the performance of 𝜋, even though the offline policy

is executed less frequently. Meanwhile, the online policy is given more opportunities to

execute within these domains, allowing it to further refine and solidify its own policy.

Across both models, the execution count of the online policy exceeds that of the offline

policy, underscoring the reliance of 𝜋’s performance on the online policy. However, despite

the lower execution count, the offline policy’s contribution to 𝜋’s performance remains crit-

ical. The disparity between the execution counts of the offline and online policies varies

with the dataset type, with a particularly pronounced difference observed in the ’random’

dataset. Our model exhibits a larger discrepancy than PEX, even where the difference in

PEX is substantial. This suggests that more extensive training of the online policy en-

hances performance on the dataset, while less frequent execution of the offline policy may

be sufficient. Furthermore, in our model, the execution count for the offline policy is con-

sistently lower than in PEX, and conversely, the count for the online policy is consistently

higher (for further details, see ‘C Ablation Study’ in ‘supplementary document.pdf’).

6.3.2 The comparison between our model and others

In Antmaze, while the performance of both Offline and Buffer trails behind our model

and PEX, an interesting observation is that Buffer outperforms Offline in tasks such

as ‘antmaze-medium-play’, ‘antmaze-medium-diverse’, ‘antmaze-large-play’, and ‘antmaze-

large-diverse’. This indicates that training the online policy is more crucial than relying

solely on the pre-trained offline policy for these tasks. Notably, in ‘antmaze-large-diverse’,

the performance of the Offline model is particularly low, suggesting that the offline policy

alone cannot significantly enhance the performance of 𝜋.

In HalfCheetah, Hopper, and Walker environments, Buffer outperforms PEX in all cases

except for ‘halfcheetah-medium’, ‘walker2d-medium’, and ‘walker2d-medium-replay’. This

underlines the significance of online fine-tuning, as demonstrated by Buffer’s superior per-

formance compared to PEX. Our model, which shows even better performance than Buffer,

effectively harnesses the synergy between the offline policy and the online policy, optimizing

their combined impact on performance.
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In three Antmaze tasks—‘antmaze-umaze’, ‘antmaze-umaze-diverse’, and ‘antmaze-medium-

diverse’—our model’s performance is comparable to PEX. However, in ‘antmaze-medium-

play’ and ‘halfcheetah-medium’, our model underperforms relative to PEX. Despite these

outcomes, our model outperforms PEX in 10 out of all 15 tasks. Against Buffer, our model’s

performance is similar in ‘halfcheetah-random’, ‘halfcheetah-medium’, and ‘hopper-medium-

replay’. Yet, it excels in 12 out of the 15 tasks evaluated, demonstrating a higher overall

performance than Buffer.

6.4 Discussion

6.4.1 Will 𝜋on be also suboptimal and even unsafe?

Thanks to the adaptive role of 𝜋on throughout the stages of online fine-training (refer

to Eq. 6.3 and Eq. 6.4), 𝜋on is reliable. Except for ‘hopper-random’ and ‘halfcheetah-

medium’, our model maintains competitive performance even in the late stages of training,

demonstrating its effectiveness across various experiments.

6.4.2 The effect of non-monolithic exploration methodology for offline-

to-online RL

As depicted in Fig. 6.3.1, PEX faces challenges in ensuring sufficient training for the

online policy. The execution counts of the offline and online policies in PEX are higher

and lower, respectively, compared to those in our model. This suggests that PEX’s design

does not effectively manage the training of the online policy during the online fine-tuning

phase. In contrast, our model provides adequate training for the online policy, effectively

compensating for the relatively limited knowledge from the offline policy, which was pre-

trained during the offline phase. This more robust approach in handling online policy

training is further supported by the data in table 6.1.
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6.4.3 The efficient usage of offline policy during online fine-tuning

Fig. 6.3.2 demonstrates that our model utilizes the offline policy more effectively than

PEX, despite having a smaller execution count for the offline policy. This efficient use

of the offline policy significantly enhances the performance of 𝜋, optimizing the balance

between policy use and overall effectiveness.

6.4.4 How can the method be translated to a wider real-world problems?

The application of our methodology to the distributed model of federated learning can

be envisioned. In this setup, some local models might operate using an unmodified off-

policy, while others adopt an on-policy approach, varying key parameters accordingly. The

global model could then leverage a suitable mode-switching controller to select the optimal

policy from among all the local models, effectively integrating diverse learning strategies

to enhance overall performance.

6.4.5 The considerations of further research

Currently, the online fine-tuning process requires manual and fixed adjustment of three

key parameters: 𝜌, ‘𝑒𝑥𝑝𝑙𝑜𝑟𝑒_ 𝑓 𝑖𝑥𝑒𝑑_𝑠𝑡𝑒𝑝𝑠’, and ‘𝑢𝑝𝑑𝑎𝑡𝑒_𝑡𝑖𝑚𝑒𝑠𝑡𝑒𝑝’for the online policy.

However, we hypothesize that the performance of offline-to-online RL could be signifi-

cantly improved if these parameters were dynamically adjusted by the agent itself. In this

proposed scenario, a parameter controller such as ’Meta RL’ would modulate these key

parameters. A crucial aspect for effective offline-to-online RL, especially when the offline

policy remains unmodified, involves how the execution times for each policy—offline or

online—are adjusted.

This research primarily focuses on offline-to-online reinforcement learning (RL) using an

unmodified offline policy. Consequently, PEX, which is the current state-of-the-art offline-

to-online RL algorithm that leverages an unmodified offline policy, is chosen as the main

reference for comparison. Additionally, we plan to extend our research to include compar-

isons with offline-to-online RL models based on the unified framework, where the online

policy operates based on the parameters of the offline policy.





Chapter 7

Conclusion

We introduced various policy compositions in hierarchical reinforcement learning (HRL)

and transfer reinforcement learning (TRL) to identify an optimal design. The conclusions

of each chapter, from Chapter 3 to Chapter 6, are summarized as follows.

In chapter 3, we have introduced a novel hierarchical reinforcement learning (HRL) inverse

model that supports level synchronization using FDGM for off-policy correction in HRL.

Our model outperforms HIRO and LSP, as demonstrated in four test tasks within the Ant

environment, which includes two reward shapes (high and low) in a two-level hierarchical

structure. Our model presents a generalizable approach for the inverse model in model-free

HRL.

Our research demonstrates that off-policy correction in HRL can be effectively implemented

using data acquired from a policy based on FDGM. This approach, known as the direct

method, is more practical and generally applicable, as it relies on natural data computation

without requiring peripheral information used in indirect estimations.

To date, there has been little research on FDGM in the RL area. Typically, most RL

research utilizes general neural networks like fully connected neural networks. As RL

might require additional functionality such as the inverse operation, more RL research in

the future may benefit from using a generative model.

99
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Further research is needed to enhance our model. Future studies should focus on RL using

a general FDGM algorithm with feature-based data, rather than image-based data, which

is large in size. Additionally, our generalized inverse model could be explored in atomic

RL, even though it has been studied in HRL. We also consider extending our work to

non-Markovian environments in the future.

In chapter 4, in order to overcome the issues of a non-monolithic exploration, this paper

introduces an autonomous non-monolithic agent with multi-mode exploration based on

options framework. We reveal the potential of our model to follow a behaviour thought of

humans and animals. Our model takes advantage of the difference in the degree of entropy

of each exploration policy with a guidance-exploration framework. A robust optimal policy

can be expected due to the evaluation process. The research on a guided exploration of the

adaptive strategy for the multi-mode exploration of an autonomous non-monolithic agent

is required. The further research on the modeling of 𝑆_𝐸 in the agent is also required for

the robust optimal policy.

In chapter 5, the research proposes a novel unsupervised pre-training method with SFs,

NMPS. To improve performance, it incorporates a non-monolithic exploration methodology

with greater flexibility, generalization of the discriminator, and optimized training methods

for each agent’s feature or skill.

Further research is needed to enhance our model for an agent which is not based on features

or skills for Explor.

In chapter 6, the research introduces a novel non-monolithic exploration methodology for

offline-to-online reinforcement learning (RL), which effectively utilizes an unmodified of-

fline policy. This approach significantly enhances the agent’s ability to leverage flexibility

and generalization in downstream tasks, thereby improving performance across various

scenarios.

Our research identifies the potential of offline-to-online RL with a non-monolithic explo-

ration. To enhance the effectiveness of offline-to-online RL, various further researches of

offline-to-online RL with a non-monolithic exploration framework are required.
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Policy composition in deep reinforcement learning enables the development of diverse al-

gorithmic approaches to enhance agent performance. Our research specifically focuses on

advancing artificial general intelligence (AGI) cognition, with particular emphasis on im-

proving agents’ cognitive capabilities through various policy architectures.
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