
Factored State Abstraction for Option Learning

by

Marwa Abdulhai

S.B. Electrical Engineering and Computer Science
Massachusetts Institute of Technology, 2021

Submitted to the Department of Electrical Engineering and Computer
Science

in partial fulfillment of the requirements for the degree of

Master of Engineering in Electrical Engineering and Computer Science

at the

MASSACHUSETTS INSTITUTE OF TECHNOLOGY

September 2021

© Massachusetts Institute of Technology 2021. All rights reserved.

Author . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .
the Department of Electrical Engineering and Computer Science

August 17, 2021

Certified by. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .
Jonathan P. How

R. C. Maclaurin Professor of Aeronautics and Astronautics, MIT
Thesis Supervisor

Accepted by . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .
Katrina LaCurts

Chair, Master of Engineering Thesis Committee



2



Factored State Abstraction for Option Learning

by

Marwa Abdulhai

Submitted to the Department of Electrical Engineering and Computer Science
on August 17, 2021, in partial fulfillment of the

requirements for the degree of
Master of Engineering in Electrical Engineering and Computer Science

Abstract

Hierarchical reinforcement learning has focused on discovering temporally extended
actions (options) to provide efficient solutions for long-horizon decision-making prob-
lems with sparse rewards. One promising approach that learns these options end-to-
end in this setting is the option-critic (OC) framework. However, there are several
practical limitations of this method, including the lack of diversity between the learned
sub-policies and sample inefficiency. This thesis shows that the OC framework does
not decompose problems into smaller and largely independent components, but in-
stead increases the problem complexity with each option by considering the entire
state space during learning. To address this issue, we introduce state abstracted
option-critic (SOC), a new framework that considers both temporal and state ab-
straction to effectively reduce the problem complexity in sparse reward settings. Our
contribution includes learning a factored state space to enable each option to map
to a sub-section of the state space. We test our method against hierarchical, non-
hierarchical, and state abstraction baselines to demonstrate better sample efficiency
and higher overall performance in both image and large vector-state representations
under sparse reward settings.

Thesis Supervisor: Jonathan P. How
Title: R. C. Maclaurin Professor of Aeronautics and Astronautics, MIT
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Chapter 1

Introduction

1.1 Motivation

Hierarchical reinforcement learning (HRL) provides a principled framework for de-

composing problems into natural hierarchical structures [11]. By factoring a complex

task into simpler sub-tasks, HRL offers a benefit over non-HRL approaches in solving

problems with long horizons and delayed rewards. Extensive research in HRL has

focused on discovering temporally extended actions (also referred to as options) that

can be viewed as specialized skills to improve learning and planning efficiency [28, 32].

These works include the option-critic (OC) method that simultaneously discovers and

learns option policies and termination conditions without requiring domain-specific

knowledge [2].

However, the OC framework often shows empirical weaknesses, including lack

of option diversity, short option duration, and large sample complexity required in

learning options [19]. The key insight of this thesis is that OC suffers from these

problems due to considering the entire state space in option learning and thus failing

to reduce problem complexity as intended. For example, consider a maze domain in

Fig. 1-1. The objective in this domain is to pick up the key and unlock the door to

reach the green goal. A non-HRL learning problem in this setting can be viewed as

a search over policy space |𝒜||𝒮|, where |𝒜| and |𝒮| denote the size of action space

and state space, respectively. The OC framework considers the entire state space in

13



Sub-Task 2: Open DoorSub-Task 1: Get Key Sub-Task 3: Go to Goal

Figure 1-1: Decomposition in this maze consists of 3 sub-tasks; getting the key,
opening the door, and going to the green goal. The agent should only focus on parts
of the state pertaining to the sub-task as highlighted in red. Equipped with both
temporal and state abstraction, the method proposed in this thesis (SOC) achieves a
significant reduction in problem size.

learning options, resulting in problem size of (|Ω||𝒜|)|𝒮| where |Ω| denotes the number

of options. Because |Ω|≥1, learning options can in fact increase problem complexity.

To address this issue, I propose considering both temporal abstraction (in the form

of high-level skills) and state abstraction (in the form of symbolic representations)

in learning options to fully benefit from hierarchical learning. Considering the maze

example again, the agent does not need to consider the states related to going to the

goal when trying to get the key (see Sub-Task 1 in Fig. 1-1). Similarly, the agent needs

to only consider states that are relevant to solving the other sub-tasks. Hence, this

state abstraction leads to the desired reduction in problem complexity, and an agent

can mutually benefit from having both state abstraction and temporal abstraction in

hierarchical learning.

1.2 Contribution

With this insight, this thesis introduces a new option learning framework: State-

Abstracted Option-Critic (SOC). My main contribution is extending the option-critic

framework to additionally consider state abstraction. By learning a factored state

space (i.e. grouping similar states into smaller components), I achieve a significant

reduction in the search over policy space, with the following benefits:

14



• Improved Sample Efficiency: SOC provides options to select learned fac-

tored components. This allows effective decomposition of problem size when

scaling up to large state and action spaces, leading to faster learning.

• Coordination between Options: Unlike OC where each option policy is

learned independently, SOC allows options to share information with one an-

other. This leads to flexible and compositional relationships, functionalities

that lead to learning diverse options.

My evaluation shows that SOC outperforms the HRL baseline option-critic [2], non-

HRL baseline A2C [25], and state abstraction baseline A2C-RIMs [14] in both sample

efficiency and converged performance.

15



16



Chapter 2

Preliminaries

2.1 Markov Decision Process

An agent’s interaction in the environment can be represented by a Markov Decision

Process (MDP) [30]. Specifically, a MDP is defined as a tuple ℳ= ⟨𝒮,𝒜, 𝑃,ℛ, 𝛾⟩;

𝒮 is the state space, 𝒜 is the action space, 𝑃 : 𝒮 × 𝒜 ↦→ 𝒮 is the state transition

probability function, ℛ is the reward function, and 𝛾 ∈ [0, 1) is the discount factor.

An agent executes an action at each timestep 𝑡 according to its stochastic policy

𝑎𝑡∼𝜋𝜃(𝑎𝑡|𝑠𝑡) parameterized by 𝜃, where 𝑠𝑡∈𝒮. An action 𝑎𝑡 yields a transition from

the current state 𝑠𝑡 to the next state 𝑠𝑡+1∈𝒮 with probability 𝑃 (𝑠𝑡+1|𝑠𝑡, 𝑎𝑡). An agent

then obtains a reward according to the reward function 𝑟𝑡=ℛ(𝑠𝑡, 𝑎𝑡). An agent’s goal

is to maximize its expected return E [
∑︀

𝑡 𝛾
𝑡𝑟𝑡|𝑠0].

2.2 Options

A Markovian option 𝜔 ∈ Ω consists of a triple (𝐼𝜔, 𝜋𝜔, 𝛽𝜔) in which 𝐼𝜔 ∈ 𝒮 is an

initiation set, 𝜋𝜔 is an intra-option policy and 𝛽𝜔 : 𝒮 → [0, 1] is a option termination

function [32]. Similar to option discovery approaches [9, 24, 34], all options are

available in each state. MDPs with options become SMDPs [29] with an associated

optimal value function over options 𝑉 *
Ω(𝑠𝑡) and option-value function𝑄*

Ω(𝑠𝑡, 𝜔𝑡), where

𝜔𝑡 denotes the selected option at timestep 𝑡.

17



2.3 Option-Critic Framework

Bacon et al. [2] introduces a framework to learn a series of actions represented by

an option 𝜔. An option 𝜔𝑡 is selected according to a policy over options 𝜋Ω(𝜔𝑡|𝑠𝑡).

The intra-option policy 𝜋𝜔 selects primitive action 𝑎𝑡 until termination of the option

(as determined by 𝛽𝜔), which triggers a repetition of this procedure. With the intra-

option policy 𝜋𝜔,𝜃 parameterized by 𝜃 and the termination function 𝛽𝜔,ϑ parameterized

by ϑ, the option-value function can be written as:

𝑄Ω(𝑠𝑡, 𝜔𝑡) =
∑︁
𝑎𝑡

𝜋𝜔,𝜃(𝑎𝑡|𝑠𝑡)𝑄𝑈(𝑠𝑡, 𝜔𝑡, 𝑎𝑡), (2.1)

where 𝑄𝑈 : 𝒮 × Ω×𝒜 → ℛ is the option-value function upon arrival:

𝑄𝑈(𝑠𝑡, 𝜔𝑡, 𝑎𝑡)=𝑟𝑡 + 𝛾
∑︁
𝑠𝑡+1

𝑃 (𝑠𝑡+1|𝑠𝑡, 𝑎𝑡)𝑈(𝑠𝑡+1, 𝜔𝑡). (2.2)

The value of executing 𝜔𝑡 upon entering state 𝑠𝑡+1 is given by:

𝑈(𝑠𝑡+1, 𝜔𝑡) = (1− 𝛽𝜔,ϑ(𝑠𝑡+1))𝑄Ω(𝑠𝑡+1, 𝜔𝑡) + 𝛽𝜔,ϑ(𝑠𝑡+1)𝑉Ω(𝑠𝑡+1). (2.3)

18



Chapter 3

State-Abstracted Option-Critic

This sections shows the importance of state abstraction in significantly reducing the

problem size per option, an optimization encompassing both state and temporal ab-

straction, and the policy gradient for intra-option policy learning.

3.1 Decomposition of Problem Size

I begin by formally motivating the need for state abstraction. As described in Fig. 1-

1, the size of a learning problem exponentially increases as the number of states

increases. I have showed that OC results in larger search problem size of (|Ω||𝒜|)|𝒮|

and does not provide the ability to scale as is expected from HRL methods (see

Introduction). My insight is that options can still make this problem simpler to solve

by considering both temporal and state abstraction components.

Corollary 1 (Decomposition of State). With state abstraction, problem size can

be reduced such that:

(|Ω||𝒜|)|𝒮𝜔 | ≪ |𝒜||𝒮| ≪ (|Ω||𝒜|)|𝒮|. (3.1)

Here, 𝒮𝜔∈𝒮 denotes the section of the state space where option 𝜔 operates, with

𝒮𝜔 ≪ 𝒮. I illustrate this idea further in Fig. 3-1 where each option maps to a section

19



State-Abstracted 
Option Policy Space

( 𝛀 |𝑨|)!𝑺𝝎

Option Policy Space
( 𝛀 |𝑨|)𝑺

Option 1 Option 3Option 2

<<

Figure 3-1: Having each option map to a smaller subset of the state space allows for
the search over policy space to be significantly reduced compared to considering the
entire state space for each option.

of the state space. Options decompose the learning problem in a way that makes

finding a policy for a specific task easier, by only considering subset of the state

space as shown in Corollary 1. This results in exponential decrease in the size of the

effective state space for each option over size of the true state space across all factors.

To further elucidate the reduction in problem size, I apply this formulation to the

example in Fig. 1-1, where |𝒜| = 4 and |𝒮| = 16. With temporal abstraction and

|Ω| = 3, I get a problem size of (3 × 4)16 = 1.8517. With both temporal and state

abstraction, I obtain a much smaller problem size of 6.584. This number is determined

by considering the smaller state size for each option as follows (from option 1 to option

3): 48 + 43 + 44.

Although a combination of temporal and state abstraction yields a significant

reduction in the problem size, there is a theoretical limit to the amount of state

abstraction that will maintain the equality described in Corollary 3.1 of ensuring the

search over policy space is minimized. As adding more options in the SOC framework

results in further decomposition of the state space, I bound the number of options to

maintain a minimized search over policy space based on the following condition:

Corollary 2 (A Limit on Number of Options) An option 𝜔 can be split into 2

options 𝜔′ and 𝜔′′ with smaller state spaces maintaining |𝜋𝜔,𝜃| ≥ |𝜋𝜔′,𝜃|+ |𝜋𝜔′′,𝜃| such

20



that:

|𝜋𝜔,𝜃| = |𝒜||𝒮𝜔 | ≥ |𝒜||𝒮𝜔′ | + |𝒜||𝒮𝜔′′ | (3.2)

In other words, adding an additional option is only helpful when considering if the

sum of the sub-policies created from splitting the option into two is smaller than the

single option on its own, as shown in Corollary 2.

3.1.1 Problem Statement with State Abstraction

I now formally define the decomposition of problem size shown in Corollary 1 in the

optimization, where the discounted return expected over all the trajectories starting

at an initial factored state 𝑠0 and option 𝜔0:

𝜌(Ω, 𝜃,ϑ, 𝜇̃, 𝑠0, 𝜔0) = EΩ,𝜃,ϑ,𝜇̃

[︁ ∞∑︁
𝑡=0

𝛾𝑡𝑟𝑡|𝑠0, 𝜔0

]︁
, (3.3)

where 𝜇̃ is the Markov abstraction i.e. 𝜇̃ : 𝒮 → 𝒮𝜔 that maps states from one

state space 𝒮 to states from a different state space 𝒮𝜔 with |𝒮𝜔| ≪ |𝒮|. Following

van Seijen et al. [33], I re-define the trajectory (𝑠𝑡, 𝑎𝑡, 𝑟𝑡, 𝑠𝑡+1, 𝑎𝑡+1, 𝑟𝑡+1, . . . , 𝑠𝐻) as a

difference sequence via abstraction 𝜇̃: (𝑠𝑡, 𝑎𝑡, 𝑟𝑡, 𝑠𝑡+1, 𝑎𝑡+1, 𝑟𝑡+1, . . . , 𝑠𝐻) with 𝑠𝑡= 𝜇̃(𝑠𝑡)

with 𝑡 = 1, . . . , 𝐻, where 𝐻 represents the episodic horizon. For notation simplicity,

I denote the option-specific state 𝑠𝜔𝑡 as 𝑠𝑡 throughout this thesis.

I define the abstraction performed in this approach as a mapping to a context-

specific state space, where different states are described by different state components

of 𝒮. I will assume that this decomposition of the state space can be described as a

factored MDP, which I will describe in the next subsection. These assumptions will

be useful when considering how the hierarchical nature of options can capture the

structure of the environment through abstraction.

Option Learning Gradients. Given a set of Markov options with stochastic intra-

option policies differentiable in their parameters 𝜃, I denote the gradient of the ex-
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pected discounted return with respect to 𝜃 and initial condition (𝑠0, 𝜔0):

∑︁
𝑠𝑡,𝜔𝑡

𝜇Ω(𝑠𝑡, 𝜔𝑡|𝑠0, 𝜔0)
∑︁

𝑎𝑡
𝜕𝜋𝜔,𝜃(𝑎𝑡|𝑠𝑡, 𝜔𝑡)

𝜕𝜃
𝑄𝑈(𝑠𝑡, 𝜔𝑡, 𝑎𝑡), (3.4)

where 𝜇Ω denotes the discounted weighting of (𝑠𝑡, 𝜔𝑡) along trajectories originating

from (𝑠0, 𝜔0). I expand the option-value function upon arrival with state abstraction

as:

𝑄𝑈(𝑠𝑡, 𝜔𝑡, 𝑎𝑡) = 𝑟𝑡 + 𝛾
∑︁
𝑠𝑡+1

𝑃 (𝑠𝑡+1|𝑠𝑡, 𝑎𝑡)𝑈(𝜇̃(𝑠𝑡+1), 𝜔𝑡). (3.5)

where 𝑈(𝜇̃(𝑠𝑡+1), 𝜔𝑡) equals to:

(1− 𝛽𝜔,ϑ(𝑠𝑡+1))𝑄Ω(𝑠𝑡+1, 𝜔𝑡) + 𝛽𝜔,ϑ(𝑠𝑡+1)𝑉Ω(𝑠𝑡+1). (3.6)

Regarding the termination function, the gradient of the expected discounted return

objective with respect to ϑ and the initial condition (𝑠1, 𝜔0) is:

∑︁
𝑎𝑡

𝜋𝜔,𝜃(𝑎𝑡|𝑠𝑡, 𝜔𝑡)
∑︁
𝑠𝑡+1

𝛾𝑃 (𝑠𝑡+1|𝑠𝑡, 𝑎𝑡)
𝜕𝑈(𝜇̃(𝑠𝑡+1), 𝜔𝑡)

𝜕ϑ
. (3.7)

3.1.2 State Abstraction Properties

In order to map each option 𝜔𝑡 to a subsection of the state, there are several required

properties of the state space.

In particular, I assume that the state distribution of the environment is defined

by a set of sub-MDPs. Factoring the state into a series of state variables known as

the factored state space allows us to represent the full set of knowledge relevant to

the underlying dynamics of the world at large.

Factored MDP. The structure of the environment can be modeled as a factored

MDP, where each state 𝒮 is factored into 𝑛 variables: 𝒮 = {𝒮1, . . . ,𝒮𝑛} [15]. Each

𝒮 𝑖 will take on values in a finite domain. A state variable 𝑠 ∈ 𝒮 is an assignment of

values to the set of state variables, i.e. 𝑠 = [𝑠1, . . . , 𝑠𝑛] such that 𝒮 ⊆ 𝒮1 × . . .× 𝒮𝑛.
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[16]. These variables are also assumed to be largely independent of each other with

a small number of causal parents 𝒫𝒮𝑖

𝑎 to consider at each timestep (i.e. 𝒫𝒮𝑖

𝑎𝑡 ≪ |𝒮|).

As a result, I can consider the following simplification of the environment’s transition

function:

𝑃 (𝑠𝑡+1|𝑠𝑡, 𝑎𝑡) ≈
𝑛∏︁
𝑖=1

𝑃 𝑖(𝑠𝑖𝑡+1|𝒫𝒮𝑖

𝑎 (𝑠𝑡), 𝑎𝑡). (3.8)

The definition of the factored MDP as a group of independent variables allows us

to assume that any option mapping to a different subset of these variables will learn

a unique policy.

Context-Specific Independence. Hence at any given time, only a small subset

of this factored state space may be necessary for the agent to be aware of at any

given moment. As per Boutilier et al. [5], I define this subset to be a context A

context 𝑍 is a pair (𝑍,𝒵) where 𝑍 ⊆ 𝑆 is some subset of state variables and 𝒵

is the space of possible joint assignments of state variables in the subset. A state

𝑠 is in the context (𝑍,𝒵) when its joint assignment of variables in 𝑍 is present

in 𝒵. Two variables 𝑋, 𝑌 ⊆ 𝑆 ∖ 𝑍 are contextually independent under (𝑍,𝒵) if

𝑃𝑟(𝑋|𝑌, 𝑍 = 𝑧) = 𝑃𝑟(𝑋|𝑍 = 𝑧) ∀𝑧 ∈ 𝒵. This independence relation is referred to

as context specific independence (CSI) [8].

Therefore when in a specific context, only parts of the state of the world are

relevant. This can be considered as a naturally occurring notion of a task or sub-

task that emerges from the structure of the environment and the definition of CSI,

allowing us to take advantage of hierarchical reinforcement learning paradigms such

as option-critic. An abstraction of the environment can decompose the environment

into sub-tasks. Any single sub-task maps to a single or portion of a context specific

abstraction that defines its own unique subset of the state space. It may possibly

share a part of the state space with another task, which can map to any single or

portion of a context specific abstraction as well.
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Context Specific Abstract MDPs. Intuitively, a variable is relevant to an MDP

if there is any possibility that its value at some timestep will have an eventual in-

fluence, directly or indirectly, on the value of the reward. However, in a given con-

text it is possible to define a less restrictive notion of local relevance. A relevant-

variables projection is a simple projective abstraction as in Baum et al. [3], Boutilier

[4], Gardiol and Kaelbling [13] that selects a subset of relevant variables in a con-

text 𝜎(𝑍,𝒵)([𝑠
1, 𝑠2, . . . , 𝑠𝑛]) = [𝑠𝑖1 , 𝑠𝑖2 , . . . , 𝑠𝑖𝑟 ] where the superscript 𝑖 refers to state

variables that are not dropped and the new abstract state contains 𝑟 ≤ 𝑛 variables.

Connection to HRL. It is well known that sample efficiency strongly depends

on the size of the input space. As such, I reduce the size of the input space an

agent’s option must concern itself with such that |𝑍| ≤ |𝒮𝜔|, allowing an option 𝜔

to be learned efficiently. The hierarchical nature of option-critic allows the agent

to identify the causal independent mechanisms that govern the transition dynamics.

The agent can simplify its understanding of the environment further in the context of

the particular problem it is interested in by leveraging a notion of a option relevant

state space. In this sense, an agent can fully incorporate its learning from other

relevant options that share state variables while ignoring irrelevant details to the

task at hand. Recent approaches have also pointed to abstraction as the core of the

efficiency issue [36], noting that an abstraction of the state space could lift the agent

to a higher-level state space with lower dimensions. This allow for efficient exploration

and environment modeling, which are the core benefits of hierarchical reinforcement

learning paradigms.

3.2 OC with Entropy Maximization

I re-formulate the option critic framework to learn the maximum-entropy intra-option

policies and define soft option policy evaluation and soft option improvement. The

new objective to maximize the discounted return and entropy over actions for states
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expected over all trajectories:

𝐽(𝜋) =
𝑇∑︁
𝑡=0

E𝜏 [𝑟𝑡 + 𝛼𝜃ℋ(𝜋𝜔,𝜃(·|𝑠𝑡))] (3.9)

where 𝜏 denotes each sampled trajectory, intra-option policy of 𝜔 is parametrized

by 𝜃, and 𝛼𝜃 represents the entropy constant for the intra-option level.

As done in option-critic, I will employ the the call-and-return option execution

model, in which an agent picks option 𝜔 according to its policy over options 𝜋Ω, then

follows the intra-option policy 𝜋𝜔,𝜃 until termination dictated by 𝛽𝜔,𝑣, a process which

is repeated for a number of steps.

I will use function approximators to learn the inter-Q function 𝑄𝜓(𝑠𝑡, 𝜔𝑡), intra-

Q function 𝑄𝜑(𝑠𝑡, 𝜔𝑡, 𝑎𝑡), intra-option policies 𝜋𝜔,𝜃(𝑠𝑡, 𝑎𝑡), and termination policies

𝛽𝜔,𝑣(𝑠𝑡). This framework does not learn the inter-option policy and derive option 𝜔

from the inter-option Q function as in the option-critic paper. The entropy at the

inter-option level is also ignored as the the policy over options is deterministic i.e.

exploiting Q.

3.2.1 Definitions

In order to take the gradients with respect to 𝜓, 𝜃, 𝜑 and 𝑣 for inter-option, intra-

option, and termination levels, I must re-define equations similar to those used in

option critic by including entropy maximization in their objectives. I define the inter-

option value function, given a state 𝑠𝑡 and option 𝜔𝑡:

𝑄𝜓(𝑠𝑡, 𝜔𝑡) = E𝑎𝑡 [𝑄𝜑(𝑠𝑡, 𝜔𝑡, 𝑎𝑡)− 𝛼𝜃 log 𝜋𝜔,𝜃(𝑠𝑡, 𝑎𝑡) (3.10)

where 𝑄𝜑 : 𝒮 × Ω ×𝒜 → R is the value of executing an action in the context of

a state-option pair. I define the intra-option value function, given a state 𝑠𝑡, option

𝜔𝑡, and action 𝑎𝑡:

𝑄𝜑(𝜔𝑡, 𝑠𝑡, 𝑎𝑡) = 𝑟𝑡 + 𝛾
∑︁
𝑠𝑡+1

𝑃 (𝑠𝑡+1|𝑠𝑡, 𝑎𝑡)𝑈(𝜔𝑡, 𝑠𝑡+1), (3.11)
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𝑈(𝜔𝑡, 𝑠𝑡+1) = (1− 𝛽𝜔,𝑣(𝑠𝑡+1))𝑄𝜓(𝑠𝑡+1, 𝜔𝑡) + 𝛽𝜔,𝑣(𝑠𝑡+1)𝑉𝜓(𝑠𝑡+1), (3.12)

𝑉𝜓(𝑠𝑡+1) = max
𝜔𝑡+1

𝑄𝜓(𝑠𝑡+1, 𝜔𝑡+1) (3.13)

I use the max for the value function in the epsilon-greedy case as per the option critic

paper.

3.2.2 Soft Option Learning

I formulate SOC to learn the intra-option policies 𝜋𝜔,𝜃(𝑠𝑡, 𝑎𝑡), the termination policies

𝛽𝜔,𝑣(𝑠𝑡), intra-Q function 𝑄𝜑(𝑠𝑡, 𝜔𝑡, 𝑎𝑡) and inter-Q function 𝑄𝜓(𝑠𝑡, 𝜔𝑡). This approach

alternates between optimizing the networks with stochastic gradient descent as in

SAC.

3.2.3 Soft Option Evaluation

The inter-option Q value function trained to minimize the squared residual and opti-

mized as follows:

𝐽𝑄(𝜓) = E𝑠𝑡,𝜔𝑡∼𝐷

[︁1

2

(︁
𝑄𝜓(𝑠𝑡, 𝜔𝑡)− E𝑎𝑡∼𝜋𝜔,𝜃

[︀
𝑄̄𝜑(𝑠𝑡, 𝜔𝑡, 𝑎𝑡)− 𝛼𝜃 log 𝜋𝜔,𝜃(𝑠𝑡, 𝑎𝑡)

]︀)︁2]︁
,

(3.14)

where 𝑄̄𝜑 is the target intra-Q function.

The intra Q-function is trained to minimize the soft Bellman residual and opti-

mized as follows:

𝐽𝑄(𝜑) = E𝑠𝑡,𝜔𝑡,𝑎𝑡,𝑟𝑡,𝑠𝑡+1∼𝐷

[︁1

2

(︁
𝑄𝜑(𝑠𝑡, 𝜔𝑡, 𝑎𝑡)−

(︀
𝑟𝑡 + 𝛾

[︁
(1− 𝛽𝜔,𝑣(𝑠𝑡+1))𝑄̄𝜓(𝑠𝑡+1, 𝜔𝑡)+

𝛽𝜔,𝑣(𝑠𝑡+1)E𝑤𝑡+1∼𝜋Ω
[︀
𝑄𝜓(𝑠𝑡+1, 𝜔𝑡+1)

]︀)︀)︁2]︁
(3.15)

where 𝑄̄𝜓 is the target inter-Q function. This approach then samples the beta prob-

ability from the current policy. The next-option used in the target inter-Q function
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come from the current inter-option policy.

3.2.4 Soft Policy Improvement

The policy improvement step involved updating policy in direction that maximizes the

rewards, and is done via the soft intra-Q function calculating in the policy evaluation

step. After updating the policy towards the exponential of the soft Q-function, it is

projected to the space of acceptable policies using the information projection defined

in terms of Kullback-Leibler (KL) divergence. So overall the policy improvement step.

The intra-option policy represents the probability density of option given state for

option 𝜔, optimized as follows:

𝜋𝑛𝑒𝑤𝜔,𝜃 = arg min
𝜋𝜔,𝜃∼Π

𝐷𝐾𝐿

[︁
𝜋(.|𝑠𝑡)𝜔,𝜃|

exp( 1
𝛼
𝑄𝜋𝑜𝑙𝑑

𝜔,𝜃(𝑠𝑡, .))

𝑍𝜋𝑜𝑙𝑑
𝜔,𝜃(𝑠𝑡)

]︁
(3.16)

𝐽𝜋𝜔,𝜃
(𝜃) = E(𝑠𝑡, 𝜔𝑡) ∼ 𝐷, 𝑎𝑡 ∼ 𝜋𝜔,𝜃

[︁
log𝜋𝜔 ,𝜃(𝑠𝑡, 𝑎𝑡)−𝑄𝜑(𝑠𝑡, 𝜔𝑡, 𝑎𝑡)

]︁
̃︀𝑎𝑡 = tanh(𝜇𝜔,𝜃(𝑠𝑡) + 𝜎𝜔,𝜃(𝑠𝑡)⊙ 𝜖), 𝜖 ∼ 𝒩 (0, 1)

(3.17)

I apply the reparameterization trick at the intra-option policy level in which a sample

from 𝜋𝜔,𝜃 is drawn by computing a deterministic function of state, policy parameters,

and independent noise. Similar to SAC, I use a squashed Gaussian policy to ensure

the actions are bounded to a finite range.

The termination policy objective is defined as follows:

𝐽𝛽(𝜔, 𝑣) =
∑︁

𝜔𝑡,𝑠𝑡+1∼𝐷

𝛽𝜔𝑡,𝑣(𝑠𝑡+1)𝐴𝜓(𝑠𝑡+1, 𝜔𝑡)

𝐴𝜓(𝑠𝑡+1, 𝜔𝑡) = 𝑄𝜓(𝑠𝑡+1, 𝜔𝑡)− 𝑉𝜓(𝑠𝑡+1)

= 𝑄𝜓(𝑠𝑡+1, 𝜔𝑡)−max
𝜔𝑡

𝑄𝜓(𝑠𝑡+1, 𝜔𝑡)

(3.18)
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3.2.5 Algorithm

This approach learns two Q-functions for the the intra-Q function 𝑄𝜑1(𝑠𝑡, 𝜔𝑡, 𝑎𝑡) &

𝑄𝜑2(𝑠𝑡, 𝜔𝑡, 𝑎𝑡), and two Q functions for the inter-Q function 𝑄𝜓1(𝑠𝑡, 𝜔𝑡) & 𝑄𝜓2(𝑠𝑡, 𝜔𝑡).

Similar to SAC, this helps mitigate positive bias in the policy improvement step that

is known to degrade performance of the value based method.

The Q-functions for intra-option policy are learned with MSBE minimization, by

regressing to a single shared target 𝑄𝜑. The shared target is computed using two

target Q-networks, and the target Q-networks are obtained by polyak averaging the

Q-network parameters over the course of training. I use this double-Q trick for both

intra-Q functions and inter-Q functions.

3.2.6 Modifications for SOC in Discrete Action Space

In the discrete action space, all objectives hold with only changes of the term 𝜋𝜔,𝜃(𝑠𝑡, 𝑎𝑡)

to output a probability instead of a density. I represent 𝑛𝑎 as the number of actions.

Eq. (6) for the inter-option Q value function will now become:

𝐽𝑄(𝜓) = E𝑠𝑡,𝜔𝑡∼𝐷

[︁1

2

(︁
𝑄𝜓(𝑠𝑡, 𝜔𝑡)−

𝑛𝑎∑︁
𝑖=1

𝜋𝜔,𝜃(𝑠𝑡, 𝑎𝑖)
[︀
𝑄̄𝜑(𝑠𝑡, 𝜔𝑡, 𝑎𝑖)− 𝛼𝜃 log 𝜋𝜔,𝜃(𝑠𝑡)

]︀)︁2]︁
,

(3.19)

where 𝑄̄𝜑 is the target intra-Q function.

I have also defined a new objective for the intra-option policy. There is no need for

the re-parameterisation trick as the policy now outputs the exact action distribution,

where the actions are sampled from the current policy. Eq.(9) changes to:

𝐽𝜋𝜔,𝜃
(𝜃) =

𝑛𝑎∑︁
𝑖=1

𝜋𝜔,𝜃(𝑠𝑡, 𝑎𝑖)
[︁

log𝜋𝜔 ,𝜃(𝑠𝑡, 𝑎𝑖)−𝑄𝜑(𝑠𝑡, 𝜔𝑡, 𝑎𝑖)
]︁

(3.20)

where (𝑠𝑡, 𝜔𝑡) ∼ 𝐷 and 𝑎𝑖 ∼ 𝜋𝜔,𝜃
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Figure 3-2: Architecture for intra-option policy of State Abstracted Option-Critic
(SOC). This presents the overview of the SOC architecture, where policy over options
𝜋Ω selects 𝜔𝑡, continuing until the termination signal from 𝛽𝜔𝑡 .

3.3 Learning State Abstractions with Independent

Mechanisms

This framework SOC considers an agent that operates with temporal abstraction

through 𝑛 options as well as state abstraction through decomposition of each option

into a subset of independent mechanisms (IMs). I will now describe the architecture

for the latter component, which was previously not a part of the OC framework.

Finally, I will define the modifications to the learned option-value functions (i.e.,

inter-Q and intra-Q), intra-option policy, and the termination policy.

3.3.1 Overview

The algorithm first samples an option 𝜔𝑡 at timestep 𝑡 from the inter-q function

(denoted as Policy over Options in Fig. 3-2) with parameter 𝜓 and internal represen-
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Figure 3-3: This figure presents the overview of the intra-option policy, with the
Option Attention, Recurrent, Sparse Communication Layers and Fully Connected
Components

tation ℎ𝜑. This option 𝜔𝑡 can terminate at any time through the beta-policy 𝛽𝜔𝑡,ϑ

with parameter ϑ. The inter-q function and beta policy is where I primarily integrate

temporal abstraction through the definition of 𝑛 options.

The algorithm then samples an action 𝑎𝑡 from the intra-option policy 𝜋𝜔,𝜃, where

it will compute the state abstraction specific to the option 𝜔. I model the intra-option

policy system into 𝑘 recurrent independent mechanisms [14], where each component

learns its function from the state space. Specifically, an independent mechanism (IM)

at timestep 𝑡 is defined as a vector-valued state ℎ𝑡,𝑘. I chose to model the intra-option

policy as a group of independent mechanisms for the ability of IM’s to specialize

into sub-components allowing options to self organize into groupings of independent

components (i.e. context) as described in the state abstraction properties. The

intra-option Q function with parameter 𝜑 and internal representation ℎ𝜑 is used to

determine the intra-option policy gradient as described in the problem statement.

3.3.2 Intra-Option Learning

The intra-option policy consists of four components: the option attention, recurrent

layer, sparse communication, and fully connected modules. These components allow

options to map to a subset of 𝑘𝐴 of 𝑘 independent mechanisms (IMs) that may be
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both shared and separate between them.

Option Attention Mechanism. The first layer of the intra-option policy is an

option attention mechanism, to select which independent mechanisms are activated

for any input option 𝜔𝑡. Each option is passed through a look-up table 𝑊 𝑃 of size

𝑛× 𝑘, which ensures parameters are kept separate between each option as shown in

Fig. 3-3. This framework multiplies the observation 𝑠𝑡 by the learned parameter 𝑊 𝑉

to latently learn the factored state space.

A dot product is done with the output of the look-up table selecting parts of the

factored state space in interest of the option under consideration, as shown below:

𝑠 = softmax(𝑊 𝑃 )𝑊 𝑉 (3.21)

A top-k operation is performed such that only 𝑘𝐴 independent mechanisms compo-

nents are selected from the available 𝑘 independent mechanisms. This ensures that

each option is operating under a reduced state space by operating over a subset of

independent mechanisms. Note that I chose to have a single parameter 𝑊 𝑃 that

serves as a look-up table to determine the mapping of option 𝜔𝑡 to a selection of

independent mechanisms as opposed to having separate parameters as in [14]. This

ensures a fixed context selection over time (i.e. a fixed mapping to a subset of the

state space) by an option, because considering many different subsets by the same

option would be the same as considering the entire state space, leading to a large

search for policy space as previously done by OC.

Coordination between Options. The second component is an RNN that is shared

across all options, which takes the input from the previous layer 𝑠 and the respec-

tive hidden states ℎ𝑡,𝑘 for all independent mechanisms. Each recurrent operation is

done for each active independent mechanism separately. The output of the second

layer ℎ̃𝑡,𝑘 is passed into a sparse communication module consisting of gating weights
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(𝐾comm, 𝑄comm, 𝑉comm). The output ℎ𝑡+1,𝑘 of this layer is as:

softmax
(︁ ℎ̃𝑡,𝑘𝑊𝑄comm(ℎ̃𝑡,𝑘𝑊

𝐾comm)𝑇√
𝑑𝑒

)︁
ℎ̃𝑡,𝑘𝑊

𝑉comm +ℎ̃𝑡,𝑘 (3.22)

Although the weight and learning for each independent mechanism is separate, all

activated independent mechanisms for any option 𝜔𝑡 is able to read from all other

independent mechanisms as shown in Fig. 3-3 facilitating coordination in learning

amongst the options. This formulation is presented in Eq. (3.22) similar to Goyal

et al. [14]. I only update the top 𝑘𝐴 selected independent mechanisms from the option

selection module, but through this transfer of information, each active independent

mechanism can update its internal state and have improved exploration through con-

textualization. There are many choices in what components to share across options.

I explore these choices and their implications in Chapter 5. Finally, I have a sepa-

rate fully connected layer for each option, providing the final output action. I have

delineated this process in Fig. 3-3.

Factored State Representation. The beta policy uses the top-k attention scores

from the Option Attention module as the factored state input 𝑠 into its network. This

approach still enable policy over options Ω to reason over the full state space, and

have empirically found that providing the factored state as input for the intra-option

function 𝑄𝜑 did not help during training.

The difference between previous state abstraction methods such as recurrent inde-

pendent mechanisms (RIMs) [14] and my method is as follows: this approach consider

both state and temporal abstraction, only feeding relevant parts of the state space to

each option through the recurrent networks. I have chosen certain components to be

shared and not shared between options, which I explore further in Chapter 5.

3.3.3 Implementation

To optimize the option-value functions, intra-option policy, and beta policy with both

state abstraction and temporal abstraction as defined in Eq. (3.3), I choose to apply
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Algorithm 1 State Abstraction Option-Critic with Entropy Maximization
Initialize inter-Q network parameters 𝜓1, 𝜓2

Initialize intra-Q network parameters 𝜑1, 𝜑2

Initialize intra-policy parameter 𝜃
Initialize beta-policy parameter ϑ
Initialize constant 𝛼𝜃
𝐷 = [] ◁ Replay buffer initialization
Initialize internal states ℎ𝜓1 , ℎ𝜓2 , ℎ𝜑1 , ℎ𝜑2 , ℎ𝑡,𝑘, ℎϑ
for each iteration do 𝑠← 𝑠0

Choose 𝜔𝑡 sampled from 𝜋Ω
for each environment step do

(𝑎𝑡, ℎ𝑡+1,𝑘) ∼ 𝜋𝜔𝑡,𝜃(𝑠𝑡, ℎ𝜃)
Take action 𝑎𝑡 and observe state 𝑠𝑡+1 and 𝑟𝑡
Get 𝑠𝑡+1 ∼ 𝜋𝜔𝑡,𝜃(𝑎𝑡, 𝑠𝑡+1, ℎ𝑡+1,𝑘)
𝐷 ← 𝐷 ∪ {𝑠𝑡, 𝜔𝑡, 𝑎𝑡, 𝑟𝑡, 𝑠𝑡+1, 𝑠𝑡+1, ℎ𝜓1 , ℎ𝜓2 , ℎ𝜑1 , ℎ𝜑2 , ℎ𝑡+1,𝑘, ℎϑ}
if 𝛽𝜔𝑡,ϑ = 1 then ◁ terminates in 𝑠𝑡+1

Choose 𝜔𝑡+1 according to 𝜋Ω
for each gradient step do

𝜓𝑖 ← 𝜓𝑖 −∇𝜓𝑖
𝜆𝜓𝑖

𝐽(𝜓𝑖) for 𝑖 = 1, 2
𝜓𝑖 ← 𝜏𝜓𝑖(1− 𝜏)𝜓𝑖 for 𝑖 = 1, 2
𝜃 ← 𝜃 −∇𝜃𝜆𝜃𝐽𝜔,𝜃(𝜃)
𝜑𝑖 ← 𝜑𝑖 −∇𝜑𝑖𝜆𝜑𝑖𝐽(𝜑𝑖) for 𝑖 = 1, 2
𝜑𝑖 ← 𝜏𝜑𝑖(1− 𝜏)𝜑𝑖 for 𝑖 = 1, 2
ϑ𝑖 ← ϑ𝑖 −∇ϑ𝑖𝜆ϑ𝑖𝐽(ϑ𝑖) =0

entropy maximization [17]. I encode the intra-option and inter-option Q functions

as LSTM networks, with beta-policy feeding in the factored state as input. The

intra-option policy architecture is described in Fig. 3-3. Algorithm 1 describes the

implementation of my approach.
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Chapter 4

Related Works

4.1 Hierarchical RL

There have been two major approaches to HRL; the options framework to learn higher

level skills [2, 27, 31, 32] and goal-conditioned hierarchies [20, 22, 23, 26] to learn higher

level sub-goals. Goal-conditioned HRL models require a predefined representation of

the environment and mapping of observation space to goal space, where as the OC

facilitates the long timescale credit assignment by dividing the problem into pieces

and learning higher level skills.

While OC provides temporal decomposition of the problem, other approaches such

as Feudal Networks [35] decompose problems with respect to the state space. Feudal

approaches use a manager to learn more abstract goals over a longer temporal scale

and worker modules to perform more primitive actions with fine temporal resolution.

The approach in this thesis (SOC) employs a combination of both visions, necessitat-

ing both temporal and state abstraction for effective decomposition. Although some

approaches such as the MAXQ framework employ both, MAXQ [10] they involve

learning recursively optimal policies that can be highly sub-optimal [11].
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4.2 Decomposition with State Abstraction

My approach is related to prior work that considers decomposition of the learning

problem. Mixture of Experts (MoE) [18] learn a context specific mixture of modules

end to end, considering a number of experts, each a simple feed-forward neural net-

work, and a trainable gating network which selects a sparse combination of experts to

process each input. Although MoE on its own provides a solution to decomposition

in parameter space, it does not address the issue of decomposition in time which is

essential in RL frameworks. Another notable methods that perform state abstraction

for the purposes of decomposition include Chitnis et al. [8], Konidaris et al. [21] for

planning and Abel et al. [1] for life-long learning.
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Chapter 5

Evaluation

This section demonstrates SOC’s efficacy on a diverse suite of domains. The code is

available at https://github.com/abdulhaim/soft_option_critic

5.1 Domain Settings

I demonstrate the performance of my approach compared to both HRL and non-

HRL baselines with domains. These domains require various levels of both temporal

and state abstraction, including state abstraction in both image and vector space, as

well as temporal abstraction in domains in sparse reward settings. Lastly, I test on

domains that are hypothesized to not require any temporal or state abstraction.

• MiniGrid [7]: A library of open-source grid-world domains in sparse reward

settings where world is a grid of size 𝑑× 𝑑, with each tile in the grid containing

exactly zero or one object, with possible object types such as the wall, door, key,

ball, box and goal indicated by different colors. The goal for the domain can

vary between obtaining a key to matching similar colored objects. The agent

receives a sparse reward of 1 when it successfully reaches a green goal tile, and

zero for failure.

The observation is a partially observable view of the grid-world environment
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Empty-Room Door-Key Multi-Room

MiniGrid Domains

Moving Bandit

2 Goals 5 Goals 25 Goals

Reacher

Figure 5-1: Visualization of MiniGrid domains [7], multiple goals scenarios of Moving
Bandit [12], and Reacher [6]

using a compact and efficient encoding, with 3 input values per visible grid

cell and including 7x7x3 values in total. For the Empty Room domain, an

agent is randomly initialized at the start of each episode and must learn to

navigate to the green goal location. For the MultiRoom domain, a randomly

initialized agent must learn to go through the green door to the green agent.

Lastly, I test on the Key Domain in MiniGrid as described in the motivation.

For the latter two domains, at the start of every episode, the structure of the

grid also changes. The implementation for this method can be found here:

https://github.com/maximecb/gym-minigrid

• Moving Bandit [12]: This 2D sparse reward setting considers 𝑚 marked po-

sitions in the environment that change at random at every episode, with 1 of

the 𝑚 positions being the correct goal. An agent receives a reward of 1 and

terminates when it close to the correct goal position and 0 otherwise.

I use the implementation of Moving Bandits found here, modified to terminate

when the sparse reward of 1 is received as opposed to continuing till the max
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Table 5.1: 𝑉 and Area under the Curve (AUC) for algorithms solving MiniGrid
Domains. Table shows mean and standard deviation computed with 10 random seeds.
Best results in bold (computed by 𝑡-test with 𝑝 < 0.05). Note that SOC has the
highest AUC and 𝑉 compared to a non-HRL method, a HRL method, and a state
abstraction baseline.

Algorithm Abstraction

Temporal State

A2C [25] 7 7

OC [2] 3 7

A2C-RIM [14] 7 3

SOC (Ours) 3 3

timesteps. https://github.com/maximilianigl/rl-msol

• Reacher [6]: In this simulated MuJoCo task of OpenAI Gym environment, a

robot arm consisting of 2 linkages with equal length must reach a random red

target placed randomly at the beginning of each episode. The agent receives a

reward signal of 1 when its euclidean distance to the target is within the denoted

threshold, and 0 otherwise. To consider sparse reward settings, I have made a

minor change to the reward signal in this domain. A tolerance is specified to

create a terminal state when the end effector approximately reaches the target.

The tolerance creates a circular area centered at the target, which is specified

as 0.003.

5.2 Baselines

I compare to several baselines in order to provide context for the performance of SOC.

The hyperparameters selected are noted below.

• A2C [25]: This on-policy method consists of no state or temporal abstraction.

I use the implementation of A2C found here: https://github.com/dido1998/

Recurrent-Independent-Mechanisms. For fair comparison, I implement both

the actor and the critic as an LSTM, and set the number of workers to be 1.
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Table 5.2: MiniGrid DoorKey &
Multi-Room Hyperparameters

Hyperparameter Value

Batch Size 100
Learning Rate 0.0005
Alpha 0.001
Options 3
IM 4
Top-K 3
Hidden Size 6
Value Size 32
Discount Factor 0.95

Table 5.3: MiniGrid EmptyRoom
Hyper-parameters

Hyperparameter Value

Batch Size 100
Learning Rate 0.0003

Alpha 0.005
Options 3

IM 4
Top-K 3

Hidden Size 6
Value Size 32

Discount Factor 0.95

• OC [2]: I consider an off-policy implementation of option-critic to demonstrate

the performance of a hierarchical method considering only temporal abstraction.

For fair comparison to SOC, I apply entropy maximization to the OC framework.

I also implement the inter-q, intra-q, intra-pi, and beta-policy as an LSTM to

maintain fair comparison with the SOC framework.

• A2C-RIM [14]. This approach considers A2C with recurrent independent

mechanisms, a baseline that employs only state abstraction. I use the im-

plementation of A2C-RIMs found here:

https://github.com/dido1998/Recurrent-Independent-Mechanisms

5.3 Hyperparameter Values

I report the hyperparameter values used for each of the methods in the experiments.

I used consistent hyper-parameters between SOC, OC, A2C, and A2C-RIMs when

they applied.

The parameters for the MiniGrid Domain and the Moving Bandit & Reacher

Domains are provided in Tables 5.2–5.5.
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Table 5.4: Moving Bandit
Domain

Hyperparameter Value

Batch Size 100
Learning Rate 0.005
Alpha 0.005
Options 3
IM 4
Top-K 3
Hidden Size 6
Value Size 16
Discount Factor 0.95

Table 5.5: Reacher-v2

Hyperparameter Value

Batch Size 100
Learning Rate 0.001

Alpha 0.001
Options 3

IM 6
Top-K 4

Hidden Size 6
Value Size 64

Discount Factor 0.95

Table 5.6: 𝑉 and Area under the Curve (AUC) for algorithms solving MiniGrid
Domains. The table shows mean and standard deviation computed with 10 random
seeds. Best results in bold (computed via a 𝑡-test with 𝑝 < 0.05). Note that SOC
has the highest AUC and 𝑉 compared to the non-HRL method A2C [25], the HRL
method OC [2], and the state abstraction baseline A2C-RIM [14].

Algorithm MiniGrid Empty MiniGrid MultiRoom MiniGrid KeyDoor

𝑉 AUC 𝑉 AUC 𝑉 AUC

A2C 0.71± 0.25 364± 54 0.62 ± 0.26 104± 27 0.04± 0.07 16± 10
OC 0.56± 0.36 312± 143 0.40± 0.15 108± 45 0.55± 0.44 252± 217
A2C-RIM 0.57± 0.40 283± 47 0.19± 0.23 52± 22 0.57± 0.40 12± 1
SOC 0.92 ± 0.12 470 ± 21 0.75 ± 0.06 200 ± 27 0.87 ± 0.17 499 ± 25

5.4 Results

Question 1. When is state abstraction needed?

To address this question, I compare performance between SOC, and HRL (OC), non-

HRL (A2C), and state abstraction (A2C-RIMs) methods in the MiniGrid Domain.

Table 5.6 shows show both final task-level performance (𝑉 ) (i.e., final episodic average

reward measured at the end of the session) and area under the task-level learning curve

(AUC). Higher values indicate better results for both metrics.

Overall, for all three scenarios of MiniGrid, I found SOC to have the highest AUC

and 𝑉 than the baseline methods. With a sparse reward function and dense state

representation (image observation), MiniGrid provides the opportunity to test the
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temporal and state abstraction capabilities of my method. Specifically, I observe that

OC has a lower performance due to the inability of the options learned to diversify

by considering the entire state space and the high termination probability of each

option. A2C results in sub-optimal performance due to its failure in sparse reward

settings. Finally, due to inefficient exploration and large training time required for

A2C-RIM to converge, it is unable to match to the performance of SOC. I see a

smaller difference between SOC and these baselines for the Empty domain, as there

is a smaller amount of state abstraction that is required. For the Multi-Room domain

which is on the second order of difficulty, there is a increasingly larger gap as the

agent needs to consider only the states in one room when trying to exit that room

and states of the other room when trying to reach the green goal. Lastly, I see the

most abstraction required for the Key Door domain where the baselines are unable

to match the performance of SOC. As described in Fig. 1-1, OC equipped with only

temporal abstraction is unable to match the performance of SOC consisting of both

temporal and state abstraction. I show the evaluation reward plots for the Empty,

Multi-Room, and DoorKey Domains comparing SOC and the baselines.

Question 2. What does it mean to have diverse options? I visualize the behaviour of

both options for temporal abstraction and independent mechanisms for state abstrac-

tion to further understand whether options are able to learn diverse sub-policies. I

test this hypothesis in the DoorKey Domain, where Fig. 5-5a shows the option trajec-

tory for the following sub-tasks: getting the key, opening the door, and going to the

door. I find that each options is only activated for one sub-task. Fig. 5-5b shows the

mapping between options and independent mechanisms, with each option mapping

to a unique subset of independent mechanisms. To understand whether these inde-

pendent mechanisms have mapped to different factors of the state (and hence have

diverse parameters), Fig. 5-5c checks the correlation between options. I find low cor-

relation between option 1 & option 2 and option 2 & option 3 but higher correlation

between option 1 & option 3. I observe high correlation between option 1 & option

3 in getting the key and opening the door due to the shared states between them.

By employing both temporal and state abstraction, SOC is able to learn diverse and
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Figure 5-2: Performance of SOC vs. Baselines for MiniGrid-Empty-Random-6x6-v0

complementary option policies.

Question 3. How does evaluation performance change as the need for state abstrac-

tion increases in a domain?

This experiments begins with the simplest case of Moving Bandits, where the agent

must learn the true goal amongst two goal locations as shown in Fig. 5-1. SOC is

seen to converge at a faster rate than OC in Fig. 5-6. However in order to under-

stand the full benefits of state abstraction, I observe the performance with increasing

state abstraction in the Moving Bandits Domain. This experiments consider the per-

formance determined by Area under the Curve (AUC) for an increasing number of

spurious features in the observation. Namely, I add 3 & 23 additional goals to the 2

goal observation to test the capabilities of SOC when requiring increasing amounts of

state abstraction. In this scenario, the agent must ignore the spurious goal locations
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Figure 5-3: Performance of SOC vs. Baselines for MiniGrid-MultiRoom-N2-S4-v0

Figure 5-4: Performance of SOC vs. Baselines for MiniGrid-DoorKey-6x6-v0
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(a) Option Trajectory

(b) Independent Mechanism Selection by Op-
tions (c) Option Correlation

Figure 5-5: (a) Temporal abstraction is demonstrated by the use of 3 options for
following tasks: option 1 for getting the key, option 2 for opening the door, and option
3 for going to the door. (b) Each option maps to a unique subset of independent
mechanisms, corresponding to their unique functions in the domain. (c) There is
low correlation between option 1 & option 2 and option 2 & option 3 but higher
correlation between option 1 & option 2 corresponding to the shared states between
them.
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Figure 5-6: In Moving Bandits with 2 goal locations, there is only one true goal where
the agent receives reward of 1. In this scenario, SOC converges faster than OC.

Figure 5-7: Area Under Curve (AUC) of SOC and OC in Moving Bandit domain in
sparse reward settings. As the number of spurious features on the x-axis increases, the
gap between the AUC performance between SOC and OC increases. This indicates
a greater need for state abstraction. Note that there is see a different AUC across
number of goals simply due to different max train iteration for each goal setting, with
the focus on the increasing difference of AUC between the methods.
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Figure 5-8: In domains with small or negligible state abstraction, the benefit of SOC
is not as significant as shown in the Reacher domain, where the low-dimensional state
representation does not require state abstraction.

and only learn to move to the correct goal location as indicated in its observation.

As shown in Fig. 5-7, SOC performs significantly better than OC as the number of

spurious goal locations it must ignore increases. I expect this behaviour due to the

SOC’s capability of both temporal and state abstraction.

Question 4. When is state abstraction not required?

The Reach Domain allows us to observe the effects of SOC when no state abstraction

is required. This domain does not require state abstraction as the entire state space

consists of relevant information to achieve the goal at hand. Specifically, the low-level

representation of the state space as a 4-element state vector, with the first 2 elements

containing the generalized positions and next 2 elements containing the generalized

velocities of the two arm joints, are essential to reach the goal location. As expected

in Fig. 5-8, the performance between SOC and OC is similar in this domain as the

observation space does not contain any features that are useful for SOC to perform

state abstraction.

47



Figure 5-9: I perform an ablation study experimenting with various components that
can be shared and not shared between option in the intra-option learning framework
shown in Fig. 3-3. I find that too much sharing or too little sharing between options
can lead to sub-optimal performance due to lack of coordination.

Question 5. What is shared between option policies in the context of independent

mechanisms structures?

As described in Fig. 3-3, there are 4 components that make up the intra-option learn-

ing model. In order to investigate which are necessary to share between options, I

perform an ablation study with a subset of the available choices shown in Fig. 5-9.

Specifically, I study sharing of the look-up table 𝑊 𝑃 in the input attention mecha-

nism between options (SOC JointP), learning a separate factored state parameter 𝑊 𝑉

between options (SOC SepV), learning separate parameters for (𝑊𝑄comm ,𝑊𝐾comm ,

𝑊 𝑉comm) of the sparse communication layer for each option (SOC SepComm), and

three other combinations of these three modules. I find the lowest performance for

the method with a separate sparse communication module for each option. I hypoth-

esize this is due to lack of coordination between each option in updating their active

IM’s and ensuring other non-active IM’s are learning separate and complementary
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parameters. Having a joint 𝑊 𝑃 parameter results in the second lowest performance.

This effectively maps each option to the same set of IM’s, leading to lack of diversity

between option policies and only allowing for difference in the fully-connected layer of

each option. Lastly, I observe the third lowest performance with a separate parame-

ter for the factored state parameter 𝑊 𝑉 between options. Each option learning from

a different representation can lead to similar option-policies and states for certain

sub-goals unaccounted for.
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Chapter 6

Conclusion

In this thesis, I have introduced SOC framework (SOC) for incorporating both tem-

poral and state abstraction for effective decomposition of problem into simpler com-

ponents. The key idea underlying the proposed formulation is to map each option to

a reduced state space, effectively considering each option as a subset of independent

mechanisms. I evaluated my method on several benchmarks with varying levels of

required abstraction in sparse reward settings. The results indicate that SOC is able

to decompose the problems at hand more effectively than standard state of the art

HRL, non-HRL, and state-abstraction methods. Future work for this project would

include experimenting on larger domains with more complicated requirements for

state and temporal abstraction. I would also like to experiment with how my method

would cope in transfer learning settings. I believe that this work can help provide the

community with a theoretical foundation to build off for addressing the deficiencies

in HRL methods.
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