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Humans have long been fascinated with artificial intelligence (AI), which has led to ground-

breaking discoveries such as solving the game of Go [1], solving complex reasoning tasks

using large language models [2] and predicting protein structures with alphafold [3]. These

advancements have also been adapted to steer progress in solving robotic control tasks,

including robotic navigation and manipulation [4]. However, it has been really challenging

for AI agents to solve complex long horizon tasks which involve long term decision mak-

ing, due to issues like inefficient exploration and long term credit assignment, especially

in sparse reward scenarios.

For instance, a robotics agent trained on “opening a microwave door” will fail miserably

with multi-stage tasks like “opening the microwave door, taking a bowl out, placing it

on a stove, and turning on the gas knob”. Humans on the other hand, are naturally

efficient at solving such tasks by dividing them into simpler sub-tasks, and then composing

their solutions to solve the overall objective. This hierarchical problem-solving ability is

supported by evidence from cognitive psychology and is strongly linked to the functions

of the prefrontal cortex, which is responsible for goal representation, task switching, and

hierarchical control[5].



iv

Inspired by this, we posit that hierarchical abstraction is key to enabling robotic agents to

solve complex sparsely rewarded tasks. To this end, we propose efficient hierarchical strate-

gies to enable robotic agents to break long-horizon tasks into manageable subtasks, solve

these subtasks, and compose their solutions effectively to achieve the overall objective.

We perform extensive experiments across diverse robotic navigation and manipulation

tasks and demonstrate that these hierarchical approaches are able to consistently outper-

form existing baselines, and show impressive performance in challenging environments.

Extensive experiments on real world robots validate the practicality and robustness of the

proposed methods. Thus, in this dissertation, we have put forward some initial efforts

towards a larger goal of building practical robotic systems that can autonomously solve

complex real-world tasks.
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Chapter 1

Introduction

Divide each difficulty into as many parts as is feasible and necessary to resolve it.

– René Descartes

Humans are naturally efficient at solving complex multi-stage tasks by dividing them into

smaller sub-tasks, solving them and composing their solutions to solve the overall long

horizon task. For instance, humans are able to easily solve tasks like making breakfast,

which involve solving many sub-tasks sequentially, for example: putting bread in the

toaster, applying butter on the toasted bread, pouring juice in a glass, etc. Machines on

the other hand, find it extremely difficult to solve such multi-stage tasks. For example, a

robot trained to pick up laundry will fail miserably if assigned the complex multi-stage task

of opening the washing machine, picking up the laundry, and then folding the laundry on

the table. Prior work suggests that this challenge arises due to two key issues: inefficient

exploration and ineffective long-term credit assignment [6]. Concretely, in long-horizon

tasks, the robot may struggle to explore the environment effectively or fail to accurately

assign credit to the specific actions responsible for accurately solving the task.

1



Introduction 2

1.1 Problem Formulation

The primary aim of artificial intelligence is to devise general-purpose autonomous agents

that are able to solve complex tasks in real-world environments. One influential perspective

frames intelligent agents through an economic lens [7]: the agent dynamically interacts

with its environment and receives real-valued feedback in the form of rewards and penalties,

with the overarching objective of maximizing its cumulative reward. This perspective offers

a rich framework to express and solve a myriad of real-world problems, where the positive

rewards can be associated with successful outcomes, whereas negative rewards can penalize

undesirable events. This framework also facilitates reasoning under uncertainty, requiring

agents to optimize their expected return amidst stochastic, unpredictable events in the

environment [8].

However, this powerful framework leads to the significant research challenge of devising

planning and learning algorithms that scale efficiently in high-dimensional state spaces.

Early work in stochastic planning and dynamic programming demonstrated optimality

given complete probabilistic models [9], but suffered from prohibitive computational costs

in large domains. Dynamic programming methods from early planning and control theo-

retically solve hard problems optimally, but their cost scales polynomially with state space

size, rendering them impractical for high-dimensional or long-horizon robotic tasks [10].

Consequently, recent research has shifted toward scalable approaches that the exploit un-

derlying task structure, culminating in the rise of reward-based and reinforcement learning

paradigms [11] as practical and general-purpose solutions.

Reward-based learning formalizes intelligent decision-making as a process in which an

agent seeks to maximize cumulative numerical rewards while adapting to environmental

feedback. Moreover, the uncertainty and stochasticity aspects are handled by focusing

on maximizing the expected cumulative reward across random outcomes. This approach

draws inspiration from operant conditioning in psychology and underpins most modern

reinforcement learning systems [11]. By combining online learning from direct experience
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and the use of approximation for representing complex value functions or policies, agents

learn effective strategies that generalize even in vast or continuous state spaces.

Reinforcement learning (RL) [12] has recently enabled breakthroughs such as Deep Q-

Networks (DQN) [13] which outperforms humans at playing games, AlphaGo [1] which

plays the complex game of Go at super-human level, predicting protein structures with

alphafold [3], etc. Such breakthroughs have showcased the ability of RL to solve complex

tasks. Such advancements have been leveraged to also steer progress in robotic control

tasks, including navigation and manipulation [4]. However, most of these advancements are

on short-horizon tasks, and seemingly straightforward multi-stage tasks can be challenging

for robots due to limitations in perception, manipulation, adaptation, and coordination.

Despite major progress in both probabilistic planning and reinforcement learning (RL),

most widely used algorithms remain fundamentally “flat”, treating the state space as a

monolithic entity without abstraction [9, 11]. In RL and planning, the cost of propagating

information about future reward along long flat trajectories remains a daunting bottleneck.

Concretely, complexity in control tasks grows rapidly with task horizon, branching factor,

and the richness of state spaces. Classic RL methods, while effective for short-horizon

settings, often become ill-suited for such problems.

In contrast, humans routinely solve long-horizon tasks that remain exceptionally chal-

lenging for artificial agents. This naturally raises the question: What enables humans to

efficiently solve such complex, multi-step problems?

Hierarchical Learning

The early literature in artificial intelligence, planning, and cognitive science observed that

both animal and human intelligence rely on hierarchical organization: abstract, tempo-

rally extended plans decompose into sequences of subtasks and, eventually, low-level ac-

tions [14, 15]. Classical planning research has shown that hierarchical decompositions,

such as hierarchical task networks (HTNs) [16], macro actions [17, 18], and state abstrac-

tion [19, 20] can provide exponential reductions in computational cost.
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In this thesis, we take inspiration from human evolution (a process that has spanned ap-

proximately 18 million years) and posit that hierarchical learning in the human brain is

deeply connected to the way we structure, process, and organize information to efficiently

solve complex problems and make decisions. Advancements in cognitive psychology and

neuroscience have shown that the brain is able to break down complex tasks into smaller,

more manageable sub-tasks and learn hierarchical structures from experience, enabling

efficient decision-making, problem-solving, and adaptation [14]. The human prefrontal

cortex (PFC) is a brain region central to complex cognitive functions like decision-making,

problem-solving, and goal-directed behavior. Research in neuroscience has shown com-

pelling evidence that the PFC supports hierarchical learning and problem-solving, which

means that it can manage information at multiple levels of abstraction [15].

Hierarchical learning leverages temporal abstraction and task decomposition, aiming to

mirror the way humans decompose complex problems into manageable subtasks [14, 15].

The core motivation is that breaking down a problem along meaningful sub-tasks that

allows agents to focus learning and planning where it is most needed, while facilitating

generalization and skill reuse. In this thesis, we develop mathematical models for hierar-

chical learning by taking inspiration from human cognitive psychology and neuroscience.

We now formally specify the hierarchical reinforcement learning (HRL) framework pursued

in this thesis, and rigorously define the HRL architecture and its constituent policy, state,

and reward structures, reflecting the key settings of our task domains. We then enumerate

the central design challenges in hierarchical RL, including issues like non-stationarity.

Subsequently, we enlist our proposed solutions to address these issues to tackle the core

theoretical and practical challenges inherent to hierarchical RL.

1.2 HRL: Hierarchical Reinforcement Learning

Hierarchical reinforcement learning (HRL) extends the standard reinforcement learning

framework by explicitly introducing multiple levels of temporal and structural abstraction.
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This enables an agent to decompose complex, long-horizon tasks into tractable sub-tasks,

each associated with its own decision-making policy, reward structure, and planning hori-

zon. Such decomposition mirrors the way humans solve complex problems by organizing

behavior into hierarchies of skills, strategies, and subtasks [14, 15]. As discussed before,

the early inspirations for HRL can be found in the neuroscience of prefrontal cortex orga-

nization, AI planning, and robotics, while practical instantiations range from options [21],

MAXQ [22], and feudal learning [23] to more recent deep-HRL methods [24]. In this the-

sis, we focus on feudal architecture to devise HRL algorithms. We consider a two-level

goal-conditioned HRL setup, though the principles described extend to deeper or more

structured hierarchies as well.

Design Principles.

Before establishing the mathematical formulation of HRL, let us first understand the design

principles behind the hierarchical framework [25]. This is essential for grasping the design

challenges inherent in HRL and will offer valuable insights into potential solutions.

1. Decompositional Abstraction for Complex Domains

Motivation: Directly learning policy mappings in complex domains often proves in-

tractable, particularly those characterised by delayed rewards, partial observability, or

long time horizons. To address this, such tasks can be decomposed into a hierarchy of

simpler sub-tasks, making the learning process more manageable and effective.

Application: In our hierarchical framework, the overall task is structured into multiple

levels, such as a high-level manager and a low-level worker, with each level operating at

its own temporal scale. The high-level manager is responsible for generating subgoals,

which the low-level worker strives to achieve through its learned policy. This hierarchical

structure is broadly applicable to any task matching these criteria.
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While various hierarchical abstractions fall within the broader scope of our decompositional

approach, for all simulation and real-world experiments discussed in this thesis, we focus

on the following specific hierarchical abstraction:

Task Parameter Value

State/Action Real-valued, continuous
Dimensionality Moderate–high (D > 10)
Hierarchy Depth Two levels
Subgoal Representation Spatial/object-centric waypoints/state space
Agent Structure Single 7-DoF/9-DoF robotic arm
Reward Sparse, goal-driven

Table 1.1: Task parameters for the hierarchical methods proposed in this thesis.

2. Domain-Driven Task Decomposition and Granularity

Motivation: The decomposition of complex tasks into constituent skills and behaviors

should be guided by the semantics and demands of the specific domain. Depending on

the characteristics of the domain, hierarchical abstractions can be implemented using

fixed, domain-specific templates or by leveraging data-driven approaches where certain

aspects of the hierarchy are learned. For instance, the task of making tea can be naturally

decomposed into sequential subtasks such as pouring tea and water into a kettle and then

placing the kettle on the stove. The identification of such sub-tasks can either rely on

expert domain knowledge or be discovered autonomously by learning algorithms.

Application: In our framework, the higher-level policy predicts subgoals, which the lower-

level policy is trained to achieve. The nature of these subgoals is domain-dependent: for

navigation tasks, the subgoal may be a spatial waypoint; for robotic manipulation tasks,

it could be a specific robot configuration (e.g., end-effector position and joint torques);

and for kitchen tasks, the subgoal might be the current state of the environment. Thus,

we adapt the choice of subgoal representation to best suit the demands of each particular

task.

Notably, our hierarchical setup is designed to require minimal domain-specific task decom-

position effort from experts.

3. Learning Skill Acquisition
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Motivation: Machine learning empowers agents to autonomously acquire, refine, and

adapt the necessary skills at each hierarchical level. Rather than relying solely on manual

design, the skills required at different layers are learned using various machine learning

algorithms, such as supervised learning with labeled data or reinforcement learning from

interaction feedback. This flexibility allows the hierarchical framework to accommodate

any suitable learning based approach.

In some instances, lower-level skills or behaviours may be predetermined by either being

explicitly programmed by domain experts or learned in advance via machine learning

techniques. Once established, these skills are used as fixed modules when training or

deploying higher-level behaviours. Hierarchical architectures thus offer the flexibility to

combine learned and hand-crafted skills as appropriate in various domains, supporting a

range of approaches for skill acquisition and composition.

Application:

• Use offline learning for skills whose specifications do not change and can be honed

with curated datasets.

• Employ online learning to adapt both high and low-level behaviours in response to

domain-specific environmental dynamics, stochasticity, and new objectives.

• Select learning algorithms (e.g., neural networks, policy gradients, Q-learning, imi-

tation learning, preference-based learning) that fit the demands of each subtask and

abstraction level.

4. Inter-level Interaction and Cooperation

Motivation: The essence of hierarchical learning is that progress or changes in one layer

concretely influence learning efficiency and representation in adjacent layers. For example,

in feudal hierarchical framework, after the higher level predicts a subgoal, its next achieved

state depends on the lower level behavior. Thus, various hierarchical levels interact and

cooperate together to solve the complete task.
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Application: Subtasks solved by lower layers provide foundation for higher-level strate-

gies (e.g., a skill like “pick up object” forms the core of “arrange items on table”). Crucially,

the learned representations, policies, or rewards at one level define the effective action space

or state input to the next higher level. A good subgoal prediction should ideally balance

the task-split between hierarchical levels to prevent any degenerate solutions.

1.2.1 Mathematical Formulation of the HRL Framework

Base MDP Setup.

The reinforcement learning problem is customarily framed as a Markov Decision Process

(MDP), specified by the tuple (S,A, p, r, γ), where:

• S is the state space,

• A is the action space,

• p : S ×A → ∆(S) the transition function,

• r : S ×A → R the reward function,

• γ ∈ (0, 1) the discount factor.

The agent seeks to optimize a policy π : S → ∆(A) so as to maximize the expected return

J(π) = Eπ[
∞∑
t=0

γtrt]. (1.1)

We explain the higher and lower level MDPs as follows:

Higher-Level MDP: The higher-level MDP is defined as (S,G,AH , pH , rH , γH), where

S is the state space, G is a (sub)goal space, and the higher-level policy πH : S → ∆(AH)

proposes subgoals or options gt ∼ πH(·|st). The higher-level reward rH typically encodes
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progress toward the global objective. Note that due to the dependence of higher-level out-

comes on the lower-level policy, the higher-level reward and transitions are non-stationary

and policy-dependent, i.e., rH
πL(·|s,g).

Lower-Level MDP: Conditioned on the state and subgoal (st, gt), the lower-level policy

πL : S × G → ∆(AL) acts in the environment, with an intrinsic reward rLt (st, gt, at) =

1{∥st−gt∥<ε} for achieving the subgoal, often under a sparse-reward setting. Primitive

actions are executed until the subgoal is achieved or an episode horizon reached.

Hierarchical MDP Decomposition. HRL generalizes this structure by introducing

policies at multiple levels of abstraction. Following the Feudal architecture [23], we con-

sider a goal-conditioned HRL setup, where the higher-level policy πH : S → ∆(G) selects

a subgoal gt ∈ G every k timesteps, where G ⊆ S denotes the set of achievable goals.

Specifically, at each decision point t satisfying t mod k = 0, a new subgoal gt ∼ πH(· | st)

is sampled and held fixed for the subsequent k steps, i.e., gt = gt+1 = · · · = gt+k−1.

During each of these k timesteps, the lower-level policy πL : S×G → ∆(A) receives the cur-

rent state st and the fixed subgoal gt, and selects a primitive action at ∼ πL(· | st, gt). The

environment then transitions to the next state according to st+1 ∼ p(· | st, at). Higher-level

transitions are thus stored as (st, g
∗, gt, r

H
t , st+k), and lower-level transitions as (st, gt, at, r

L
t , st+1).

Through this coordination, the hierarchical agent incrementally works towards achieving

the overall task objective.

The higher level QH and V H functions are the expected rewards defined over higher

level subgoal prediction trajectories defined in the higher level replay buffer as tuples

(st, g
∗, gt, r

H
t , st+k) (updated every k timesteps), and the the lower level QL and V L func-

tions are the expected rewards defined over lower level primitive action prediction trajec-

tories defined in the lower level replay buffer as tuples (st, gt, at, r
L
t , st+1).

HRL: Neural Network Architectures Unless specified otherwise, we use the following

neural network architectures in the all subsequent chapters:
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State st

Final Goal g∗

Layer 1
(512 neurons)

Layer 2
(512 neurons)

Layer 3
(512 neurons)

Subgoal gt

Higher-level Policy (πH)

Inputs Hidden Layers Output

Figure 1.1: Higher-level Neural Network Architecture. The network takes state and
final goal as inputs and processes them through hidden layers to output subgoals.

State st

Subgoal gt

Layer 1
(512 neurons)

Layer 2
(512 neurons)

Layer 3
(512 neurons)

Action at

Lower-level Policy (πL)

Inputs Hidden Layers Output

Figure 1.2: Lower-level Neural Network Architecture. The network takes state and
subgoal as inputs and processes them through hidden layers to output primitive actions.

1.3 Illustrative Example: Robotic Tea-Making.

To concretely illustrate the feudal HRL framework, we consider the robotic tea-making

task. This example demonstrates how HRL decomposes complex, long-horizon objectives

into coordinated subgoals, each with its own decision-making policy, reward structure, and

temporal horizon.

The task Robotic Tea-Making can be divided into sub-tasks:

1. Pour water and tea into the kettle.

2. Place the kettle on the gas.

3. Turn on the gas.

4. Place the tea into the cup.
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Make Tea

Pour Water &
Tea into Kettle

Reach
Kettle

Grasp
Kettle

Pour
Water

Pour
Tea

Place Kettle
on Gas

Reach
Gas

Place
Kettle

Turn on Gas

Reach
Switch

Rotate
Switch

Place Tea
into Cup

Reach
Cup

Pour
Tea

Figure 1.3: Hierarchical decomposition of the Robotic Tea-Making task. Each subtask
is further divided into manipulation primitives.

We consider a two-level hierarchy, where the higher-level policy (manager) sets subgoals for

the lower-level policy (worker) to achieve, each operating at different temporal resolutions.

In this setup, the high-level subgoals are systematically decomposed into intermediate

objectives, and the lower-level agent executes primitive actions to achieve these subgoals.

Illustrative example: Mathematical Formulation

Illustrative Example: Base MDP Structure. The task is formulated as a Markov

Decision Process (MDP) with the tuple (S,A, p, r, γ), where the state space S encompasses

robot configuration and environment state. The action space A includes joint torques and

gripper commands, while the transition function p captures the complex dynamics of

robot-environment interaction.

Illustrative Example: Higher-Level MDP The higher-level MDP operates over ab-

stract states describing overall task progress. The higher-level policy πH : S → ∆(G)

selects subgoals gt ∈ G every k = 5 timesteps, where each subgoal represents a distinct

phase of the tea-making process. The higher-level reward structure accumulates external

rewards over the temporal window:

rHt =

kt+k−1∑
i=kt

r(si, ai)

directly reflecting progress toward the ultimate goal of making tea. This reward structure

incentivises the higher-level policy to select subgoals that advance the overall task while

maintaining efficiency and safety constraints.
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Illustrative Example: Lower-Level MDP The lower-level policy πL : S × G → ∆(A)

operates on the full robot state space, including joint angles, end-effector positions and

torques. This policy receives subgoals from the higher level and executes primitive actions

to achieve them, with intrinsic rewards based on subgoal proximity:

rLt =


1 if ∥gt − st+1∥2 < ε

0 otherwise

Illustrative Example: Task Learning The learning process in this hierarchical frame-

work may leverage reinforcement learning (RL) at multiple levels of abstraction to effi-

ciently solve the overall task. In the tea-making example, the higher-level policy (manager)

is trained with RL to select effective sequences of subgoals, using sparse rewards that re-

flect successful completion of major task milestones (such as boiling water or pouring tea).

The lower-level policy (worker) learns to achieve each subgoal by directly interacting with

the environment and receiving intrinsic, sparse rewards for achieving the subgoals.

During training, the manager proposes a subgoal, and the worker attempts to achieve it

by executing primitive actions. If the worker reaches the designated subgoal, they receive

a positive intrinsic reward, reinforcing desired behaviour. Simultaneously, the manager

observes accumulated extrinsic rewards and refines its high-level planning. By separating

learning into distinct yet interdependent layers, the hierarchical framework drastically

improves exploration, credit assignment, and skill reuse [6], enabling the agent to efficiently

solve complex, long-horizon tasks.

Illustrative Example: Summary This robotic tea-making example concretely demon-

strates the hierarchical framework application. By explicitly decomposing a long-horizon,

complex task into sequential subgoals, the hierarchical approach enables each level of the

agent to operate at an appropriate temporal and semantic scale. The higher-level manager

focuses on abstract, goal-oriented planning, while the lower-level worker specialises in ex-

ecuting detailed, short-horizon actions to realise specific subgoals. This clear abstraction

not only simplifies policy learning and credit assignment but also reflects how humans solve
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intricate problems by dividing them into manageable subtasks. Ultimately, this structure

makes learning more sample-efficient, robust, and scalable for real-world tasks that are

otherwise intractable for flat, non-hierarchical agents.

1.4 HRL: Design Challenges

Hierarchical Reinforcement Learning (HRL) provides powerful mechanisms for solving

complex, temporally extended tasks by decomposing them into subproblems. However,

the introduction of hierarchy also brings a distinct set of design and practical challenges

that can limit its effectiveness. Below, we outline the major design challenges that arise

when building and applying HRL systems.

1. Non-Stationarity As discussed in [26] and [27], in hierarchical reinforcement learn-

ing (HRL), updates to the lower-level policy πL inevitably alter its behaviour over time.

Because the higher-level policy relies on the lower level policy πL, any change to the

lower-level policy effectively modifies the transition dynamics and reward function expe-

rienced by the higher-level policy. As a result, the higher-level decision process becomes

non-stationary, undermining the stability and reliability of hierarchical learning and po-

tentially leading to unstable or suboptimal learning outcomes. Notably, this occurs when

the lower-level policy is sub-optimal. Since, intuitively, in such a case, even an optimal

higher-level subgoal may lead to poor rewards.

Transition Function Non-stationarity: Mathematical illustration Let the high-

level transition distribution be

pH(st+k | st, gt) =
k−1∏
i=0

p(st+i+1 | st+i, at+i),where, (1.2)

at+i ∼ πL(· | st+i, gt) for i = 0, . . . , k − 1. (1.3)
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If πL → πL
′
, then,

pH(st+k | st, gt;πL) ̸= pH(st+k | st, gt;πL
′
). (1.4)

This implies that with changing lower-level policy, the higher-level transition function

becomes non-stationary.

2. Infeasible Subgoals Generation A central promise of HRL is that the higher-level

policy will propose meaningful, achievable subgoals for the lower-level policy. As observed

in [28], however, the manager often generates subgoals that are infeasible for the lower-

level policy to achieve. This leads to unstable learning, since even the optimal lower-level

policy is unable to achieve the predicted subgoals.

3. Subgoal and Skill Discovery: Discovering effective subgoals and reusable skills is a

central, yet unresolved, issue in hierarchical RL. Fixed subgoal representations may not be

suitable or generalizable for many scenrios. Several algorithms targeted bottleneck states,

subgoal discovery [24, 29, 30], or maximization of coverage/diversity in behaviors [31, 32].

However, such subgoals may be sub-optimal, especially in sparse long horizon settings

that require extensive exploration. Moreover, autonomously learning appropriate sub-

goal representations is a difficult open research problem, often requiring meta-learning or

additional heuristics. The optimal subgoal structure is typically domain-dependent, mak-

ing transfer across environments challenging. In this thesis, we propose several methods

for efficient and autonomous skill or subgoal discovery, which does not require a domain

expert.

4. Coordination and Cooperation Between Hierarchical Levels: For HRL to

work effectively, the policies at different levels must cooperate effectively with each other

in order to collectively solve the task. Otherwise, it may lead to degenerate solutions,

thus undermining the advantages of the hierarchical framework. Ideally, the task split

should be balanced between different hierarchical levels. Notably, this is a very important

challenge with HRL, especially when the hierarchical levels are learned in parallel.
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1.5 Proposed Solution

To address the core challenges inherent in hierarchical reinforcement learning (HRL), this

thesis proposes a comprehensive suite of algorithmic innovations and frameworks, each

designed to target specific obstacles identified in the field. Building on the observation

that hierarchical abstraction is fundamental to human intelligence, the solutions presented

aim to empower robotic agents to tackle complex, long-horizon tasks—particularly those

plagued by sparse rewards and difficult credit assignment—by leveraging the strengths of

hierarchical decomposition and informed supervision.

1.5.1 Developing evaluation benchmarks

In order to develop efficient and robust algorithms for solving complex, long-horizon tasks,

it is crucial to establish effective evaluation benchmarks that support both quantitative

and qualitative analyses of the proposed approaches. These benchmarks should allow for

rigorous testing and comparison against state-of-the-art baselines in real world and chal-

lenging long horizon environments. Hence, in Part I Chapter 4, we first design and develop

robust robotic environments in both simulation and the real world, focusing on complex

tasks pertaining to robotic navigation and manipulation. These task environments provide

a platform for evaluating the performance and generalization of hierarchical reinforcement

learning (HRL) algorithms under diverse scenarios.

1.5.2 Leveraging expert demonstrations

In Part II, we train efficient hierarchical policies by leveraging a few expert demonstrations

to generate efficient subgoal supervision for the higher-level policy, and thus propose stable

HRL algorithms which mitigate non-stationarity in HRL. In Chapter 5, we propose CRISP,

a novel HRL algorithm that effectively generates a curriculum of achievable subgoals for

evolving lower-level primitives using reinforcement learning and imitation learning. CRISP

uses the lower level primitive to periodically perform data relabeling on a handful of
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expert demonstrations, using a novel primitive informed parsing (PIP) approach, thereby

mitigating non-stationarity. Further, in Chapter 6, we propose primitive enabled adaptive

relabeling (PEAR), a two-phase approach which first performs adaptive relabeling on a few

expert demonstrations to generate efficient subgoal supervision, and then jointly optimizes

HRL agents by employing reinforcement learning (RL) and imitation learning (IL).

1.5.3 Leveraging preference-based learning

We then tackle scenarios where acquiring expert demonstrations is non-trivial. To this

end, in Part III, we tackle inherent limitations of HRL by leveraging advancements in

preference-based learning [33, 34], thereby enabling the higher-level policy to refine its de-

cision making ability through human-like preferences. In Chapter 7, we introduce PIPER,

primitive-informed preference-based hierarchical reinforcement learning via hindsight rela-

beling, a novel approach that leverages preference-based learning to learn a reward model,

and subsequently uses this reward model to relabel higher-level replay buffers. Further, in

Chapter 8, we introduce hierarchical preference optimization (HPO), a novel approach to

hierarchical reinforcement learning (HRL) that leverages maximum entropy reinforcement

learning combined with token-level direct preference optimization (DPO) [34], for learn-

ing efficient control policies to perform complex robotic tasks, especially in sparse reward

settings.

1.5.4 Leveraging natural language instructions

Using language instructions to directly guide and control robots has long been a cherished

goal in the field of robotics. What if we could instruct robots by describing the target

task in natural language, allowing the robot to handle the low-level actions required to

accomplish the task? To this end, in Part IV Chapter 9, we develop an efficient HRL

framework that translates natural language instructions directly into lower level robotic

control actions. This approach leverages the power of language as a guiding signal, enabling

robots to interpret and execute complex tasks described in natural language.
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Finally, Chapter 10 concludes by summarizing the proposed concepts, algorithms, and

results, while also outlining potential future directions that stem from this work. Collec-

tively, these solutions form a unified and versatile toolkit tailored to overcome the most

pressing challenges in HRL, namely, non-stationarity, subgoal feasibility, skill discovery,

and inter-level coordination. Throughout the thesis, each proposed strategy is thoroughly

evaluated and contextualized, highlighting their roles in advancing both the theoretical

robustness and practical deployment of hierarchical reinforcement learning systems.



Chapter 2

Related Work

2.1 Advancements in Dynamic Programming, Artificial In-

telligence, and Machine Learning

The foundations of dynamic programming, artificial intelligence, and machine learning

have undergone remarkable development over the past century, laying the groundwork for

contemporary hierarchical learning frameworks.

2.1.1 Dynamic Programming.

The field of dynamic programming originated with the pioneering contributions of Richard

Bellman in the 1950s [35, 36]. Dynamic programming (DP) provides a rigorous mathemati-

cal framework for solving sequential decision-making problems under uncertainty, allowing

for the computation of optimal policies by recursively breaking down problems into smaller

subproblems. This principle has profoundly influenced stochastic control, operations re-

search, and optimal planning. Despite its theoretical power, classical DP methods suffer

from the “curse of dimensionality,” as computational complexity grows exponentially with

the size of the state and action spaces, making them impractical for many real-world

applications.

18
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2.1.2 Artificial Intelligence.

During the second half of the 20th century, artificial intelligence (AI) emerged as a major

scientific discipline with the vision of creating machines capable of general problem-solving

and reasoning [37, 38]. Early AI research focused on symbolic reasoning, search algorithms,

and the development of expert systems. However, scaling such approaches to complex,

uncertain environments proved to be a significant challenge, spurring the exploration of

more adaptive, data-driven methods.

2.1.3 Machine Learning and Reinforcement Learning.

The field of machine learning built on probabilistic modeling, statistical pattern recog-

nition, and computational learning theory to enable agents to acquire knowledge from

data [39, 40]. Over the past few years, machine learning has led to transformative ad-

vancements that have been able to reshape numerous fields. In early 2010s, deep learning

based approaches became popular, led by advancements in convolutional neural networks

(CNNs) for image recognition and computer vision tasks (with the success of AlexNet

in the ImageNet competition [41]). This era also saw the development of recurrent neu-

ral networks (RNNs) and their enhancements like LSTMs and GRUs, which improved

sequential data processing in areas such as natural language processing (NLP) and time-

series analysis. This was followed by the advancements in generative modeling, such as

GANs (Generative Adversarial Networks) and VAEs (Variational Autoencoders) which

revolutionized generative AI, enabling applications like Stable Diffusion [42]. However,

the introduction of the transformer architecture [43] marked a paradigm shift, leading to

state-of-the-art models like BERT and GPT [44], which excel in efficient natural language

generative models or foundation models.

In particular, reinforcement learning (RL) formalized the problem of learning to act via

reward-driven interaction with the environment [11, 45]. Breakthroughs in RL, such as

value iteration [35], temporal difference learning [46], and policy gradient methods [47],

bridged control theory and AI, while deep learning architectures enabled RL agents to
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learn effective representations directly from raw sensory input [48, 49]. Landmark achieve-

ments—such as programs mastering board games [1], video games [49], and robotic con-

trol [4] demonstrate the capacity of modern RL to address increasingly complex tasks.

Hierarchical reinforcement learning (HRL) builds upon the advancements in artificial in-

telligence, operations research, robotics, and cognitive science. Its history extends back

several decades to early conceptualizations of abstraction and hierarchy for effective de-

cision making, planning, and control. We now provide a comprehensive review, spanning

from foundational works to the most recent advances in deep hierarchical reinforcement

learning and related cross-disciplinary areas.

2.2 Foundations of Hierarchical Control and Temporal Ab-

straction

The motivation for HRL is rooted in early observations from cognitive psychology and

neuroscience, where humans and animals naturally decompose long-horizon tasks into

reusable subtasks or skills [14, 15]. In artificial intelligence, planning with abstraction and

sub-goals has been extensively studied, with classical approaches in hierarchical planning

and task decomposition [50–53].

Modern HRL formally began with frameworks designed to introduce temporal abstractions

into reinforcement learning agents. The Options framework [12] allows agents to learn and

utilize temporally extended actions, or “options”, defined by initiation and termination

criteria, greatly enabling multi-time-scale reasoning. The Hierarchy of Abstract Machines

(HAMs) [54] and feudal reinforcement learning [23] both introduced architectures in which

high-level controllers delegate responsibility to lower-level sub-managers, organizing poli-

cies as multilevel hierarchies. A foundational advance came with Dietterich’s MAXQ value

function decomposition [55], which demonstrated how a complex RL problem can be hier-

archically decomposed into a set of subproblems, each equipped with its own value function
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and local policies. MAXQ provides both a declarative semantics (a recursive value function

decomposition) and procedural semantics (a subroutine hierarchy).

Importantly, these early HRL approaches were deeply influenced by advances in fields

such as cognitive science and computational neuroscience, which highlighted hierarchical

processing and control in natural agents [14, 15].

2.2.1 Early Hierarchical RL in Practice

The 1990s and early 2000s witnessed pioneering practical HRL implementations, such

as learning macro-actions in gridworlds [29, 56] and robot navigation and manipulation.

These works demonstrated how temporal abstraction and skill reuse could improve explo-

ration, learning efficiency, and credit assignment in environments with sparse, long-term

rewards. Surveys such as [57] and [58] provide an overview of these formative years of

research.

2.2.2 Hierarchical RL and Planning in Decision Making and Robotics

Much research has focused on leveraging hierarchical planning for decision making and

autonomous systems. Hierarchical planners such as STRIPS variants [50], HTN planning,

and multi-level control schemes [52] influenced subsequent robot architectures. In rein-

forcement learning, researchers extended options and HAMs to real-world control [59],

hierarchical actor-critic designs [24, 60], and skill discovery algorithms [29, 61].

Notably, the challenge of designing or manually specifying the decomposition of tasks

and appropriate subtasks has been a recurring theme, motivating subsequent work on

automatic skill discovery [29, 62] and abstraction from data.



Related Work 22

2.2.3 Hierarchical RL in Cognitive Science and Neuroscience

Beyond engineering, HRL models were inspired from cognitive neuroscience, offering com-

putational explanations for how the brain organizes complex behavior via cascading con-

trol and motivation at different levels of abstraction [15, 63]. These insights have informed

architectures in artificial agents and inspired behavioral priors for learning.

2.2.4 Automatic Discovery of Temporal Abstractions and Options

A notable line of work investigated how agents could autonomously discover useful tempo-

rally extended actions or options. Several algorithms targeted bottleneck states, subgoal

discovery [24, 29, 30], or maximization of coverage/diversity in behaviors [31, 32]. The

principle is to facilitate exploration and learning by enabling agents to identify reusable

skills that correspond to important events or transitions in the environment.

2.3 Recent Advances: Deep HRL and Large-Scale

Autonomous Agents

The advent of deep learning reinvigorated HRL research, enabling application in high-

dimensional visual and robotic domains. Modern breakthrough architectures include

Option-Critic [64], Feudal Networks [65], HIRO [66], and HAC [67]. These algorithms

explicitly address challenges such as non-stationarity and credit assignment in concur-

rently trained hierarchies, and many employ goal-conditioned value functions.

In goal-conditioned hierarchical framework, the high-level policy predicts subgoals for lower

primitive, which in turn performs primitive actions directly on the environment [65–67].

This hierarchical framework allows agents to tackle long-horizon tasks by breaking them

into smaller, manageable subtasks, enabling more effective exploration and better credit

assignment across extended time scales.
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Concurrently, hierarchical approaches have proven essential in large-scale robotic manipu-

lation, navigation, and language-conditioned control, facilitating the composition of com-

plex tasks from learned skills, and integrating learning from demonstration, imitation,

and curriculum learning [68–71]. Recent advances also investigate language-to-action and

code via large language models (LLMs) and corresponding hierarchical architectures for

autonomous agents.

2.4 Summary

The field of hierarchical reinforcement learning has evolved substantially, building on

decades of progress across artificial intelligence, robotics, and cognitive science. Table 2.1

provides an overarching view of key milestones that have shaped the trajectory of HRL

research over the past several decades.

Table 2.1: Key milestones in Hierarchical Reinforcement Learning

Year Contribution

1970s-80s Hierarchical planning, abstraction in AI and robotics
1990s Options, HAMs, Feudal RL, MAXQ, practical HRL applications
2000s Skill discovery, abstraction learning, cognitive science models
2010s Deep HRL, goal-conditioned RL
2020s Language-conditioned HRL, LLMs, large-scale robotics

2.5 Open Problems and Future Directions

Despite steady progress, open challenges in HRL still remain:

1. automatic skill discovery and autonomous subgoal generation.

2. efficiently breaking down tasks while avoiding degenerate solutions.

3. improving generalization in HRL via skill-reuse.

Further advances in these directions are required for building scalable and general-purpose

artificial agents.



Chapter 3

Problem Definitions

This chapter formalizes the main mathematical structures and challenges underlying the

methods and settings addressed in this thesis. We focus on the formal definitions of

Markov Decision Processes, goal-conditioned RL, the hierarchical RL (HRL) framework,

preference-based learning, and language to rewards translation. These problem definitions

establish the core algorithmic and theoretical landscape for the solutions and analyses that

follow in subsequent chapters.

3.1 Markov Decision Processes (MDP)

We begin with the formalization of a Markov Decision Process (MDP), defined as the tuple

(S,A, p, r, γ), where:

• S: state space

• A: action space

• p : S ×A → ∆(S): transition probability function

• r : S ×A → R: reward function

• γ ∈ (0, 1): discount factor

24
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A policy π : S → ∆(A) models action selection probabilities in each state. At each

timestep t, the agent observes st, samples at ∼ π(·|st), receives reward rt = r(st, at), and

transitions to st+1 ∼ p(·|st, at).

The classical RL objective is to find an optimal policy maximizing the expected discounted

return:

π∗ = argmax
π

J(π), where J(π) = Eπ

[ ∞∑
t=0

γtrt

]
(3.1)

The state value and state-action value functions are defined as:

Vπ(s) = Eπ

[ ∞∑
t=0

γtrt
∣∣ s0 = s

]
(3.2)

Qπ(s, a) = Eπ

[ ∞∑
t=0

γtrt
∣∣ s0 = s, a0 = a

]
(3.3)

3.2 Goal-Conditioned Reinforcement Learning

For tasks with explicit goal specifications, we adopt the Universal MDP (UMDP) [72]

formalism, given by the tuple (S,A, p, r, γ,G), where G is the goal space. Each episode

samples g ∼ G; the agent follows a goal-conditioned policy π(a|s, g). The objective is to

maximize:

J(π) = (1− γ)−1Es∼dπ , a∼π(a|s,g), g∼G [r(s, a, g)] (3.4)

where dπ(s) is the discounted stationary state distribution under π. In sparse reward

settings, agents are frequently rewarded by proximity to the goal, e.g.,

r(s, a, g) = 1{∥s′−g∥2≤ϵ} (3.5)

where s′ is the next state and ϵ is a proximity threshold.
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3.3 Hierarchical Reinforcement Learning (HRL)

To address long-horizon and compositional tasks, we formalize a goal-conditioned, bi-level

hierarchical RL framework.

3.3.1 Hierarchical Policy Decomposition

• Higher-Level Policy: πH : S × G → ∆(G) proposes subgoals gt ∈ G ⊆ S every k

timesteps based on state st and final goal g∗.

• Lower-Level Policy: πL : S × G → ∆(A) generates primitive actions to achieve

the subgoal gt within k timesteps.

3.3.2 Execution Protocol

Figure 3.1: Execution Protocol.

At each timestep t:

• If t mod k = 0, the higher-level policy selects gt ∼ πH(·|st, g∗)

• Otherwise, subgoal remains fixed: gt = gk·⌊t/k⌋

• The lower-level policy selects at ∼ πL(·|st, gt)

• System transitions: st+1 ∼ p(·|st, at)
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3.3.3 Reward Structure and Buffers

• Lower-Level Reward:

rLt = 1{∥st+1−gt∥2≤ϵL} − 1

• Higher-Level Reward:

rHt = 1{∥st+1−g∗∥2≤ϵH} − 1

• Experience Storage:

– Lower level: (st, gt, at, r
L
t , st+1)

– Higher level: (st, g
∗, gt,

∑t+k−1
i=t rHi , st+k) (updated every k steps)

3.3.4 Key Challenges in HRL

1. Non-Stationarity: As the lower-level policy π
(m)
L evolves over the course of training

(with m indexing training iteration), the conditional distribution over next states st+k

after executing a fixed high-level subgoal gt changes:

p(m)
gt (st+k | st) = Pr

(
st+k | st, gt, π

(m)
L

)
.

Accordingly, the cumulative high-level reward over the k-step interval,

r
H(m)
t = rH(st, g

⋆, gt;π
(m)
L ),

becomes non-stationary, as it depends on the continually adapting lower-level behavior.

This drift invalidates older transitions stored in the higher-level replay buffer, undermining

the stability and effectiveness of off-policy learning for the higher-level policy πH and

substantially impeding convergence.



Problem Definitions 28

pH(st+k|st, gt;πL) ̸= pH(st+k|st, gt;πL
′
) (3.6)

Since higher-level transitions depend on a sequence of lower-level actions, stability is dif-

ficult when πL is not stationary.

2. Infeasible Subgoal Generation. The higher-level policy may propose subgoals that

the current lower-level policy cannot achieve within k timesteps, causing poor higher-level

learning and insufficient exploration.

3. Coordination. Effective HRL hinges on balanced decomposition between levels to

avoid degenerate solutions (e.g., trivial or irrelevant subgoals).

3.4 Preference-Based Reinforcement Learning

When explicit reward engineering is costly or ill-defined, preference-based RL (PbRL)

uses pairwise or groupwise trajectory comparisons, typically provided by humans, as the

learning signal.

3.4.1 Bradley-Terry Model

Given two trajectories τ1, τ2, let r̂ϕ denote a learned reward model. The probability that

τ1 is preferred over τ2 is modeled as:

Pϕ(τ
1 ≻ τ2) =

exp
(∑

t r̂ϕ(s
1
t , a

1
t )
)

exp
(∑

t r̂ϕ(s
1
t , a

1
t )
)
+ exp

(∑
t r̂ϕ(s

2
t , a

2
t )
) (3.7)

3.4.2 RLHF: Reinforcement Learning from Human Feedback

Three main steps:

1. Preference Collection: Gather D = {(τ1, τ2, y)}
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2. Reward Modeling: Train r̂ϕ by maximum likelihood:

L(ϕ) = −E(τ1,τ2,y)∼D

[
y log σ

(∑
t

r̂ϕ(s
1
t , a

1
t )−

∑
t

r̂ϕ(s
2
t , a

2
t )

)]
(3.8)

3. Policy Optimization: Optimize the RL policy w.r.t. the learned reward.

3.4.3 Direct Preference Optimization (DPO)

Instead of learning a reward model, DPO [34] directly optimizes the policy based on

preference data:

LDPO(θ) = −E(τ1,τ2,y)∼D

[
log σ

(
β log

πθ(τ
1)

πref (τ1)
− β log πθ(τ

2)

πref (τ2)

)]
(3.9)

where β is a temperature, πθ is the target policy, and πref is a reference policy.

3.4.3.1 Limitations of directly applying PbL to HRL

Directly using RLHF: Prior approaches may lead to degenerate solutions by generating

infeasible subgoals for the lower-level primitive. Additionally, such approaches require RL

as an intermediate step, which might cause training instability [34].

Directly using DPO: In temporally extended task environments like robotics, directly

extending DPO to the HRL framework is also non-trivial due to three reasons: (i) such

scenarios deal with multi-step trajectories involving stochastic transitions models, (ii)

efficient pre-trained reference policies are typically unavailable in robotics, (iii) similar

to RLHF, such approaches may produce degenerate solutions when the higher level policy

subgoal predictions are infeasible.
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3.5 Language to Rewards (L2R)

Recent research has established methods for translating natural language instructions into

reward signals by leveraging domain-specific reward models [73–75]. Of particular rel-

evance is the L2R framework [76], which utilizes language instructions to parameterize

rewards that serve as the interface between high-level linguistic goals and low-level robotic

actions. In L2R, a specialized reward translator module converts natural language de-

scriptions into reward parameters, which are then optimized—originally using a MuJoCo

model predictive controller (MPC) [77]—in order to accomplish diverse robotic tasks.

In this thesis, we move beyond MPC-based optimization in L2R and employ reinforcement

learning (RL) to jointly optimize both higher- and lower-level policies using the generated

reward parameters.

3.5.1 Limitations of L2R framework

Despite its promise, the original L2R framework has two important limitations:

L1: For complex, long-horizon tasks, relying solely on a single-level policy makes learning

intractable or ineffective.

L2: The reward functions generated can be excessively sparse, impeding progress and

learning of lower-level primitives.

3.6 Problem Statement

The overarching goal of this thesis is to develop robust hierarchical reinforcement learning

methods that:

• Mitigate Non-Stationarity: Address instability caused by evolving lower-level

policies in off-policy HRL
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• Ensure Feasible Subgoal Generation: Prevent higher-level subgoal proposals

that cannot be achieved by the lower-level policy

• Enable Effective Coordination: Balance the cooperation between hierarchical

levels to avoid degenerate behaviors

• Leverage Supervision: Utilize scarce expert demonstrations, preference feedback

or language-guided learning to guide learning

• Scale to Complex Domains: Solve long-horizon, sparse-reward robotic or sequen-

tial tasks in challenging domains

Subsequent chapters address these challenges using demonstration and preference-based

guidance, language-driven reward specification, and improved algorithms for coordination

and stability in HRL.
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Designing Evaluation Frameworks

for Complex Control Tasks
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Chapter 4

Robust Evaluation Frameworks for

Complex Control Tasks

You cannot improve what you do not measure.

– Peter Drucker

To develop efficient and robust algorithms for solving complex, long-horizon tasks, it is

essential to have effective evaluation benchmarks that enable both quantitative and quali-

tative analysis of the proposed approaches and facilitate comparisons with state-of-the-art

baselines. Notably, short-horizon environment tasks require minimal interactions with the

environment and can often be addressed using flat (single-level) approaches. However, as

demonstrated later in this thesis, complex tasks that necessitate long-term interactions

with the environment introduce significant challenges, such as credit assignment and ex-

ploration, thereby rendering single-level approaches ineffective. In contrast, hierarchical

approaches leverage temporal abstraction and improved exploration [6], and are thus bet-

ter suited to solving such complex, long-horizon tasks. Also, in this thesis, we focus on

sparse reward environments, where the agents are rewarded only when achieving the final

objective. Such sparse environments require complex long term planning, and are therefore

ideal test-beds for evaluating long horizon strategies.

34



Robust Evaluation Frameworks for Complex Control Tasks 35

Although prior works propose a number of evaluation environments in robotics scenar-

ios [83–87], most such environments are effectively short horizon environments. Hence,

effective evaluation of hierarchical strategies necessitates the development of complex long

horizon environments. These environments should possess the following key properties:

1. The environments should have long horizons, requiring agents to engage extensively

with the environment to successfully solve the task.

2. The environment tasks should be divisible into shorter subtasks that can be combined

to solve the complete task.

3. The environments should be sparsely rewarded environments.

4. The environments should adhere to the laws of physics and maintain a high degree

of accuracy.

5. The environments should be computationally efficient.

To this end, we first develop six such robotics environments in simulation using Mujoco [88]

simulator, and then develop the corresponding real world robotics environments for effec-

tive simulation to real translation of learnt policies:

1. Randomized Maze Navigation Environment.

2. Pick and Place Environment.

3. Push Environment.

4. Bin Environment.

5. Hollow Environment.

6. Rope Manipulation Environment.

Additionally, we also utilize franka kitchen [89] environment for our evaluations. In prior

work [89], this environment is densely rewarded, and therefore we modify it to handle
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sparsely rewarded tasks. In the next section, we define the tasks and environments in

detail, and provide their relevant implementation details.

4.1 Environments and their implementation details

In this section, we provide the environment and implementation details for all the tasks.

4.1.1 Randomized maze navigation task

In this environment, a 7-DOF robotic arm gripper navigates across random four room

mazes to reach the goal position. In this task, the gripper (whose height is kept fixed at

table height) has to navigate across randomly generated four room mazes (the wall and

gate positions are randomly generated) to achieve final goal. In the pick and place task, the

gripper has to pick a randomly placed square block and bring it to a randomly generated

goal position. The gripper arm is kept closed and fixed at table height, and the positions of

walls and gates are randomly generated. The table is discretized into a rectangular W ∗H

grid, and the vertical and horizontal wall positions WP and HP are randomly picked from

(1,W −2) and (1, H−2) respectively. In the four room environment thus constructed, the

four gate positions are randomly picked from (1,WP − 1), (WP + 1,W − 2), (1, HP − 1)

and (HP + 1, H − 2).

In the maze environment, the state is represented as the vector [dx,M ], where dx is current

gripper position and M is the sparse maze array. The higher level policy input is thus a

concatenated vector [dx,M, g], where g is the target goal position, whereas the lower level

policy input is concatenated vector [dx,M, sg], where sg is the sub-goal provided by the

higher level policy. M is a discrete 2D one-hot vector array, where 1 represents presence

of a wall block, and otherwise. The lower primitive action a is a 4 dimensional vector with

every dimension ai ∈ [0, 1]. The first 3 dimensions provide offsets to be scaled and added

to gripper position for moving it to the intended position. The last dimension provides
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gripper control(0 implies a closed gripper and 1 implies an open gripper). We select 100

randomly generated mazes each for training, testing and validation.

Here is a qualitative visualization of a successful attempt at performing the task:

Figure 4.1: Maze navigation task visualization: The visualization is a successful
attempt at performing maze navigation task.

4.1.2 Pick and place, push, bin and hollow environments

In this section, we explain the environment details for the pick and place, push, bin and

hollow tasks. The robotic pick and place, bin, and hollow environments employ a 7-DOF

robotic arm gripper. In the pick and place task, the gripper has to pick a randomly

placed square block and bring it to a randomly generated goal position. In the push

environment, the gripper must push a square block towards the goal position on the table.

In bin environment, the gripper has to pick up the block and place it in a specific bin

placed on the table. In the hollow task, the gripper has to pick a square hollow block and

place it across a fixed vertical pole on the table such that the block goes through the pole.

The state is represented as the vector [dx, o, q, e], where dx is the current gripper position,

o is the position of the block object placed on the table, q is the relative position of

the block with respect to the gripper, and e consists of linear and angular velocities of

the gripper and the block object. The higher level policy input is thus a concatenated

vector [dx, o, q, e, g], where g is the target goal position. The lower level policy input is

concatenated vector [dx, o, q, e, sg], where sg is the sub-goal provided by the higher level

policy. In our experiments, we keep the sizes of dx, o, q, e to be 3, 3, 3 and 11 respectively.

The lower primitive action a is a 4 dimensional vector with every dimension ai ∈ [0, 1]. The

first 3 dimensions provide gripper position offsets, and the last dimension provides gripper

control. While training, the position of block object and goal are randomly generated
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(block is always initialized on the table, and goal is always above the table at a fixed

height). We select 100 random each for training, testing and validation.

Here is a qualitative visualization of a successful attempt at performing the pick and place

task:

Figure 4.2: Pick and place task visualization: The visualization is a successful
attempt at performing pick and place task.

Here is a qualitative visualization of a successful attempt at performing the push task:

Figure 4.3: Push task visualization: The visualization is a successful attempt at
performing push task.

Here is a qualitative visualization of a successful attempt at performing the bin task:

Figure 4.4: Bin task visualization: The visualization is a successful attempt at
performing bin task.

Here is a qualitative visualization of a successful attempt at performing the hollow task:

Figure 4.5: Hollow task visualization: The visualization is a successful attempt at
performing hollow task.
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4.1.3 Rope Manipulation Environment

The robotic rope environment employ a 7-DOF robotic arm gripper. In rope manipulation

task, a deformable soft rope is kept on the table and the gripper performs pokes on the

rope to nudge it towards the goal rope configuration. The rope manipulation task involves

learning challenging dynamics and goes beyond prior work on navigation-like tasks where

the goal space is limited. The deformable rope is formed from 15 constituent cylinders

joined together. The state space for the rope manipulation environment is a vector formed

by concatenation of the intermediate joint positions. The upper level predicts subgoal sg

for the lower primitive. The action space of the poke is (dx, dy, η), where (x, y) is the

initial position of the poke, and η is the angle describing the direction of the poke. We

fix the poke length to be 0.08. We select 100 randomly generated initial and final rope

configurations each for training, testing and validation.

Here is a qualitative visualization of a successful attempt at performing the task:

Figure 4.6: Rope manipulation task visualization: The visualization is a successful
attempt at performing rope manipulation task.

4.1.4 Franka kitchen Environment

The franka kitchen environment employs a 9-DoF franka robot gripper. We leverage the

D4RL benchmark[90] for this environment, and modify the environment as a sparsely

rewarded environment for multiple tasks. As an example, the franka robot has to perform

a complex multi-stage task in order to achieve the final goal: the gripper has to first open

the microwave door, and then switch on the specific gas knob where the kettle is placed.

Here is a qualitative visualization of a successful attempt at performing the task:
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Figure 4.7: Franka kitchen task visualization: The visualization is a successful
attempt at performing kitchen task.

In chapters 5 and 6, we leverage expert demonstrations for developing efficient hierarchical

strategies and for solving complex long horizon tasks. Such demonstrations are near-

optimal or user-required ways of solving the task, and are generated by either employing

an expert human demonstrator or hard-coded demonstrator. We generate such expert

demonstrations for the environments, and now provide the details of expert demonstrations

generation.

4.2 Generating expert demonstrations

We explain the procedure for generating expert demonstrations as follows:

4.2.1 Maze navigation Environment

We use the path planning RRT algorithm to generate optimal paths P = (pt, pt+1, pt+2, ...pn)

from the initial state to the goal state. Using these expert paths, we generate state-action

expert demonstration dataset for the lower level policy, which is later used to generate

subgoal transition dataset. Since the procedure is automated using RRT algorithm, we

can generate expert demonstrations without the expert.

4.2.2 Pick and place and Push Environment

For generating expert demonstrations, we initially used a human agent in virtual reality

based Mujoco simulation to generate demonstrations. We later found that hard coding
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a control policy also works reasonably well in this environment. Hence, we used a hard-

coded policy to generate the expert demonstrations. In this task, the robot firstly picks

up the block using robotic gripper, and then takes it to the target goal position.

4.2.3 Bin Environment

In this environment, we used a hard-coded policy to generate the expert demonstrations.

In this task, the robot firstly picks up the block using robotic gripper, and then places it in

the target bin. Using these expert trajectories, we generate expert demonstration dataset

for the lower level policy.

4.2.4 Hollow Environment

In this environment, we used a hard-coded policy to generate the expert demonstrations.

In this task, the robotic gripper has to pick up the square hollow block and place it such

that a vertical structure on the table goes through the hollow block.

4.2.5 Rope Manipulation Environment

We hand coded an expert policy to automatically generate expert demonstrations e =

(se0, s
e
1, . . . , s

e
T−1), where s

e
i are demonstration states. The states sei here are rope configu-

ration vectors. The expert policy is explained below.

Let the starting and goal rope configurations be sc and gc. We find the cylinder position

pair (scm, gcm) where m ∈ [1, n], such that scm and gcm are farthest from each other

among all other cylinder pairs. Then, we perform a poke (x, y, θ) to drag scm towards

gcm. The (x, y) position of the poke is kept close to scm, and poke direction θ is the

direction from scm towards gcm. After the poke execution, the next pair of farthest

cylinder pair is again selected and another poke is executed. This is repeatedly done for

k pokes, until either the rope configuration sc comes within δ distance of goal gc, or we

reach maximum episode horizon T . Although, this policy is not the perfect policy for goal
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based rope manipulation, but it still is a good expert policy for collecting demonstrations

D. Moreover, as our method requires states and not primitive actions (pokes), we can use

these demonstrations D to collect good higher level subgoal dataset Dg using primitive

parsing.

4.2.6 Kitchen Environment

In this environment, we used the expert demonstrations provided in D4RL dataset [90].

We use directed demonstrations from this dataset to solve the multi-stage task in this

environment.

4.3 Real World Experiments

To evaluate whether the learned policies can be deployed in real-world robotic tasks, we

implement pick-and-place, bin, and rope manipulation tasks using a Dobot Magician robot

(Fig 4.8). This robot, being a relatively affordable robotic manipulator, was intentionally

chosen to demonstrate that the proposed approaches can be effectively deployed on a

simple setup for robotic navigation and manipulation tasks. We perform experiments on

real pick and place, bin and rope manipulation tasks. We use Realsense D435 depth camera

to extract the robotic arm position, block, bin, and rope cylinder positions. Computing

accurate linear and angular velocities is hard in real tasks, so we assign them small hard-

coded values, which shows good performance.
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Figure 4.8: Real world tasks This figure depicts the three real world environments in
our experiments: (a) Pick and Place (Col 1), (b) Bin (Col 2), and (c) Rope manipulation
task (Col 3). In pick and place, the robotic gripper has to pick the block and bring it to
goal position. In bin task, the gripper has to pick the block and place it in the bin. In
kitchen task, the gripper has to poke to deformable rope, and align it to the goal rope
configuration. Row 1 depicts initial state and Row 2 depicts final goal configurations.
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Chapter 5

CRISP: Curriculum-inducing

Primitive Informed Subgoal

Prediction

We learn by climbing from the simple to the complex.

– Anonymous

1 Reinforcement learning (RL) algorithms have made significant progress in solving con-

tinuous control tasks like performing robotic arm manipulation [91, 92] and learning dex-

terous manipulation [93]. However, the success of RL algorithms on long horizon con-

tinuous tasks has been limited by issues like long term credit assignment and inefficient

exploration [6, 94], especially in sparse reward scenarios [95]. Hierarchical reinforcement

learning (HRL) [12, 96, 97] promises the benefits of temporal abstraction and efficient

exploration [6] for solving tasks that require long term planning. In goal-conditioned hi-

erarchical framework, the high-level policy predicts subgoals for lower primitive, which in

1This chapter is based on the paper in submission at AAAI 2026 [82].

45
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turn performs primitive actions directly on the environment [65–67]. However, simulta-

neously learning multi-level policies is challenging in practice due to non-stationary lower

primitive behavior.

Prior works have leveraged expert demonstrations to bootstrap learning [93, 98, 99]. Some

approaches rely on leveraging expert demonstrations to generate subgoals and subquently

bootstrapping multi-level hierarchical RL policies using behavior cloning [100]. In such

approaches, generating an efficient subgoal transition dataset is crucial. Ideally, good sub-

goals should properly balance the task split between various hierarchical levels. Previous

works like fixed parsing based approaches [100] may generate subgoals that are either too

hard or too easy for the lower primitive, which leads to degenerate solutions. In this

work, we propose an adaptive parsing technique to leverage expert demonstrations, that

considers the current goal achieving ability of lower primitive when generating subgoals.

CRISP predicts progressively harder subgoals to continuously evolving lower primitive,

such that (i) the subgoals are always achievable by current lower primitive, (ii) the task

split is balanced between hierarchical levels, and (iii) the policy eventually achieves the

final goal. We employ these ideas and propose curriculum inducing primitive informed sub-

goal prediction (CRISP), a generally applicable HRL approach that introduces hierarchical

curriculum learning to deal with non-stationarity.

Our approach is inspired from curriculum learning [101–108], where agent learns to solve

the final task by solving increasing harder tasks. CRISP parses a handful of expert demon-

strations using our novel subgoal relabeling approach: primitive informed parsing (PIP).

In PIP, the current lower primitive is used to periodically perform data relabeling on expert

demonstrations to generate efficient subgoal supervision for higher level policy. Notably,

using the lower primitive to perform data relabeling effectively eliminates any explicit

labeling or demonstration segmentation by an expert. The subgoal transition dataset

generated by PIP is leveraged by higher policy using an additional inverse reinforcement

learning (IRL) regularization objective, thus enabling curriculum based regularization. We

devise an IRL regularizer [109–111] that constrains state marginal of learned policy to be

close to that of expert demonstrations.
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Figure 5.1: PIP Overview: PIP segments expert demonstrations by consecutively
passing demonstration states as subgoals (si: for i = 0 to 6). If the lower primitive is
unable to achieve state i in c timesteps (here i = 4), si−1 (here s3) is selected as subgoal
for initial state s0, since si−1 was the last reachable subgoal. The process is repeated with

si−1 (here s3) as next initial state.

We perform experiments on complex maze navigation, pick and place, bin, hollow, rope

manipulation and franka kitchen tasks, and empirically verify that CRISP improves sample

efficiency and demonstrates impressive performance. We also perform real world experi-

ments in robotic pick and place, bin and rope manipulation environments in Section 9.2,

where CRISP shows impressive results. Please refer to Figure 5.1 for PIP overview and

Figure 5.2 for subgoal curriculum generation. The main contributions of CRISP are as

follows:

• CRISP proposes a novel primitive informed relabeling based approach to generate

efficient subgoals, by employing the current lower primitive.

• Using IRL regularization, CRISP generates a curriculum of achievable subgoals for

the lower primitive, thereby mitigating the non-stationarity issue in HRL.

• We empirically demonstrate that CRISP shows impressive performance in sparse

robotic navigation and manipulation tasks, significantly outperforming the baselines.
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Figure 5.2: Subgoal curriculum: This figure depicts the progression of CRISP subgoal
generation with training phases (Row 1: initial training, Row 2: mid training, Row 3:
end training) in maze navigation (Col 1), pick and place (Col 2), bin (Col 3), hollow
(Col 4), rope manipulation (Col 5) and kitchen environment (Col 6), (walls: yellow, final
goal: red, subgoals: blue). CRISP produces a curriculum of reachable subgoals for lower

primitive.

• We evaluate CRISP on various real world robotic tasks and show that CRISP exhibits

impressive performance.

5.1 Curriculum-Inducing Subgoal Prediction

We consider Universal Markov Decision Process (UMDP) [112] setting, where Markov

Decision processes (MDP) are augmented with the goal space G. UMDPs are represented

as a 6-tuple (S,A, P,R, γ,G), where S is the state space, A is the action space, P (s
′ |s, a) =

P(st+1 = s
′ |st = s, at = a) is the transition function that describes the probability of

reaching state s
′
, when the agent takes action a in the current state s. The reward

function R generates rewards r at every timestep. γ is the discount factor, and G is the

goal space. In the UMDP setting, a fixed goal g is selected for an episode, and π(a|s, g)

denotes the goal-conditioned policy. The discounted future state distribution is represented

as dπ(s) = (1 − γ)
∑T

t=0 γ
tP (st = s|π), and the c-step future state distribution for policy

π is represented as dπc (s) = (1 − γc)
∑T

t=0 γ
tcP (stc = s|π). The overall objective is to
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learn policy π(a|s, g) which maximizes the expected future discounted reward objective

J = (1− γ)−1Es∼dπ ,a∼π(a|s,g),g∼G [r(st, at, g)]

Let s be the current state and g be the final goal for the current episode. In our goal-

conditioned hierarchical RL setup, the overall policy π is divided into multi-level policies.

The higher level policy πH(sg|s, g) predicts subgoals [96] sg for the lower level primitive

πL(a|s, sg), which in turn executes primitive actions a directly on the environment. The

lower primitive πL tries to achieve subgoal sg within c timesteps, by maximizing intrinsic

rewards rin provided by the higher level policy. The higher level policy πH gets extrinsic

reward rex from the environment, and predicts the next subgoal sg for the lower primitive.

The process is continued until either the final goal g is achieved, or the episode terminates.

We consider sparse reward setting where the lower primitive is sparsely rewarded intrinsic

reward 0 if the agent reaches within δL distance of the predicted subgoal sg and −1

otherwise: rin = −1(∥st − sg∥2 > δL), and the higher level policy is sparsely rewarded

extrinsic reward 0 if the achieved goal is within δH distance of the final goal g, and −1

otherwise: rex = −1(∥st − g∥2 > δH). The expert demonstrations are represented as

D = {ei}Ni=1, where e
i = (se0, s

e
1, . . . , s

e
T−1).

We first explain our primitive informed parsing scheme (PIP) for selecting efficient subgoals

according to the current lower primitive, and then explain our hierarchical curriculum

learning based approach that mitigates non-stationarity in HRL. PIP periodically performs

data relabeling on expert demonstrations to populates subgoal transition datasetDg, which

is used subsequently in IRL based regularization objective.

5.1.1 Primitive Informed Parsing: PIP

Primitive informed parsing approach (PIP) uses the current lower primitive πL to parse

expert state demonstrations dataset D. An overview of the method is depicted in Fig-

ure 5.1. We explain how PIP adaptively parses expert demonstration trajectories from

D to generate subgoal transition dataset Dg. We start with current lower primitive πL

and an expert state demonstration trajectory e = (se0, s
e
1, . . . , s

e
T−1). The environment is
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reset to initial state se0. Starting at i = 1 to T − 1, we incrementally provide states sei as

subgoals to lower primitive πL. πL tries to achieve sei within c timesteps from the initial

state. If πL achieves the subgoal sei within c timesteps, we provide sei+1 as the next sub-

goal. Conversely, if πL fails to achieve the subgoal sei from the initial state, we add sei−1

to the list of subgoals. Intuitively, since sei−1 was the last subgoal achieved by lower-level

primitive, it is a good candidate for the next subgoal from initial state. Once we add sei−1

to the list of subgoals, we continue the process after setting sei−1 as the new initial state,

until we reach the end of e. This subgoal transition sequence De
g is subsequently added to

Dg. The PIP pseudocode is given in Algorithm 1.

Notably, PIP assumes ability to reset the environment to any state in D. Although this

seems impracticable in real world robotic scenarios, this becomes feasible in our setup

since we first learn good policies in simulation, and then deploy them in real world robotic

scenarios. The underlying assumption is that with enough training in simulation, the

policy becomes general enough to perform well in real world tasks. We perform extensive

experiments to support this claim in Section 5.2 and discuss various ways to relax this

assumption in Section 5.4.

Algorithm 1 PIP: Primitive Informed Parsing

Initialize Dg = {}
(final goal) sf = g
for each trajectory e = (se0, s

e
1, ., s

e
T−1) in D do

(initial state) sin ← se0
Initialize list of subgoals De

g = {}
for i = 1 to T − 1 do

Reset to initial state sin
Pass sei as the current goal to πL
if sei is not achieved by πL in c time-steps then

Add (sin, s
e
i−1, sf ) to D

e
g

sin ← sei−1

Dg ← Dg ∪De
g
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5.1.2 Inverse RL regularization

Here, we explain CRISP uses Dg, the subgoal transition dataset generated using PIP

to learn an IRL regularizer, which regularizes the higher level policy into predicting a

curriculum of achievable goals for the lower primitive. We devise IRL objective as a

GAIL [111] like objective implemented using LSGAN [113]. Let (se, seg, s
e
next) ∼ Dg be

higher level subgoal transition from an expert trajectory where se is current state, senext is

next state, ge is final goal and seg is subgoal supervision. Let sg be the subgoal predicted

by the high level policy πHθH (·|s
e, ge) with parameters θH , and DH

ϵH
be the higher level

discriminator with parameters ϵH . JH
D represents upper level IRL objective, which depends

on parameters (θH , ϵH). We bootstrap the learning of higher level policy by optimizing:

max
θH

min
ϵH

JH
D (θH , ϵH) = max

θH
min
ϵH

1

2
E(se,seg ,·)∼Dg

[DH
ϵH
(seg)− 1]2

+
1

2
E(se,·,·)∼Dg ,sg∼πH

θH
(·|se,ge)[D

H
ϵH
(πHθH (·|s

e, ge))− 0]2.

(5.1)

This objective forces the higher policy subgoal predictions to be close to subgoal predictions

of the dataset Dg. The discriminator DH
ϵH

creates a natural curriculum for regularizing

higher level policy by assigning the value 1 to the predicted subgoals that are closer to the

subgoals from dataset Dg, and 0 otherwise. DH
ϵH

improves with training, and regularizes

the higher policy to predict achievable subgoals for the lower primitive.

Similarly for lower level primitive, let (sf , af , sfnext) ∼ DL
g be lower level expert transition

where sf is current state, sfnext is next state, gf is final goal, a is the primitive action

predicted by lower policy πLθL(·|s
f , seg) with parameters θL, and DL

ϵL
be the lower level

discriminator with parameters ϵL. Let JL
D represent lower level IRL objective, which

depends on parameters (θL, ϵL). The lower level IRL objective is thus:

max
θL

min
ϵL

JL
D(θL, ϵL) = max

θL
min
ϵL

1

2
E(sf ,af ,·)∼DL

g
[DL

ϵL
(af )− 1]2

+
1

2
E(sf ,·,·)∼DL

g ,a∼πL
θL

(·|sf ,seg)[D
L
ϵL
(πLθL(·|s

f , seg))− 0]2.

(5.2)
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5.1.3 Joint optimization

Finally, the higher level policy is trained to produce subgoals, which when fed into the

lower level primitive, maximize the sum of future discounted rewards for our task using

off-policy reinforcement learning. Here T is the task horizon and g is the sampled goal for

the current episode. For brevity, we can refer to this objective function as JH
θH

and JL
θL

for upper and lower level policies. We use the IRL objective to regularize the high level

off-policy RL objective:

max
θH

(JH
θH

+ ψ ∗ (min
ϵH

JH
D (θH , ϵH))), (5.3)

whereas the lower level primitive is trained by optimizing:

max
θL

(JL
θL

+ ψ ∗ (min
ϵL

JL
D(θL, ϵL))). (5.4)

The lower policy is regularized using expert demonstration dataset, and the upper level

is optimized using subgoal transition dataset populated using PIP. ψ is the regularization

weight for the IRL objective. When ψ = 0, the method reduces to HRL policy with no

higher level policy regularization, and large values of ψ may lead to overfitting to the

expert demonstrations. Refer to Algorithm 2 for CRISP algorithm.

Algorithm 2 CRISP

Require: D (expert demonstrations)
p (population hyperparameter)
Initialize higher level subgoal transition dataset Dg = {}
for epoch i = 1 . . . N do

if i%p == 0 then
Clear Dg

Populate Dg by relabeling D using PIP

for j = 1 to T − 1 do
Collect experience using πH and πL

Update lower policy via RL and IRL (Eq 6.8)
Sample transitions from Dg

Update higher policy via RL and IRL (Eq 6.7)
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5.2 Experiments

In this section, we perform experimental analysis to answer the following questions:

1. Does the adaptive relabeling approach CRISP outperform fixed window parsing

based approach?

2. How effectively does CRISP improve sample efficiency and stabilize HRL training

compared to other baselines?

3. Is CRISP able to mitigate non-stationarity, thereby stabilizing HRL training?

4. Does the integration of IRL regularization contribute to generating a curriculum of

achievable subgoals?

5. How well does CRISP perform when deployed in real-world robotic environments?

6. What are the qualitative insights into CRISP’s efficacy over baselines?

7. What is the individual impact of each design component within CRISP?

Environment and Implementation details We perform experiments on six complex

robotic environments with continuous state and action spaces that require long term plan-

ning: (i) maze navigation, (ii) pick and place, (iii) bin, (iv) hollow, (v) rope manipulation,

and (vi) franka kitchen. We use the off-policy Soft Actor Critic [114] as RL algorithm with

Adam [115] optimizer.

5.2.1 Additional hyper-parameters

Here, we enlist the additional hyper-parameters used in CRISP:
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Hyperparameter Value Description

activation tanh Activation for hierarchical policies

layers 3 Number of layers in the critic/actor net-

works

hidden 512 Number of neurons in each hidden layer

Q lr 0.001 Critic learning rate

pi lr 0.001 Actor learning rate

buffer size int(1E7) Size of experience replay buffer

tau 0.8 Polyak averaging coefficient

clip obs 200 Clip observation

n cycles 1 Number of cycles per epoch

n batches 10 Training batches per cycle

batch size 1024 Batch size hyper-parameter

random eps 0.2 Percentage of time a random action is

taken

alpha 0.05 Weightage parameter for SAC

noise eps 0.05 Std of Gaussian noise added to not-

completely-random actions

norm eps 0.01 Epsilon used for observation normaliza-

tion

norm clip 5 Normalized observations are cropped to

this value

adam beta1 0.9 Beta 1 for Adam optimizer

adam beta2 0.999 Beta 2 for Adam optimizer

Table 5.1: Hyperparameters for the model setup.
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5.2.2 Environment and Implementation details

We collect 28 expert demonstrations in kitchen and 100 demonstrations in all other tasks.

For collecting expert demonstrations, we use RRT based trajectories in maze task, Mujoco

VR based direction in pick and place, bin and hollow tasks, poking based expert controller

in rope task, and D4RL expert data in kitchen task.

5.2.3 RAPS baseline setup

The hand designed action primitives from RAPS are designed as follows: (i) in maze

navigation, the lower level primitive travels in a straight line directly towards the subgoal

predicted by higher level policy, (ii) in pick and place, bin and hollow tasks, we hand-

designed three primitives: gripper-reach (where the gripper has to reach the goal position,

gripper-open (where the robotic arm has to open the gripper) and gripper-close (where

the robotic arm has to close the gripper). In kitchen environment, we use the action

primitives implemented in RAPS. Since it is hard to design the action primitives in rope

environment, we do not evaluate RAPS in the rope environment. We use off-policy Soft

Actor Critic [114] as RL algorithm with Adam [115] optimizer. Unless otherwise stated, we

keep the training conditions consistent across all baselines to ascertain fair comparisons,

and empirically tune the hyper-parameter values of our method and all other baselines.

Sparse Reward and Goal-Conditioning Complexity. While some tasks may ap-

pear simple, all evaluation environments employ sparse rewards, where the agent has to

extensively explore the environment before coming across any rewards, thus significantly

increasing task complexity. For example, the Franka Kitchen task only rewards completion

of the last subtask (opening the microwave and turning on the gas knob). Additionally, we

consider goal-conditioned RL setting, where the final goals are randomly generated, which

also increases the task complexity. These design choices elevate task complexity and high-

light the advantages of learning efficient hierarchical policies with curriculum generation,

as naive or flat baseline methods struggle to make progress.
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Evaluating two CRISP regularizers: Along with our RL objective, We evaluate

CRISP using two imitation learning regularizers: IRL regularization (CRISP-IRL) and

BC regularization (CRISP-BC). Evaluating both BC and IRL variants offers complemen-

tary insights due to their fundamentally different approaches to imitation learning (IL).

BC directly learns a mapping from states to expert actions, making it sample-efficient and

effective when demonstrations are abundant, high-quality, and cover the relevant state

distribution. However, BC is prone to compounding errors and struggles with distribu-

tional shift, which can degrade performance in complex or noisy environments. IRL, in

contrast, infers the underlying reward function guiding the expert’s behavior, enabling

the agent to generalize beyond demonstrations by optimizing policies that reflect the ex-

pert’s intent—even in unseen states. This often leads to better robustness and the ability

to surpass imperfect experts but can require more complex training. By separately im-

plementing both IRL and BC variants, we gain a clearer understanding of their relative

strengths and weaknesses across different tasks, and also renders insights into which IL

approach is better suited for specific robotic control tasks.

Figure 5.4, we depict the success rate performance of CRISP and compare it with other

baselines. The results are averaged over 5 randomly selected seeds. Unless otherwise

stated, we keep the training conditions consistent across all baselines to ascertain fair

comparisons, and empirically tune the hyper-parameter values of our method and all other

baselines.

1. Does our adaptive relabeling based approach CRISP outperform fixed win-

dow parsing based approaches?

In Figure 5.4, we compare CRISP with RPL (Relay Policy Learning) [100], to demon-

strate the efficacy of adaptive relabeling compared to fixed window based relabeling. RPL

first uses supervised pre-training from undirected demonstrations, and then fine-tunes the

policy using RL. To ensure fair comparisons, we use a variant of RPL which does not use

this pre-training. Thus, the only difference between CRISP and RPL is that CRISP uses

adaptive relabeling to select subgoals, and RPL uses fixed window based relabeling.
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Figure 5.3: CRISP-RPL ablation This figure depicts comparison between CRISP-
IRL, CRISP-BC, and CRISP-RPL ablation on six sparse robotic environments: Maze
Navigation (a), Pick and Place (b), Bin (c), Hollow (d), Rope Manipulation (e), and

Franka Kitchen environment (f).

As illustrated in Figure 5.4, CRISP consistently outperforms RPL across all evaluated

tasks, highlighting the effectiveness of adaptive relabeling over fixed window-based ap-

proaches. While both methods leverage a combination of reinforcement learning and

imitation learning, their key difference is in how subgoals are assigned. CRISP’s adap-

tive relabeling dynamically selects subgoals that are achievable by the current lower-level

primitive, thus automatically adjusting the subgoal difficulty without the need for manual

tuning.

This adaptability proves especially valuable when perturbations or random exploration

cause the agent to deviate from the demonstration trajectory. In such cases, CRISP’s

high-level policy responds by generating future subgoals that steer the primitive back

toward success, enabling recovery from off-manifold states where RPL typically fails. For

example, in rope manipulation experiments, agents using fixed window relabeling often

become stuck after a poor poke, unable to recover. In contrast, CRISP promptly proposes
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Figure 5.4: Success rate comparison This figure compares the success rate perfor-
mances on six sparse robotic environments: Maze Navigation (a), Pick and Place (b), Bin
(c), Hollow (d), Rope Manipulation (e), and Franka Kitchen environment (f). The solid
line represents the mean and shaded region represents the range of success rates across
5 seeds. We compare our approaches CRISP-IRL and CRISP-BC against multiple base-
lines: RPL (Relay Policy learning [100]), HAC (Hierarchical Actor Critic [67], RAPS [116],
HIER-NEG (HRL implementation using SAC where higher policy is negatively rewarded
when lower primitive fails to achieve the predicted subgoal), HIER (HRL implementation
using SAC), DAC [110], and FLAT (Single-level RL policy using SAC). As seen from the
plots, CRISP shows impressive performance and significantly outperforms the baselines.

a reachable intermediate rope configuration, allowing the agent to proceed and ultimately

succeed.

We also elucidate the importance of adaptive relabeling by considering a variant of CRISP

with the subgoal dataset collected using fixed window based relabeling. We compare this

variant (CRISP-RPL) with our approach in Figure 5.5. CRISP consistently outperforms

this baseline, showing that adaptive relabeling is crucial for improved performance.

2. Does CRISP improve sample efficiency and stabilize HRL training compared

to other baselines?

We evaluate CRISP against a broad spectrum of hierarchical and non-hierarchical baselines

to assess its impact on sample efficiency and stability during training. The Hierarchical
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Figure 5.5: CRISP-RPL ablation This figure depicts comparison between CRISP-
IRL, CRISP-BC, and CRISP-RPL ablation on six sparse robotic environments: Maze
Navigation (a), Pick and Place (b), Bin (c), Hollow (d), Rope Manipulation (e), and

Franka Kitchen environment (f).

Actor Critic (HAC) [67] is a hierarchical approach to generate subgoals by assuming the

lower-level policy is optimal. Although this mitigates non-stationarity, this assumption

does not hold in practice when the hierarchical levels are learned simultaneously, which

may produce sub-optimal subgoals. As illustrated in Figure 5.4, although HAC achieves

competitive performance on simpler maze navigation task, it struggles in harder tasks.

In contrast, CRISP’s adaptive subgoal relabeling dynamically aligns the subgoal difficulty

with the evolving capabilities of the lower-level policy, enabling more stable hierarchical

training, achievable subgoal generation and leading to superior sample efficiency and higher

success rates across tasks.

In recent works like RAPS [116], hand-designed action primitives are used to predict

primitive actions. In such scenarios, the goal of the upper level is to pick the optimal

sequence of action primitives for solving the task. However, such approaches require

considerable effort in hand designing such primitives. Except maze navigation task, RAPS
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is unable to perform well in other environments. We believe that this is because in such

navigation tasks, the task of the higher level is reduced to predicting the correct direction

for the agent to move. However, in other tasks, predicting the primitives for lower primitive

is hard. Notably, we re-implemented the environments to be sparsely rewarded, which

accounts for poor performance of RAPS. In contrast, CRISP shows impressive results and

is able to outperform RAPS in these complex manipulation tasks, without requiring access

to such domain-specific action primitives. Notably, we do not evaluate RAPS in rope task

for this work, since designing the RAPS action primitives is hard in this environment.

We also compare our approach with two other hierarchical baselines: HIER and HIER-

NEG, which are hierarchical off-policy SAC based baselines that do not leverage expert

demonstrations. In HIER-NEG, the higher level policy is negatively rewarded if the lower

primitive is unable to reach the predicted subgoal. CRISP achieves notably higher perfor-

mance compared to these hierarchical baselines, indicating that improvements stem not

only from hierarchical abstraction but from our novel adaptive relabeling and primitive

regularization, that directly mitigates non-stationarity and enforces subgoal feasibility.

Finally, we compare CRISP against flat baselines, including Discriminator Actor Critic

(DAC), single-level RL (FLAT), and behavior cloning (BC). These baselines fail to re-

liably solve the tasks tested, reinforcing the critical importance of both hierarchical ab-

straction and curriculum-based subgoal adaptation. Thus, our comprehensive evaluation

demonstrates that CRISP significantly improves sample efficiency and stabilizes learning

compared to existing hierarchical and flat baselines.

3. Is CRISP able to mitigate non-stationarity, thereby stabilizing HRL train-

ing?

We illustrate CRISP’s ability to mitigate non-stationarity in HRL in Figure 5.6. To

quantify this, we compare CRISP to the HIER baseline by measuring the average distance

during training between the subgoals issued by the higher-level policy and the actual states
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(a) Maze Navigation (b) Pick and Place (c) Bin

(d) Hollow (e) Rope Manipulation (f) Franka Kitchen

Figure 5.6: Non-stationarity metric comparison This figure compares the average
distance metric between the subgoals predicted by the higher level policy and the states
achieved by the lower level policy during training on six sparse robotic environments:
Maze Navigation (a), Pick and Place (b), Bin (c), Hollow (d), Rope Manipulation (e),
and Franka Kitchen environment (f). As seen in the figure, CRISP consistently produces
efficient subgoals leading to low distances between the predicted and achieved subgoals

throughout the training process. This mitigates non-stationarity in HRL.

reached by the lower-level policy. Lower distance values indicate that the higher-level pol-

icy is generating subgoals that are well-aligned with the capabilities of the lower-level pol-

icy, which leads to more consistent goal achievement and reduces non-stationarity within

the hierarchical learning process. As shown, CRISP consistently produces achievable sub-

goals throughout training, resulting in superior stability and effective non-stationarity

mitigation.

4. Does our PIP based IRL regularization contribute to generating a curricu-

lum of achievable subgoals?

Primitive-Informed Parsing (PIP) and IRL regularization plays a crucial role in gener-

ating a curriculum of subgoals that dynamically adapt to the low-level policy’s evolving
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capabilities. PIP segments expert demonstrations by identifying subgoals that the current

low-level controller can realistically achieve within a given horizon, effectively ensuring

that each subgoal is feasible. Subsequently, IRL regularization regularizes the higher level

policy to predict such achievable subgoals according to the current lower level primitive.

This adaptive parsing leads to an implicit curriculum: early in training, subgoals are sim-

pler and localized, while later stages naturally involve more complex and distant targets

as the primitive improves. This is evident in Figure 5.2, where early in training CRISP

proposes simpler, nearby subgoals (Row 1), and as training advances (Rows 2 and 3), it

progressively generates more challenging and complex subgoals that effectively facilitate

progress towards the final objective.

5. How well does CRISP perform when deployed in real-world robotic envi-

ronments?

In order to analyse whether the learnt policies can be deployed in real world robotic tasks,

we perform experiments on real pick and place, bin and rope manipulation tasks. We

use Realsense D435 depth camera to extract the robotic arm position, block, bin, and

rope cylinder positions. Since accurately computing accurate linear and angular velocities

is hard in real tasks, we assign them small values, which we found to be a reasonable

assumption in practice. We performed 5 sets of experiments with 10 trial each, and report

the average success rates.

In real-robot experiments (Fig. 4.8), the ability to structure the task into feasible subgoals

is essential: both CRISP-IRL and CRISP-BC successfully decompose complex tasks into

reachable stages, leading to notably higher real-world success rates. Further, by ensuring

that subgoals correspond to attainable states, these methods inherently promote safer

operation, as the robot avoids attempting unsafe or unreachable maneuvers. CRISP-IRL

achieves an accuracy of 0.6, 0.6 and 0.1, whereas CRISP-BC achieves accuracy of 0.8, 0.3,

0.2 on pick and place, bin and rope tasks respectively. We also deployed the next best

performing baseline RPL on the three tasks, however since it is unable to generate good

subgoals, the policy gets stuck and it fails to show any progress in the tasks.
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6. What are the qualitative insights into CRISP’s efficacy over baselines?

We provide qualitative insights that clarify how our hierarchical framework distinctly lever-

ages subgoals and hierarchy to outperform competing deep RL approaches. These insights

complement quantitative metrics by illustrating the core mechanisms driving improved

performance.

1. Adaptive Subgoal Curriculum: Unlike baselines that rely on fixed or heuristic

subgoal segmentation, our method dynamically generates subgoals tailored to the

current ability of the low-level policy. Early in training, subgoals are simple and

incrementally spaced, ensuring reachability and enabling steady progress. As the

low-level agent improves, subgoals naturally become more challenging and spaced

further apart, effectively creating an automatic curriculum that guides learning.

This avoids common failure modes of rigid or fixed hierarchies where unreachable

subgoals stall learning.

2. Hierarchical Decomposition: Our high-level policy decomposes complex tasks

into interpretable and achievable sub-tasks, such as “approach object,” “grasp ob-

ject,” and “move to target location.” This explicit decomposition is absent in non-

hierarchical or flat RL baselines that often treat the task monolithically. By breaking

down long-horizon tasks into manageable chunks, our approach not only improves

sample efficiency but also enables smoother and more stable learning trajectories.

3. Mitigation of Non-Stationarity: By periodically re-constructing the subgoal

transition dataset based on the evolving low-level policy performance, our approach

ensures that high-level subgoals remain feasible throughout training. This technique

directly mitigates notorious non-stationarity issues in hierarchical RL, leading to

more stable learning and improved convergence compared to alternative approaches

which issue outdated or infeasible subgoals.

4. Concrete Behavioral Differences from Competing Methods: In tasks such

as robotic rope manipulation, baseline methods often produce abrupt or globally
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misguided actions, failing to make incremental progress. Our method, by contrast,

enables the agent to complete the task through a sequence of reachable intermediate

rope configurations, reflecting an effective hierarchical planner. This results in visibly

smoother and more purposeful agent behavior.

Summary These qualitative characteristics demonstrate that our hierarchical method

addresses fundamental challenges in hierarchical RL—such as non-stationarity and subgoal

feasibility—through a principled and adaptive curriculum. This yields superior, stable

performance and interpretable learning behaviors that competitor methods, relying on

fixed hierarchies or flat policies, do not exhibit.
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Figure 5.7: ψ ablation This figure depicts comparisons for various learning rate ψ
values on six sparse robotic environments: Maze Navigation (a), Pick and Place (b), Bin

(c), Hollow (d), Rope Manipulation (e), and Franka Kitchen environment (f).

7. What is the individual impact of each design component within CRISP?

We also perform ablations to select the (i) learning rate ψ (Figure 5.7), and population

hyperparameter p (Figure 5.8). We empirically found that very large values of p are

unable to generate good curriculum of subgoals. Further, when ψ is too high, the method

might overfit to expert data, whereas if ψ is too small, CRISP is unable to utilize IL

regularization.
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Figure 5.8: p ablation This figure depicts comparisons for various p values on six sparse
robotic environments: Maze Navigation (a), Pick and Place (b), Bin (c), Hollow (d), Rope

Manipulation (e), and Franka Kitchen environment (f).
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Figure 5.9: Number of expert demonstrations ablation This figure depicts abla-
tion experiments of varying number of expert demonstrations versus number of training
epochs on six sparse robotic environments: Maze Navigation (a), Pick and Place (b), Bin

(c), Hollow (d), Rope Manipulation (e), and Franka Kitchen environment (f).

We also perform ablations to deduce the optimal number of expert demos required for

each task (Figure 5.9). If the number of expert demos is too small, the policy may overfit.

Although the number of expert demos are subject to availability, we increase the number

until there is no significant improvement in performance. We also analyse the effect of

varying the quality of expert data, and found direct co-relation quality of expert data and
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Figure 5.10: Window size ablation This figure depicts ablation experiments for the
window size hyper-parameter in RPL on six sparse robotic environments: Maze Naviga-
tion (a), Pick and Place (b), Bin (c), Hollow (d), Rope Manipulation (e), and Franka

Kitchen environment (f).

performance. We empirically choose the best value of window size hyper-parameter k on

RP experiments (Figure 5.10).

5.3 Related Work

Learning from demonstrations Previous approaches [93, 98, 99] that leverage ex-

pert demonstrations to solve complex tasks have demonstrated impressive results. Ex-

pert demonstrations have been used to bootstrap option learning [117–120]. Other ap-

proaches use imitation learning to bootstrap hierarchical approaches in complex task do-

mains [71, 120–122]. Prior work [100] uses fixed window based approach for parsing ex-

pert demonstrations to generate subgoal transition dataset for training higher level policy.

However, such methods might produce sub-optimal subgoals for the lower primitive. In

contrast, our relabeling approach (PIP) segments expert demonstration trajectories into

meaningful subtasks, thus balancing the task-split between hierarchical levels. Addition-

ally, our approach considers the limited goal achieving capability of lower primitive for

subgoal prediction.
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Curriculum Learning Our approach is inspired from curriculum learning [101], where

task difficulty gradually increases in complexity, propelling the policy to achieve incre-

mentally harder subgoals. A genetic curriculum based approach [102] identifies unsolved

scenarios to automatically generate an associated curriculum via adversarial training. AC-

CEL [103] proposes a regret based curriculum approach that keeps a record of previous

scenarios, and selects the ones with highest regret. Prior work generates subgoals while

considering the lower primitive performance, by factoring in the task success rate [104–

106], value function [107, 108], achieved state density [123], and value uncertainty [124].

In contrast, our HRL based approach employs curriculum based learning for dealing with

the issue of non-stationarity, by generating a curriculum of achievable subgoals.

5.4 Discussion

Limitations: Although adaptive relabeling might be an additional overhead in long-

horizon tasks, we empirically found this to be a marginal overhead. Further, we plan to

explore using undirected demonstrations in the future. Also, CRISP assumes the ability to

reset the environment. A possible method for relaxing this assumption is to employ [125]

that learns a backward controller to reset the environment.

Discussion: We introduce CRISP, a general purpose hierarchical curriculum based ap-

proach to deal with non-stationarity in HRL. CRISP parses expert demonstrations using

our PIP approach to produce a curriculum of achievable subgoals for the lower primitive.

We evaluate our method on complex sparsely rewarded robotic navigation and manipula-

tion tasks in simulation, and show that our approach shows impressive performance and

demonstrates substantial gains over baselines. We also show that CRISP demonstrates im-

pressive performance in real world robotic tasks. We believe that hierarchical curriculum

learning is a promising step towards building real world robotic systems.



Chapter 6

PEAR: Primitive Enabled

Adaptive Relabeling for Boosting

Hierarchical Reinforcement

Learning

Example is not the main thing in influencing others. It is the only thing.

– Albert Schweitzer

1 In the previous chapter, we proposed CRISP, which leverages expert demonstrations

to generate efficient supervision for the hierarchical policies. It uses primitive informed

parsing, where we select and relabel subgoals from expert demonstrations by allowing

the lower level to execute for multiple time-steps, and selecting the failure states. This

approach generates impressive results while assuming the ability to reset the environment

to a previous state. However, this reset ability is generally not available for many tasks,

especially when training in realistic scenarios, since apart from computational constraints,

the noise in the physical world makes it almost impossible to exactly reset the environment

1This chapter is based on the paper published previously at ICLR 2025 [78].

68
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PEAR

Figure 6.1: Adaptive Relabeling Overview: We segment expert demonstrations by
consecutively passing demonstration states as subgoals to the lower primitive, and finding
the state where QπL(s, si, ai) < Qthresh (here si = s4). Since s3 was the last reachable
subgoal, it is selected as subgoal for initial state s0. The transition is added to Dg, and

the process continues with s3 as new initial state.

to a previous state. In this work, we leverage the lower level primitive’s Q function to

adaptively relabel the expert demonstrations, thereby generating efficient supervision for

the higher level policies.

The main motivation of this work is to produce a curriculum of feasible subgoals according

to the current goal achieving capability of the lower primitive. Concretely, the value func-

tion of the lower primitive is used to perform adaptive relabeling on expert demonstrations

to dynamically generate a curriculum of achievable subgoals for the lower primitive. This

subgoal dataset is then used to train an imitation learning based regularizer, which is used

to jointly optimize off-policy RL objective with IL regularization. Hence, our approach

ameliorates non-stationarity in HRL by using primitive enabled IL regularization, while

enabling efficient exploration using RL. We call our approach: primitive enabled adaptive

relabeling (PEAR) for boosting HRL.

The major contributions of this work are: (i) our adaptive relabeling based approach
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Figure 6.2: Subgoal evolution: With training, as the lower primitive improves, the
higher level subgoal predictions (blue spheres) become better and harder, while always
being achievable by lower primitive. Row 1 depicts initial training, Row 2 depicts mid-
way through training, and Row 3 depicts end of training in maze navigation (Col 1), pick
and place (Col 2), bin (Col 3), hollow (Col 4), rope manipulation (Col 5) and kitchen en-
vironment (Col 6). This generates a curriculum of achievable subgoals for lower primitive

(red spheres: final goal).

generates efficient higher level subgoal supervision according to the current goal achiev-

ing capability of the lower primitive (Figure 6.2), (ii) we derive sub-optimality bounds

to theoretically justify the benefits of periodic re-population using adaptive relabeling

(Section 6.1.6), (iii) we perform extensive experimentation on sparse robotic tasks: maze

navigation, pick and place, bin, hollow, rope manipulation and franka kitchen to empiri-

cally demonstrate superior performance and sample efficiency of PEAR over prior baselines

(Section 6.2 Figure 6.3), and finally, (iv) we show that PEAR demonstrates impressive

performance in real world tasks: pick and place, bin and rope manipulation (Section 6.2.

6.1 Primitive Enabled Adaptive Relabeling

We define our goal-conditioned off-policy RL setup as follows: Universal Markov Decision

Process (UMDP) [72] is a Markov decision process augmented with the goal space G, where

M = (S,A, P,R, γ,G). Here, S is state space, A is action space, P (s
′ |s, a) is the state

transition probability function, R is reward function, and γ is discount factor. π(a|s, g)
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represents the goal-conditioned policy which predicts the probability of taking action a

when the state is s and goal is g. The overall objective is to maximize expected future

discounted reward distribution: J = (1− γ)−1Es∼dπ ,a∼π(a|s,g),g∼G [r(st, at, g)].

In our goal-conditioned HRL setup, the overall policy π is divided into multi-level policies.

We consider bi-level scheme, where the higher level policy πH(sg|s, g) predicts subgoals

sg for the lower primitive πL(a|s, sg). πH generates subgoals sg after every c timesteps

and πL tries to achieve sg within c timesteps. πH gets sparse extrinsic reward rex from

the environment, whereas πL gets sparse intrinsic reward rin from πH . πL gets rewarded

with reward 0 if the agent reaches within δL distance of the predicted subgoal sg, and −1

otherwise: rin = −1(∥st−sg∥2 > δL). Similarly, πH gets extrinsic reward 0 if the achieved

goal is within δH distance of the final goal g, and −1 otherwise: rex = −1(∥st−g∥2 > δH).

We assume access to a small number of directed expert demonstrations D = {ei}Ni=1, where

ei = (se0, a
e
0, s

e
1, a

e
1 . . . , s

e
T−1, a

e
T−1).

We explain PEAR: Primitive Enabled Adaptive Relabeling for boosting HRL, which lever-

ages a few expert demonstrations D to solve long horizon tasks. We propose a two step

approach: (i) the current lower primitive πL is used to adaptively relabel expert demon-

strations to generate efficient subgoal supervision Dg, and (ii) off-policy RL objective is

jointly optimized with additional imitation learning based regularization objective using

Dg. We also perform theoretical analysis to (i) bound the sub-optimality of our approach,

and (ii) propose a practical generalized based framework for joint optimization using RL

and IL, where typical off-policy RL and IL algorithms can be plugged in to generate various

joint optimization based algorithms.

6.1.1 PEAR

PEAR performs adaptive relabeling on expert demonstration trajectories D to gener-

ate efficient higher level subgoal transition datatset Dg, by employing the current lower

primitive’s action value function QπL(s, sei , ai). In a typical goal-conditioned RL setting,

QπL(s, sei , ai) describes the expected cumulative reward where the start state and subgoal
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are s and sei , and the lower primitive takes action ai while following policy πL. While

parsing D, we consecutively pass the expert demonstrations states sei as subgoals, and

QπL(s, sei , ai) computes the expected cumulative reward when the start state is s, subgoal

is sei and the next primitive action is ai. Intuitively, a high value of QπL(s, sei , ai) implies

that the current lower primitive considers sei to be a good (highly rewarding and achiev-

able) subgoal from current state s, since it expects to achieve a high intrinsic reward for

this subgoal from the higher policy. Hence, QπL(s, sei , ai) considers goal achieving capa-

bility of current lower primitive for populating Dg. We depict a single pass of adaptive

relabeling in Figure 6.1 and explain the procedure in detail below.

6.1.2 Adaptive Relabeling

Consider the demonstration datasetD = {ej}Ni=1, where each trajectory ej = (se0, s
e
1, . . . , s

e
T−1).

Let the initial state be se0. In the adaptive relabeling procedure, we incrementally pro-

vide demonstration states sei for i = 1 to T − 1 as subgoals to lower primitive’s action

value function QπL(se0, s
e
i , ai), where ai = πL(s = sei−1, g = sei ). At every step, we com-

pare QπL(se0, s
e
i , ai) to a threshold Qthresh (Qthresh = 0 works consistently for all exper-

iments). If QπL(se0, s
e
i , ai) >= Qthresh, we move on to next expert demonstration state

sei+1. Otherwise, we consider sei−1 to be a good subgoal (since it was the last subgoal with

QπL(se0, s
e
i−1, ai) >= Qthresh), and use it to compute subgoal transitions for populating

Dg. Subsequently, we repeat the same procedure with sei−1 as the new initial state, until

the episode terminates. This is depicted in Figure 6.1 and Algorithm 3.

6.1.3 Periodic re-population of higher level subgoal dataset

HRL approaches suffer from non-stationarity due to unstable higher level station transition

and reward functions. In off-policy HRL, this occurs since previously collected experience

is rendered obsolete due to continuously changing lower primitive. We propose to mitigate

this non-stationarity by periodically re-populating subgoal transition dataset Dg after

every p timesteps according to the goal achieving capability of the current lower primitive.
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Since the lower primitive continuously improves with training and gets better at achieving

harder subgoals, QπL always picks reachable subgoals of appropriate difficulty, according

to the current lower primitive. This generates a natural curriculum of achievable subgoals

for the lower primitive. Intuitively, Dg always contains achievable subgoals for the current

lower primitive, which mitigates non-stationarity in HRL. The pseudocode for PEAR is given

in Algorithm 4. Figure 6.2 shows the qualitative evolution of subgoals with training in our

experiments.

Algorithm 3 Adaptive Relabeling

1: Initialize Dg = {}
2: // Populating Dg

3: for each e = (se0, s
e
1, . . . , s

e
T−1) in D do

4: Initial state index init← 0
5: Subgoal transitions De

g = {}
6: for i = 1 doT-1
7: // Find QπL values for demo subgoals
8: Compute QπL(seinit, s

e
i , ai)

9: where ai = πL(sei−1, s
e
i )

10: // Find first subgoal s.t. QπL < Qth

11: if QπL(seinit, s
e
i , ai) < Qth then

12: for j = init to i− 1 do
13: for k = (init+ 1) to i− 1 do
14: // Add the transition to De

g

15: Add (sj , si−1, sk) to D
e
g

16: Initial state index init← (i− 1)

17: // Add selected transitions to Dg

18: Dg ← Dg ∪De
g

Algorithm 4 PEAR

1: Initialize Dg = {}
2: for i = 1 doN
3: if i%p == 0 then
4: Clear Dg

5: Populate Dg via adaptive relabeling

6: Collect experience using πH and πL

7: Update lower primitive via SAC and IL

8: regularization with DL
g (Eq 6.6 or Eq 6.8)

9: Sample transitions from Dg

10: Update higher policy via SAC and IL

11: regularization using Dg (Eq 6.5 or Eq 6.7)
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6.1.4 Dealing with out-of-distribution states

Our adaptive relabeling procedure uses QπL(se0, s
e
i , ai) to select efficient subgoals when

the expert state sei is within the training distribution of states used to train the lower

primitive. However, if the expert states are outside the training distribution, QπL might

erroneously over-estimate the values on such states, which might result in poor subgoal

selection. In order to address this over-estimation issue, we employ an additional margin

classification objective[126], where along with the standard QSAC objective, we also use

an additional margin classification objective to yield the following optimization objective

Q̄πL = QSAC+

argmin
QπL

max
πL

(E(se0,·,·)∼Dg ,sei∼πH ,ai∼πL [QπL(se0, s
e
i , ai)]− E(se0,s

e
i ,·)∼Dg ,ai∼πL [QπL(se0, s

e
i , ai)])

This surrogate objective prevents over-estimation of Q̄πL by penalizing states that are

out of the expert state distribution. We found this objective to improve performance and

stabilize learning. In the next section, we explain how we use adaptive relabeling to yield

our joint optimization objective.

6.1.5 Joint optimization

Here, we explain our joint optimization objective that comprises of off-policy RL objective

with IL based regularization, using Dg generated using primitive enabled adaptive rela-

beling. We consider both behavior cloning (BC) and inverse reinforcement learning (IRL)

regularization. Henceforth, PEAR-IRL will represent PEAR with IRL regularization and

PEAR-BC will represent PEAR with BC regularization. We first explain BC regularization

objective, and then explain IRL regularization objectives for both hierarchical levels.

For the BC objective, let (se, seg, s
e
next) ∼ Dg represent a higher level subgoal transition

from Dg where se is current state, senext is next state, ge is final goal and seg is subgoal

supervision. Let sg be the subgoal predicted by the high level policy πHθH (·|s
e, ge) with



PEAR: Primitive Enabled Adaptive Relabeling for Boosting HRL 75

parameters θH . The BC regularization objective for higher level is as follows:

min
θH

JH
BC(θH) = min

θH
E(se,seg ,s

e
next)∼Dg ,sg∼πH

θH
(·|se,ge)||s

e
g − sg||2 (6.1)

Similarly, let (sf , af , sfnext) ∼ DL
g represent lower level expert transition where sf is current

state, sfnext is next state, g
f is goal and a is the primitive action predicted by πLθL(·|s

f , seg)

with parameters θL. The lower level BC regularization objective is as follows:

min
θL

JL
BC(θL) = min

θL
E
(sf ,af ,sfnext)∼DL

g ,a∼πL
θL

(·|sf ,seg)
||af − a||2 (6.2)

We now consider the IRL objective, which is implemented as a GAIL [127] objective im-

plemented using LSGAN [128]. Let DH
ϵ be the higher level discriminator with parameters

ϵH . Let JH
D represent higher level IRL objective, which depends on parameters (θH , ϵH).

The higher level IRL regularization objective is as follows:

max
θH

min
ϵH

JH
D (θH , ϵH) = max

θH
min
ϵH

1

2
E(se,·,·)∼Dg ,sg∼πθH

(·|se,ge)[D
H
ϵH
(πHθH (·|s

e, ge))− 0]2

+
1

2
E(se,seg ,·)∼Dg

[DH
ϵH
(seg)− 1]2

(6.3)

Similarly, for lower level primitive, let DL
ϵL

be the lower level discriminator with parameters

ϵL. Let J
L
D represent lower level IRL objective, which depends on parameters (θL, ϵL). The

lower level IRL regularization objective is as follows:

max
θL

min
ϵL

JL
D(θL, ϵL) = max

θL
min
ϵL

1

2
E(sf ,·,·)∼DL

g ,a∼πL
θL

(·|sf ,seg)[D
L
ϵL
(πLθL(·|s

f , seg))− 0]2

+
1

2
E(sf ,af ,·)∼DL

g
[DL

ϵL
(af )− 1]2

(6.4)

Finally, we describe our joint optimization objective for hierarchical policies. Let the off-

policy RL objective be JH
θH

and JL
θL

for higher and lower policies. The joint optimization
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objectives using BC regularization for higher and lower policies are provided in Equa-

tions 6.5 and 6.6 respectively.

max
θH

(JH
θH
− ψ ∗ JH

BC(θH)) (6.5)

max
θL

(JL
θL
− ψ ∗ JL

BC(θL)) (6.6)

The joint optimization objectives using IRL regularization for higher and lower policies

are provided in Equations 6.7 and 6.8 respectively.

min
ϵH

max
θH

(JH
θH

+ ψ ∗ JH
D (θH , ϵH)) (6.7)

min
ϵL

max
θL

(JL
θL

+ ψ ∗ JL
D(θL, ϵL)) (6.8)

Here, ψ is regularization weight hyper-parameter. We describe ablations to choose ψ in

Section 6.2.

6.1.6 Sub-optimality analysis

In this section, we perform theoretical analysis to (i) derive sub-optimality bounds for

our proposed joint optimization objective and show how our periodic re-population based

approach affects performance, and (ii) propose a generalized framework for joint opti-

mization using RL and IL. Let π∗ and π∗∗ be unknown higher level and lower level optimal

policies. Let πHθH be our high level policy and πLθL be our lower primitive policy, where θH

and θL are trainable parameters. DTV (π1, π2) denotes total variation divergence between

probability distributions π1 and π2. Let κ be an unknown distribution over states and

actions, G be goal space, s be current state, and g be the final episodic goal. We use κ in

the importance sampling ratio later to avoid sampling from the unknown optimal policy

(Appendix 6.1.7). The higher level policy predicts subgoals sg for the lower primitive
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which is executed for c timesteps to yield sub-trajectories τ . Let ΠH
D and ΠL

D be some

unknown higher and lower level probability distributions over policies from which we can

sample policies πHD and πLD. Let us assume that policies πHD and πLD represent the policies

from higher and lower level datasets DH and DL respectively. Although DH and DL may

represent any datasets, in our discussion, we use them to represent higher and lower level

expert demonstration datasets. Firstly, we introduce the ϕD-common definition [129] in

goal-conditioned policies:

Definition 1. π∗ is ϕD-common in ΠH
D , if EπH

D∼ΠH
D

s∼κ
g∼G

[DTV (π
∗(τ |s, g)||πHD (τ |s, g))] ≤ ϕD

Now, we define the suboptimality of policy π with respect to optimal policy π∗ as:

Subopt(θ) = |J(π∗)− J(π)| (6.9)

Theorem 1. Assuming optimal policy π∗ is ϕD common in ΠH
D , the suboptimality of

higher policy πHθH , over c length sub-trajectories τ sampled from dπ
∗

c can be bounded as:

|J(π∗)− J(πHθH )| ≤ λH ∗ ϕD︸ ︷︷ ︸
first term

+λH ∗ Es∼κ,πH
D∼ΠH

D ,g∼G[DTV (π
H
D (τ |s, g)||πHθH (τ |s, g))]︸ ︷︷ ︸

second term

(6.10)

where λH = 2
(1−γ)(1−γc)Rmax∥d

π∗
c
κ ∥∞

Similarly, the suboptimality of lower primitive πLθL can be bounded as:

|J(π∗∗)− J(πLθL)| ≤ λL ∗ ϕD + λL ∗ Es∼κ,πL
D∼ΠL

D,sg∼πH
θH

[DTV (π
L
D(τ |s, sg)||πLθL(τ |s, sg))]

(6.11)

where λL = 2
(1−γ)2

Rmax∥d
π∗∗
c
κ ∥∞

The proofs for Equations 6.10 and 6.11 are provided as follows:
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6.1.7 Proofs for Theorem 1 for higher and lower level policies

Here, we present the proofs for Theorem 1 for higher and lower level policies, which provide

sub-optimality bounds on the optimization objectives.

6.1.7.1 Sub-optimality proof for higher level policy

The sub-optimality of upper policy πHθH , over c length sub-trajectories τ sampled from dπ
∗

c

can be bounded as:

|J(π∗)− J(πHθH )| ≤ λH ∗ ϕD + λH ∗ Es∼κ,πH
D∼ΠH

D ,g∼G[DTV (π
H
D (τ |s, g)||πHθH (τ |s, g))]]

(6.12)

where λH = 2
(1−γ)(1−γc)Rmax∥d

π∗
c
κ ∥∞

Proof. We extend the suboptimality bound from [129] between goal conditioned policies

π∗ and πHθH as follows:

|J(π∗)− J(πHθH )| ≤
2

(1− γ)(1− γc)
RmaxEs∼dπ∗

c ,g∼G[DTV (π
∗(τ |s, g)||πHθH (τ |s, g))] (6.13)

By applying triangle inequality:

DTV (π
∗(τ |s, g)||πHθH (τ |s, g)) ≤ DTV (π

∗(τ |s, g)||πHD (τ |s, g)) +DTV (π
H
D (τ |s, g)||πHθH (τ |s, g))

(6.14)

Taking expectation wrt s ∼ κ, g ∼ G and πHD ∼ ΠH
D ,

Es∼κ,g∼G[DTV (π
∗(τ |s, g)||πHθH (τ |s, g))] ≤ Es∼κ,πH

D∼ΠH
D ,g∼G[DTV (π

∗(τ |s, g)||πHD (τ |s, g))]+

Es∼κ,πH
D∼ΠH

D ,g∼G[DTV (π
H
D (τ |s, g)||πHθH (τ |s, g))]

(6.15)
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Since π∗ is ϕD common in ΠH
D , we can write 6.15 as:

Es∼κ,g∼G[DTV (π
∗(τ |s, g)||πHθH (τ |s, g))] ≤

ϕD + Es∼κ,πH
D∼ΠH

D ,g∼G[DTV (π
H
D (τ |s, g)||πHθH (τ |s, g))]

(6.16)

Substituting the result from align 6.16 in align 6.13, we get

|J(π∗)− J(πHθH )| ≤ λH ∗ ϕD + λH ∗ Es∼κ,πH
D∼ΠH

D ,g∼G[DTV (π
H
D (τ |s, g)||πHθH (τ |s, g))]]

(6.17)

where λH = 2
(1−γ)(1−γc)Rmax∥d

π∗
c
κ ∥∞

6.1.7.2 Sub-optimality proof for lower level policy

Let the optimal lower level policy be π∗∗. The suboptimality of lower primitive πLθL can

be bounded as follows:

|J(π∗∗)− J(πLθL)| ≤ λL ∗ ϕD + λL ∗ Es∼κ,πL
D∼ΠL

D,sg∼πH
θH

[DTV (π
L
D(τ |s, sg)||πLθL(τ |s, sg))]]

(6.18)

where λL = 2
(1−γ)2

Rmax∥d
π∗∗
c
κ ∥∞

Proof. We extend the suboptimality bound from [129] between goal conditioned policies

π∗∗ and πLθL as follows:

|J(π∗∗)− J(πLθL)| ≤
2

(1− γ)2
RmaxEs∼dπ∗∗

c ,sg∼πH
θH

[DTV (π
∗∗(τ |s, sg)||πLθL(τ |s, sg))] (6.19)

By applying triangle inequality:

DTV (π
∗∗(τ |s, sg)||πLθL(τ |s, sg)) ≤ DTV (π

∗∗(τ |s, sg)||πLD(τ |s, sg))+

DTV (π
L
D(τ |s, sg)||πLθL(τ |s, sg))

(6.20)
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Taking expectation wrt s ∼ κ, sg ∼ πHθH and πLD ∼ ΠL
D,

Es∼κ,sg∼πH
θH

[DTV (π
∗∗(τ |s, sg)||πLθL(τ |s, sg))] ≤

Es∼κ,πL
D∼ΠL

D,sg∼πH
θH

[DTV (π
∗∗(τ |s, sg)||πLD(τ |s, sg))]+

Es∼κ,πL
D∼ΠL

D,sg∼πH
θH

[DTV (π
L
D(τ |s, sg)||πLθL(τ |s, sg))]

(6.21)

Since π∗∗ is ϕD common in ΠL
D, we can write 6.21 as:

Es∼κ,sg∼πH
θH

[DTV (π
∗∗(τ |s, sg)||πLθL(τ |s, sg))] ≤

ϕD + Es∼κ,πL
D∼ΠL

D,sg∼πH
θH

[DTV (π
L
D(τ |s, sg)||πLθL(τ |s, sg))]

(6.22)

Substituting the result from align 6.22 in align 6.19, we get

|J(π∗∗)− J(πLθL)| ≤ λL ∗ ϕD + λL ∗ Es∼κ,πL
D∼ΠL

D,sg∼πH
θH

[DTV (π
L
D(τ |s, sg)||πLθL(τ |s, sg))]]

(6.23)

where λL = 2
(1−γ)2

Rmax∥d
π∗∗
c
κ ∥∞

We next discuss the effect of training on the two terms in RHS of Equation 6.10, which

bound the suboptimality of πHθH .

Effect of adaptive relabeling on sub-optimality bounds

We firstly focus on the first term which is dependent on ϕD. Since we represent the gener-

ated subgoal dataset as Dg, we replace ϕD with ϕDg . In Theorem 1, we assume the optimal

policy π∗ to be ϕDg common in ΠH
D . Since ϕDg denotes the upper bound of the expected

TV divergence between π∗ and πHD , ϕDg provides a quality measure of the subgoal dataset

Dg populated using adaptive relabeling. Intuitively, a lower value of ϕDg implies that the

optimal policy π∗ is closely represented by Dg, or alternatively, the samples from Dg are

near optimal. As the lower primitive improves with training and is able to achieve harder

subgoals, and since Dg is re-populated using the improved lower primitive after every p

timesteps, πDg continually gets closer to π∗, which results in reduced value of ϕD. This
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implies that due to decreasing first term, the suboptimality bound in Equation 6.10 gets

tighter, and consequently J(πHθH ) gets closer to optimal J(π∗) objective. Hence, our peri-

odic re-population based approach generates a natural curriculum of achievable subgoals

for the lower primitive, which continuously improves the performance by tightening the

upper bound.

Effect of IL regularization on sub-optimality bounds

Now, we focus on the second term in Equation 6.10, which is TV divergence between

πHD (τ |s, g) and πHθH (τ |s, g) with expectation over s ∼ κ, πHD ∼ ΠH
D , g ∼ G. As before, D

is replaced by dataset Dg. This term can be viewed as imitation learning (IL) objective

between expert demonstration policy πHDg
and current policy πHθH , where TV divergence is

the distance measure. Due to this IL regularization objective, as policy πHθH gets closer to

expert distribution policy πHDg
with training, the LHS sub-optimality bounds get tighter.

Thus, our proposed periodic IL regularization usingDg tightens the sub-optimality bounds

in Equation 6.10 with training, thereby improving performance.

Generalized framework

We now derive our generalized framework for the joint optimization objective, where we

can plug in off-the-shelf RL and IL methods to yield a generally applicable practical HRL al-

gorithm. Considering sub-optimality is positive (Equation 6.9), we can use Equation 6.10

to derive the following objective:

J(π∗) ≥ J(πHθH )︸ ︷︷ ︸
RL term

−λH ∗ ϕD︸ ︷︷ ︸
const. wrt Dg

−λH ∗ Es∼κ,πH
D∼ΠH

D ,g∼G[d(π
H
D (τ |s, g)||πHθH (τ |s, g))]︸ ︷︷ ︸

IL regularization term

(6.24)

where (considering πHD (τ |s, g) as πA, and πHθH (τ |s, g) as πB), d(πA||πB) = DTV (πA||πB).

Notably, the second term λH ∗ϕD in RHS of Equation 6.24 is constant for a given dataset

Dg. Equation 6.24 can be perceived as a minorize maximize algorithm which intuitively

means: the overall objective can be optimized by (i) maximizing the objective J(πHθH ) via

RL, and (ii) minimizing the distance measure d between πHD and πHθH (IL regularization).

This formulation serves as a framework where we can plug in RL algorithm of choice for
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off-policy RL objective J(πHθH ), and distance function d of choice for IL regularization, to

yield various joint optimization objectives.

In our setup, we plug in entropy regularized Soft Actor Critic [130] to maximize J(πHθH ).

Notably, different parameterizations of d yield different imitation learning regularizers.

When d is formulated as Kullback–Leibler divergence, the IL regularizer takes the form of

behavior cloning (BC) objective [131] (which results in PEAR-BC), and when d is formulated

as Jensen-Shannon divergence, the imitation learning objective takes the form of inverse

reinforcement learning (IRL) objective (which results in PEAR-IRL). We consider both

these objectives in Section 6.2 and provide empirical performance results.

6.2 Experiments

In this section, we empirically answer the following questions: (i) does adaptive relabeling

approach outperform fixed relabeling based approaches, (ii) is PEAR able to mitigate non-

stationarity, (iii) does IL regularization boost performance in solving complex long horizon

tasks, and (iv) What is the contribution of each of our design choices? We accordingly

perform experiments on six Mujoco [88] environments: (i) maze navigation, (ii) pick and

place, (iii) bin, (iv) hollow, (v) rope manipulation, and (vi) franka kitchen.

Environment and Implementation Details: Here, we provide extensive environment

and implementation details for various environments. We perform the experiments on two

system each with Intel Core i7 processors, equipped with 48GB RAM and Nvidia GeForce

GTX 1080 GPUs. We use 28 expert demos for franks kitchen task and 100 demos in

all other tasks. We empirically increased the number of demonstrations until there was

no significant improvement in the performance. In our experiments, we use Soft Actor

Critic [132]. The actor, critic and discriminator networks are formulated as 3 layer fully

connected networks with 512 neurons in each layer.

When calculating p, we normalizeQπL values of a trajectory before comparing withQthresh:

((QπL(se0, s
e
i , ai)−min value)/max value) ∗ 100 for i = 1 to T − 1. The experiments are
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run for 4.73e5, 1.1e5, 1.32E5, 1.8E5, 1.58e6, and 5.32e5 timesteps in maze, pick and place,

bin, hollow, rope and kitchen respectively. The regularization weight hyper-parameter Ψ is

set at 0.001, 0.005, 0.005, 0.005, 0.005, and 0.005, the population hyper-parameter p is set

to be 1.1e4, 2500, 2500, 2500, 3.9e5, and 1.4e4, and distance threshold hyper-parameter

Qthresh is set at 10, 0, 0, 0, 0, and 0 for maze, pick and place, bin, hollow, rope and kitchen

tasks respectively. Since the environments are sparsely rewarded, they are complex tasks

where the agent must explore the environment extensively before receiving any rewards.

Unless otherwise stated, we keep the training conditions consistent across all baselines to

ascertain fair comparisons, and empirically tune the hyper-parameter values of our method

and all other baselines.

6.2.1 Evaluation and Results

In Figure 6.3, we depict the success rate performance of PEAR and compare it with other

baselines averaged over 5 seeds. The primary goal of these comparisons is to verify that

the proposed approach indeed mitigates non-stationarity and demonstrates improved per-

formance and training stability.

Comparing with fixed window based approach

RPL: In order to demonstrate the efficacy of adaptive relabeling, we compare our method

with Relay Policy Learning (RPL) baseline. RPL [89] uses supervised pre-training followed

by relay fine tuning. In order to ascertain fair comparisons, we use an ablation of RPL which

does not use supervised pre-training. PEAR outperforms this baseline, which demonstrates

that adaptive relabeling outperforms fixed window based relabeling and is crucial for

mitigating non-stationarity. Although both approaches utilize reinforcement learning with

imitation learning regularization, the primary distinction lies in how they collect subgoals.

PEAR employs an adaptive relabeling mechanism that dynamically identifies subgoals

within the reach of the current lower-level primitive, enabling the system to adjust subgoal

complexity automatically without requiring manual intervention. Thus, it is evident that

adaptive relabeling is crucial for generating feasible subgoals.
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(a) Maze Navigation (b) Pick and Place (c) Bin

(d) Hollow (e) Rope Manipulation (f) Franka Kitchen

Figure 6.3: Success rate comparison This figure compares the success rate perfor-
mances on six sparse robotic environments: Maze Navigation (a), Pick and Place (b), Bin
(c), Hollow (d), Rope Manipulation (e), and Franka Kitchen environment (f). The solid
line and shaded region represent the mean and range of success rates across 5 seeds. As
seen, PEAR shows impressive performance and significantly outperforms the baselines.

Comparing with hierarchical baselines

SAGA baseline: We compare PEAR with SAGA, which is a hierarchical approach that em-

ploys state conditioned discriminator network training to address non-stationarity, by

ensuring that the high-level policy generates subgoals that align with the current state of

the low-level policy. We find that although SAGA performs well in maze navigation envi-

ronment, it fails to solve harder tasks, whereas PEAR is able to significantly outperform the

baseline. This demonstrates that SAGA suffers from non-stationarity issue in harder long

horizon tasks, and PEAR is able to better mitigate non-stationarity issue and effectively

solve long horizon tasks.

RAPS: RAPS [133] uses hand designed action primitives at the lower level, where the goal

of the upper level is to pick the optimal sequence of action primitives. The performance

of such approaches significantly depends on the quality of action primitives, which require

substantial effort to hand-design. We found that except maze navigation task, RAPS is
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unable to perform well on other tasks, which we believe is because selecting appropriate

primitive sequences is hard on other harder tasks. Notably, hand designing action primi-

tives is exceptionally complex in environments like rope manipulation. Hence, we do not

evaluate RAPS in rope environment. In contrast, PEAR outperforms RAPS on harder envi-

ronments, demonstrating the advantage of hierarchical abstraction and adaptive relabeling

based subgoal regularization. Notably, PEAR is much more general-purpose since unlike

RAPS, PEAR does not require domain-specific action primitives.

HAC: Hierarchical actor critic (HAC) [134] deals with non-stationarity by relabeling transi-

tions while assuming an optimal lower primitive. Although HAC shows good performance

in maze navigation task, PEAR consistently outperforms HAC on all other tasks.

As shown in Figure 6.3, while HAC attains competitive results on relatively simple maze

navigation tasks, it faces difficulties in more complex environments. In contrast, PEAR

employs an adaptive subgoal relabeling strategy that dynamically calibrates subgoal dif-

ficulty in accordance with the evolving ability of the lower-level policy. This approach

facilitates more stable hierarchical training, ensures the generation of achievable subgoals,

and consequently delivers improved sample efficiency and higher success rates across di-

verse tasks.

HIER-NEG and HIER: We also compare PEAR with two hierarchical baselines: HIER and

HIER-NEG, which are hierarchical baselines that do not leverage expert demonstrations.

HIER-NEG is a hierarchical baseline where the upper level is negatively rewarded if the

lower primitive fails to achieve the subgoal. Since HIER, HIER-NEG and PEAR all are hier-

archical approaches, we use these baseline comparisons to motivate that the performance

improvement is not just due to use of hierarchical abstraction, but instead due to adap-

tive relabeling and primitive-enabled regularization. This is clearly evidenced by superior

performance of PEAR.

Comparing with non-hierarchical baselines

Additionally, we consider single-level Discriminator Actor Critic (DAC) [135] that leverages

expert demos, single-level SAC (FLAT) baseline, and Behavior Cloning (BC) baselines.
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These baselines consistently fail to reliably solve the evaluated tasks, underscoring the

essential role of combining hierarchical abstraction with curriculum-driven subgoal adap-

tation.

6.2.2 Qualitative Insights

While quantitative comparisons (e.g., success rates, learning curves) demonstrate the clear

empirical superiority of PEAR, we now provide qualitative insights to elucidate how and

why PEAR’s hierarchical formulation and adaptive subgoal curriculum confer concrete

advantages over prior deep RL baselines.

• Adaptive Subgoal Curriculum: Unlike baselines that use fixed window relabel-

ing or hand-designed subgoal primitives, PEAR dynamically selects subgoals based

on the current ability of the low-level (primitive) policy. As illustrated in Fig. 6.2,

early in training, the high-level policy produces simple, incremental subgoals that

are always within reach for the low-level policy. As training progresses, these sub-

goals naturally become more challenging, yielding a curriculum effect. This adaptive

mechanism ensures continuous progress and avoids the degenerate behaviors (e.g.,

stalling, cycling over unreachable subgoals) observed in fixed-segmentation methods.

• Interpretability and Task Decomposition: We observe that the hierarchical

structure enables the agent to break down long-horizon tasks into interpretable in-

termediate steps. For instance, in pick-and-place and bin tasks, the high-level policy

first guides the agent to approach an object, then instructs gripping, and finally tar-

gets transport to the goal destination. Such explicit stepwise decomposition is rarely

observed in flat RL or non-adaptive hierarchies, which often attempt these tasks in

a monolithic and less sample-efficient manner.
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• Mitigating Non-Stationarity and Infeasible Subgoals: The periodic re-population

of subgoal datasets based on the low-level value function ensures that high-level in-

structions remain feasible as the low-level policy evolves. This is reflected in con-

sistently low distances between proposed and achieved subgoals throughout training

(Fig. 6.4), indicating that subgoals are within the agent’s actual capability, thereby

enhancing training stability and exploration efficiency. In contrast, alternative hi-

erarchical and non-hierarchical baselines frequently issued unattainable subgoals,

leading to non-stationarity and stagnation.

• Failure Modes of Baselines: During evaluation, we observed that fixed segmen-

tation methods (e.g., RPL) sometimes propose subgoals that are either trivial (no

significant task progress) or infeasible (beyond the reach of the low-level), resulting in

poor downstream performance. In contrast, PEAR’s adaptive regularization system-

atically prevents such failure modes by grounding each subgoal in the demonstrated

capabilities of the evolving primitive policy.

These results and observations collectively underscore that PEAR not only offers quanti-

tative gains but also fundamentally alters the quality of agent behavior by exploiting the

synergy of hierarchy and adaptive subgoal setting. We hope these insights clarify why

our approach outperforms both traditional and recent deep RL alternatives, providing a

foundation for future hierarchical RL research.

6.2.3 Ablative analysis

Here, we perform ablation analysis to elucidate the significance of our design choices. We

choose the hyper-parameter values after extensive experiments, and keep them consistent

across all baselines.



PEAR: Primitive Enabled Adaptive Relabeling for Boosting HRL 88

(a) Maze Navigation (b) Pick and Place (c) Bin

(d) Hollow (e) Rope Manipulation (f) Franka Kitchen

Figure 6.4: Non-stationarity metric comparison This figure compares the average
distance metric between the subgoals predicted by the higher level policy and the subgoals
achieved by the lower level policy during training on six sparse robotic environments:
Maze Navigation (a), Pick and Place (b), Bin (c), Hollow (d), Rope Manipulation (e), and
Franka Kitchen environment (f). As seen, PEAR consistently produces efficient subgoals
leading to low distances between the predicted and achieved subgoals throughout the

training process. This mitigates non-stationarity in HRL.

6.2.3.1 Dealing with non-stationarity and infeasible subgoal generation in HRL

We assess whether PEAR mitigates non-stationarity in HRL by comparing it with the

vanilla HIER baseline, as shown in Figure 6.4. We compute the average distance between

subgoals predicted by the higher-level policy and those achieved by the lower-level primitive

throughout training. A lower average distance suggests that PEAR generates subgoals

achievable by the lower primitive, inducing lower primitive behavior to be optimal. Our

findings reveal that PEAR consistently maintains low average distances, validating its

effectiveness in reducing non-stationarity. Additionally, as seen in Figure 6.5, post-training

results show that PEAR achieves significantly lower distance values than the HIER baseline,

highlighting its ability to generate feasible subgoals through primitive regularization.
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(a) Maze Navigation (b) Pick and Place (c) Bin

(d) Hollow (e) Rope Manipulation (f) Franka Kitchen

Figure 6.5: Feasible subgoal generation metric comparison This figure compares
the average distance metric between the subgoals predicted by the higher level policy and
the subgoals achieved by the lower level policy after the training is completed, on six
sparse robotic environments: Maze Navigation (a), Pick and Place (b), Bin (c), Hollow
(d), Rope Manipulation (e), and Franka Kitchen environment (f). As seen in the figure,
PEAR consistently produces feasible subgoals which are achievable by the lower level

primitive.

6.2.3.2 Additional Ablations

First, we verify the importance of adaptive relabeling by replacing it in PEAR-IRL by fixed

window relabeling (as in RPL [89]). As seen in Figure 6.6, this ablation (PEAR-IRL) con-

sistently outperforms PEAR-RPL on all tasks, which demonstrates the benefit of adaptive

relabeling. Further, we compare PEAR-IRL and PEAR-BC (with margin classification objec-

tives), with PEAR-IRL-No-Margin and PEAR-BC-No-Margin (without margin objectives)

in Figure 6.7. PEAR-IRL and PEAR-BC outperform their No-Margin counterparts, which

shows that this objective efficiently deals with the issue of out-of-distribution states, and

induces training stability.

Further, we analyse how varying Qthresh affects performance in Figure 6.8. We next study

the impact of varying p. Intuitively, if p is too large, it impedes generation of a good

curriculum of subgoals (Figure 6.9). Also, a low value of p may lead to frequent subgoal

dataset re-population and may impede stable learning. We also choose optimal window
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Figure 6.6: The success rate plots show success rate performance comparison between
PEAR-IRL (red), PEAR-BC (black) and PEAR-RPL (blue) ablation on six sparse robotic
environments: Maze Navigation (a), Pick and Place (b), Bin (c), Hollow (d), Rope Ma-
nipulation (e), and Franka Kitchen environment (f). As seen in the figure, PEAR-IRL and

PEAR-BC clearly outperform PEAR-RPL in almost all the tasks.

size k for RPL experiments, as shown in Figure 6.10. We also evaluate learning rate ψ in

Figure 6.11. If ψ is too small, PEAR is unable to utilize IL regularization, whereas conversely

if ψ is too large, the learned policy might overfit. We also deduce the optimal number

of expert demonstrations required in Figure 6.12. Next, we compare the performance of

PEAR-IRL with HER-BC, which is a single-level implementation of HER with expert

demonstrations. As seen in Figure 6.13, PEAR significantly outperforms this baseline,

which demonstrates the advantage of our hierarchical formulation.

6.2.3.3 Real world experiments

We perform experiments on real world robotic pick and place, bin and rope environments.

We use Realsense D435 depth camera to extract the robotic arm position, block, bin, and

rope cylinder positions. Computing accurate linear and angular velocities is hard in real

tasks, so we assign them small hard-coded values, which shows good performance. We

performed 5 sets of experiments with 10 trial each, and report the average success rates.

PEAR-IRL achieves accuracy of 0.8, 0.6, and 0.3, whereas PEAR-BC achieves accuracy of 0.8,
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Figure 6.7: This figure illustrates the importance of the margin surrogate objective by
comparing PEAR-IRL and PEAR-BC (with margin objective) with PEAR-IRL-No-Margin

and PEAR-BC-No-Margin (without margin objective) on six sparse robotic environments:
Maze Navigation (a), Pick and Place (b), Bin (c), Hollow (d), Rope Manipulation (e), and
Franka Kitchen environment (f). As seen in the figure, PEAR-IRL and PEAR-BC outperform

their no-margin counterparts in almost all tasks.
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Figure 6.8: This figure shows the performance of PEAR for various values of the Qthresh

parameter versus number of training timesteps on six sparse robotic environments: Maze
Navigation (a), Pick and Place (b), Bin (c), Hollow (d), Rope Manipulation (e), and

Franka Kitchen environment (f).

0, 0.3 on pick and place, bin and rope environments. We also evaluate the performance of

next best performing RPL baseline, but it fails to achieve success in any of the tasks.
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Figure 6.9: The success rate plots show the performance of PEAR for various values of
population number p parameter versus number of training timesteps on six sparse robotic
environments: Maze Navigation (Row 1 Column 1), Pick and Place (Row 1 Column 2),
Bin (Row 1 Column 3), Hollow (Row 2 Column 1), Rope Manipulation (Row 2 Column

2), and Franka Kitchen environment (Row 2 Column 3).
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Figure 6.10: The success rate plots show the performance of RPL for values of k window
size parameter versus number of training epochs on six sparse robotic environments: Maze
Navigation (Row 1 Column 1), Pick and Place (Row 1 Column 2), Bin (Row 1 Column 3),
Hollow (Row 2 Column 1), Rope Manipulation (Row 2 Column 2), and Franka Kitchen

environment (Row 2 Column 3).

6.3 Related Work

Prior methods [131, 136, 137] leverage expert demonstrations to improve sample efficiency

and accelerate learning, where some methods use imitation learning to bootstrap learn-

ing [69, 120, 138, 139]. Some approaches use fixed relabeling [89] for performing task
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Figure 6.11: The success rate plots show performance of PEAR for values of learning
weight parameter ψ versus number of training timesteps on six sparse robotic environ-
ments: Maze Navigation (Row 1 Column 1), Pick and Place (Row 1 Column 2), Bin
(Row 1 Column 3), Hollow (Row 2 Column 1), Rope Manipulation (Row 2 Column 2),

and Franka Kitchen environment (Row 2 Column 3).
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Figure 6.12: The success rate plots show success rate performance plots of varying
number of expert demonstrations versus number of training epochs on six sparse robotic
environments: Maze Navigation (Row 1 Column 1), Pick and Place (Row 1 Column 2),
Bin (Row 1 Column 3), Hollow (Row 2 Column 1), Rope Manipulation (Row 2 Column

2), and Franka Kitchen environment (Row 2 Column 3).

segmentation. However, such approaches may cause unbalanced task split between hierar-

chical levels. In contrast, our approach sidesteps this limitation by properly balancing hier-

archical levels using adaptive relabeling. Intuitively, we enable balanced task split, thereby

avoiding degenerate solutions. Recent approaches restrict subgoal space using adjacency

constraints [140], employ graph based approaches for decoupling task horizon [141], or in-

corporate imagined subgoals combined with KL-constrained policy iteration scheme [28].

However, such approaches assume additional environment constraints and only work on

relatively shorter horizon tasks with limited complexity.
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(a) Maze Navigation (b) Pick and Place (c) Bin

(d) Hollow (e) Rope Manipulation (f) Franka Kitchen

Figure 6.13: Comparison with HER-BC baseline: This figure depicts success rate
plots of PEAR-IRL compared with the HER-BC baseline (a single-level implementation of
Hindsight Experience Replay with expert demonstrations) on six sparse robotic environ-
ments: Maze Navigation (a), Pick and Place (b), Bin (c), Hollow (d), Rope Manipulation
(e), and Franka Kitchen environment (f). PEAR consistently outperforms this baseline,

demonstrating the advantages of our hierarchical formulation in complex tasks.

[142] is an inter-level cooperation based approach for generating achievable subgoals, How-

ever, the approach requires extensive exploration for selecting good subgoals, whereas our

approach rapidly enables effective subgoal generation using primitive enabled adaptive re-

labeling. In order to accelerate RL, recent works firstly learn behavior skill priors [143, 144]

from expert data or pre-train policies over a related task, and then fine-tune using RL.

Such approaches largely depend on policies learnt during pre-training, and are hard to

train when the source and target task distributions are dissimilar.

Other approaches either use bottleneck option discovery [145] or behavior priors [146, 147]

to discover and embed behaviors from past experience, or directly hand-design action

primitives [133, 148]. While this simplifies the higher level task, explicitly designing action

primitives is tedious for hard tasks, and may lead to sub-optimal predictions. Since PEAR

learns multi-level policies in parallel, the lower level policies can learn required optimal

behavior, thus avoiding the issues with prior approaches.
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(a) Maze Navigation (b) Pick and Place (c) Bin

(d) Hollow (e) Rope Manipulation (f) Franka Kitchen

Figure 6.14: Success rate comparison: PEAR-IRL vs HAC-demos vs HBC This figure
compares the success rate performances of PEAR-IRL with HAC-demos and HBC on six
sparse robotic environments: Maze Navigation (a), Pick and Place (b), Bin (c), Hollow (d),
Rope Manipulation (e), and Franka Kitchen environment (f). HAC-demos uses hierarchical
actor-critic [134] as the RL objective and is jointly optimized using an additional behavior
cloning objective, where the lower level uses primitive expert demonstrations and the
upper level uses subgoal demonstrations extracted using a fixed window-based approach
(as in RPL [89]). HBC (Hierarchical Behavior Cloning) uses the same demonstrations as
HAC-demos at both levels but is trained using only the behavior cloning objective (thus,
without RL). As seen in the figure, although HAC-demos shows good performance in the
easier Maze Navigation environment, both HAC-demos and HBC fail to solve harder tasks,
and PEAR-IRL significantly outperforms both baselines. The solid line and shaded region

represent the mean and range of success rates across 5 seeds.

6.4 Discussion

Limitations In this work, we assume availability of directed expert demonstrations, which

we plan to deal with in future. Additionally, Dg is periodically re-populated, which is an

additional overhead and might be a bottleneck in tasks where relabeling cost is high.

Notably, we side-step this limitation by passing the whole expert trajectory as a mini-

batch for a single forward pass through lower primitive.

Conclusion and future work We propose primitive enabled adaptive relabeling (PEAR),

a HRL and IL based approach that performs adaptive relabeling on a few expert demon-

strations to solve complex long horizon tasks. We perform comparisons with a various
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Figure 6.15: Ablation with sub-optimal demonstrations: The success rate plots
show the performance of PEAR-IRL with varying number of sub-optimal demonstrations
in the expert demonstration dataset on six sparse robotic environments: Maze Navigation
(Row 1 Column 1), Pick and Place (Row 1 Column 2), Rope Manipulation (Row 2 Column
1), and Franka Kitchen environment (Row 2 Column 2). As can be seen, the performance

suffers with increasing number of sub-optimal demonstrations.

baselines and demonstrate that PEAR shows strong results in simulation and real world

robotic tasks. In future work, we plan to address harder sequential decision making tasks,

and plan to analyse generalization beyond expert demonstrations. We hope that PEAR

encourages future research in the area of adaptive relabeling and primitive informed reg-

ularization, and leads to efficient approaches to solve long horizon tasks.
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Chapter 7

PIPER: Primitive-Informed

Preference-based Hierarchical

Reinforcement Learning via

Hindsight Relabeling

We are our choices.

– Jean-Paul Sartre

In previous two chapters, we proposed two hierarchical approaches which are able to

effectively leverage expert demonstrations for solving complex tasks. Since acquiring such

expert demonstrations is non-trivial in harder tasks, we next ask the question: can we still

learn effective hierarchical strategies and solve the inherent issues of non-stationarity and

infeasible subgoal generation without assuming access to expert demonstrations?

1 Recent approaches in preference-based learning [33, 149, 150] use human feedback to

learn a reward model and subsequently apply RL to solve the task using the learned

reward model. Impressively, such methods have demonstrated performance comparable

1This chapter is based on the paper published previously at ICML 2024 [79].
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Higher Policy

Learning reward model 
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Maze Hollow

Pick and place Kitchen
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Figure 7.1: PIPER Overview

PIPER Overview This figure shows the overview of PIPER (left). The higher level
policy predicts subgoals gt for the lower primitive, which executes actions at on the
environment. We propose to learn a preference-based reward model r̂ϕ using our PiL
feedback on higher level trajectories sampled from higher level replay buffer, and
subsequently use r̂ϕ to relabel the replay buffer transitions, thereby mitigating

non-stationarity in HRL. On the right, we depict the training environments: (i) maze
navigation environment, (ii) pick and place environment, (iii) push environment, (iv)

hollow environment, and (v) franka kitchen environment.

to RL policies trained with access to ground truth rewards. This raises the following

question: can advances in preference-based learning be used to simultaneously address the

twin issues of reward non-stationarity and infeasible subgoal generation in HRL?

In this work, we provide an affirmative answer to the above question by proposing PIPER:

Primitive Informed PrEference-based hierarchical reinforcement learning via hindsight

Relabeling. The key realization underlying PIPER is that a suitably designed preference-

based RL approach can be used to learn a high-level reward model that is simultaneously

decoupled from non-stationary, lower-level rewards and carefully tailored to generate fea-

sible subgoals. To achieve this, several innovations are necessary. First, to overcome

the problem of acquiring the human preference feedback needed to learn the higher-level

reward model, we propose a goal-conditioned, sparse reward-based approach to replace

human trajectory preferences. Second, to address the sample-inefficiency arising from

the use of sparse rewards, we apply hindsight experience relabeling [95] to learn a denser,

more informative higher-level reward model. Finally, to encourage our higher-level policies

to predict subgoals achievable by lower-level policies, we propose a novel value-function



PIPER: Primitive-Informed Preference-based HRL via Hindsight Relabeling 100

regularization scheme that calibrates subgoal selection to the current lower-level policy’s

abilities. Taken together, these techniques form the core of PIPER (see Figure 7.1). We

perform extensive experiments in complex, sparse-reward environments that empirically

show that PIPER demonstrates impressive performance and consistently outperforms the

baselines, as well as ablation studies illustrating the importance of each of PIPER’s com-

ponent techniques.

We summarize the main contributions of PIPER:

• We demonstrate that PIPER is able to mitigate non-stationarity in off-policy HRL,

by employing preference-based feedback.

• Since collecting human preference feedback is impractical, we propose an alterna-

tive primitive-in-the-loop (PiL) scheme to determine preferences between trajectories

without human feedback.

• Using primitive informed regularization, PIPER generates efficient subgoals, thus

improving performance.

• We employ hindsight relabeling to improve sample efficiency in preference-based

learning and deal with sparsity in sparse-reward scenarios.

• PIPER uses soft target updates to mitigate instability due to non-stationary reward

model learned using preference-based feedback.

• PIPER achieves greater than 50% success rates in challenging, sparse-reward robotic

environments, where most other hierarchical and non-hierarchical baselines fail to

achieve any significant progress.

7.0.1 Limitations of Existing Approaches to HRL

While HRL promises significant advantages over non-hierarchical RL, including improved

sample efficiency due to temporal abstraction and improved exploration [6, 26], serious

challenges remain. In this work, we focus on two outstanding issues:
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C1: the destabilizing effect of lower-level reward non-stationarity on off-policy HRL,

C2: and performance degradation due to infeasible subgoal generation by higher-level

policies.

As discussed in [26] and [27], off-policy HRL suffers from non-stationarity due to changing

lower primitive behavior, since, for a given transition in the higher-level replay buffer

(st, g
∗, gt,

∑t+k−1
i=t rHi , st+k), the rewards and transition may have been generated by an

outdated lower-level policy. In addition, it was observed in [28] that, without taking care

to ensure valid subgoal selection at the higher level, HRL methods may issue unachievable

subgoals to the lower-level policy, stalling learning at the lower level and significantly

impacting performance. The primary motivation of this work is the development of a novel,

preference-based learning-inspired technique for learning the high-level reward function,

rH , that addresses these key limitations of existing HRL methods.

7.1 Primitive Informed Preference Based Learning

We consider an MDP (S,A, p, r, γ), where S is the state space, A is the action space,

p : S × A → ∆(S) is the transition probability function mapping state-action pairs to

probability distributions over the state space, r : S × A → R is the reward function,

and γ ∈ (0, 1) is the discount factor. At a given timestep t, the agent is in state st,

takes action at ∼ π(·|st) according to some policy π : S → ∆(A) which maps states

to probability distributions over the action space, receives reward rt = r(st, at), and the

system transitions to a new state st+1 ∼ p(·|st, at). The standard reinforcement learning

(RL) objective is given by

π∗ := argmax
π

J(π) = Eπ

[ ∞∑
t=0

γtrt

]
, (7.1)

which is also called policy optimization in literature. The state action value function

Q(s, g, ai) computes the expected cumulative reward when the start state is s, g is the

final goal, and the next primitive action is ai. In hierarchical RL (HRL) problem, the
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higher-level policy aims to achieve an end goal by issuing subgoals to the lower-level

policy, while the lower-level policy chooses primitive actions oriented towards achieving

the specified subgoals.

In HRL, the higher-level policy πH : S → ∆(G) specifies a subgoal gt ∈ G, where G ⊂ S is

the set of possible goals. During execution at each time step t, the subgoal gt ∼ πH(·|st)

after every k timesteps and gt = gk·⌈t/k⌉, otherwise. The effect of this is that the higher-

level policy issues new subgoals every k timesteps and keeps subgoals fixed in between.

Furthermore, at each t, the lower-level policy πL : S ×G → ∆(A) selects primitive actions

at ∼ πL(·|st, gt) according to the current state and subgoal specified by πH , and the

state transitions to st+1 ∼ p(·|st, at). Finally, at each timestep t, the higher level of

the hierarchy provides the lower level with reward rLt = rL(st, gt, at) = −1{∥st−gt∥2>ε},

where 1B is the indicator function on a given set B, while the higher level receives reward

rHt = rH(st, g
∗, gt), where g

∗ ∈ G is the end goal and rH : S × G × G → R is a high-

level reward function that we have yet to specify. The lower level populates its replay

buffer with samples (st, gt, at, r
L
t , st+1), while, at each t such that after every k timesteps,

the higher level populates its buffer with samples of the form (st, g
∗, gt,

∑t+k−1
i=t rHi , st+k).

Next, we highlight key limitations of existing HRL methods.

We introduce our approach, PIPER: Primitive Informed PrEference-based hierarchical

reinforcement learning via hindsight Relabeling for solving complex sparse-reward tasks.

The motivating idea behind our approach is that preference-based RL, where human pref-

erences are used to learn a dense, informative reward function, can be used to learn a high-

level reward function that simultaneously mitigates the issues of reward non-stationarity

and infeasible subgoal generation described in Section 7.0.1. Before presenting the main

idea, let us briefly discuss preference-based learning.

7.1.1 Preference-based Learning (PBL)

In traditional RL, agents learn to maximize the accumulated rewards r(st, at) obtained

from the environment, where the reward r : S × A → R is assumed to be known. In
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many real-world scenarios, however, suitable environment rewards are notoriously difficult

to construct and typically require domain-specific knowledge [151]. To learn the high-level

reward necessary for the HRL setting, we use a preference-based RL setup, where the

agent learns to perform the high-level task using preferences over agent behaviors [33, 149,

150, 152].

In the preference-based setting, agent behavior over a k-length trajectory can be repre-

sented by a sequence, δ, of state observations and actions: δ = ((st, at), (st+1, at+1)...(st+k−1, at+k−1)).

The goal is to learn a reward function, r̂ϕ : S × A → R, with neural network parameters

ϕ, such that preferences between any two trajectories δ1, δ2 can be modeled using the

Bradley-Terry model [153]:

Pϕ

[
δ1 ≻ δ2

]
=

exp
∑

t r̂ϕ
(
s1t , a

1
t

)∑
i∈{1,2} exp

∑
t r̂ϕ

(
sit, a

i
t

) , (7.2)

where δ1 ≻ δ2 denotes the event that δ1 is preferred over δ2. To learn parameters ϕ such

that (7.2) matches the true preferences, behavior and preference data are recorded in a

dataset D with entries of the form (δ1, δ2, y), where y = (1, 0) when δ1 is preferred over

δ2, y = (0, 1) when δ2 is preferred over δ1, and y = (0.5, 0.5) when there is no preference.

The standard approach in the preference-based literature (see [33, 150]), which we adopt

in PIPER, is to learn the reward function r̂ϕ using a cross-entropy loss:

L(ϕ) = −
∑
D

(
y1 logPϕ

[
δ1 ≻ δ2

]
+ y2 logPϕ

[
δ2 ≻ δ1

])
, (7.3)

where (δ1, δ2, y) ∈ D and y1 and y2 denote the first and second entries of y. Given the

preference model and learning objective in (7.2) and (7.3), we now turn to the problem of

acquiring preference data in our hierarchical setting.

Challenges of directly applying PBL in HRL:

• First, collecting the quantity of human feedback needed to enable preference-based

learning of the high-level reward function is impractical. To address this, we propose
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a replacement PiL scheme to determine preferences between trajectories without

human feedback.

• Second, standard goal-conditioned rewards are too sparse for sample-efficient learn-

ing. We therefore incorporate hindsight relabeling to reduce sparsity and increase

the informativeness of observed trajectories.

• Third, even with hindsight relabeling the higher-level policy may choose subgoals

that are infeasible for the lower-level policy, so we regularize the PiL reward with

the value function of the lower-level policy to encourage feasible subgoal selection.

• Finally, we incorporate soft target updates [154] to mitigate the training instability

while learning the high-level reward function. Taken together, this combination of

techniques constitutes PIPER. The rest of this section provides details on each aspect

of our approach. Pseudocode for PIPER is provided in Algorithm 5.

7.1.2 PiL: Primitive-in-the-Loop Feedback for HRL

We next introduce our Primitive-in-the-Loop (PiL) approach for generating higher-level

preference feedback. This technique provides an effective, easily computable replacement

for human feedback, avoiding the impracticality of obtaining human preference data for

trajectories observed during training in the HRL setting. The key idea is to replace human

preferences over higher-level trajectories with preferences generated by using a simple, g∗-

conditioned sparse reward to perform pairwise comparisons. We note that the sparsity of

the proposed reward presents additional issues, which we address in Section 7.1.3 below.

Implicit reward functions: Let s be the current state, g be the subgoal predicted by

higher level, and g∗ be the final goal. In our goal-conditioned HRL setting, we rep-

resent k-length trajectories of lower-level primitive behavior as sequences ∆ given by

∆ = ((st, at), (st+1, at+1), . . . , (st+k−1, at+k−1)), and n-length trajectories of higher-level

behavior as sequences σ of states and subgoal predictions, i.e.,
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σ = ((st, gt), (st+k, gt+k), . . . , (st+(n−1)k, gt+(n−1)k)), where the higher-level policy is exe-

cuted for n timesteps and the lower-level policy is executed for k timesteps between each

pair of consecutive subgoal predictions. In preference-based learning, the preferences are

assumed to correspond to an implicit reward function r : S × G × A → R implied by the

true preferences. Let g∗ be the final goal and σ1 and σ2 be two higher-level trajectories.

Whenever σ1 is preferred to σ2, denoted by σ1 ≻ σ2, then the assumption that r encodes

the true preferences implies:

n−1∑
i=0

r(s1t+ik, g
∗, g1t+ik) >

n−1∑
i=0

r(s2t+ik, g
∗, g2t+ik) (7.4)

Replacing human feedback: In the standard preference-learning framework, prefer-

ences are elicited from human feedback [33] and are subsequently used to learn the re-

ward model r̂ϕ. In this work, we replace this Human-in-the-Loop (HiL) feedback with

Primitive-in-the-Loop (PiL) feedback by using implicit sparse rewards, rs(st, g
∗, gt), de-

fined presently, to determine preferences y between behavior sequences σ1 and σ2. We call

this feedback Primitive-in-the-Loop since we generate this feedback using primitive sparse

rewards. We obtain these primitive rewards as follows. Suppose the higher level policy

πH predicts subgoal gt ∼ πH(·|st, g∗) for state st and goal g∗. The lower-level primitive

executes primitive actions according to its policy πL for k timesteps and ends up in state

st+k−1. We use the sparse reward provided by the environment at state st+k−1 as the

implicit sparse reward, i.e., rs(st, g
∗, gt) = −1{∥st+k−1−g∗∥2>ϵ}. Note that this reward is di-

rectly available from the environment. We replace the implicit reward r in Equation (7.4)

with rs, and thus use rs to obtain preferences between higher level behavior sequences.

Concretely, for the goal g∗, σ1 ≻ σ2 implies

n−1∑
i=0

rs(s1t+ik, g
∗, g1t+ik) >

n−1∑
i=0

rs(s2t+ik, g
∗, g2t+ik) (7.5)
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The preferences elicited using rs are subsequently used to learn the preference reward

function r̂ϕ.

Effect on non-stationarity: Off-policy HRL approaches suffer from non-stationarity

due to outdated transitions in the higher-level replay buffer caused by the changing

lower-level policy. In our approach, the rewards in the higher-level replay buffer are re-

labeled using r̂ϕ. Hence, the transitions are updated from (st, g
∗, gt,

∑t+k−1
i=t ri, st+k−1)

to (st, g
∗, gt, r̂ϕ(st, gt), st+k−1). Since r̂ϕ does not depend on changing lower primitive

behavior, this reward relabeling eliminates the non-stationarity typically encountered in

off-policy HRL.

7.1.3 PiL with Goal-conditioned Hindsight Relabeling

Despite the intuitive appeal of the sparse PiL feedback reward rs proposed in Section 7.1.2

for providing preferences between higher-level trajectories, due to its sparsity it mostly

fails to generate a meaningful reward signal. As a result, learning an appropriate reward

function r̂ϕ using rs as our PiL primitive is unreliable. To address this issue, we employ

hindsight relabeling [95] when comparing trajectories σ1 and σ2. Specifically, we first

randomly sample a new goal ĝ from the set {s1t+ik, s
2
t+ik}

n−1
i=1 of states encountered during

trajectories σ1, σ2, then apply Equation (7.5) with g∗ replaced by ĝ:

n−1∑
i=0

rs(s1t+ik, ĝ, g
1
t+ik) >

n−1∑
i=0

rs(s2t+ik, ĝ, g
2
t+ik). (7.6)

Using hindsight relabeling, we are able to generate significantly better preference feedback,

resulting in improved sample efficiency and performance during training. We show in

Section 7.2, Figure 7.4 that this simple hindsight relabeling approach significantly boosts

performance in complex sparse-reward tasks.
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7.1.4 Primitive-informed Regularization

As discussed above, the preference reward learned using PiL with hindsight relabeling

motivates the higher-level policy to reach the goal g, while mitigating non-stationarity.

However, the higher-level subgoal predictions gt may be too difficult for the current lower-

level policy, which may stall learning at the lower level (see Figure 7.2 for a comparison of

PIPER with and without regularization). Ideally, the higher-level policy should produce

subgoals at an appropriate level of difficulty, according to the current capabilities of the

lower primitive. Properly balancing the task split between hierarchical levels is a recurring

challenge in HRL.

For a given lower-level policy πL : S × G → A, denote the corresponding state value

function by VπL(s, g). To encourage appropriate subgoal selection by the higher-level

policy, we propose using the lower-level state value function VπL to regularize the higher-

level policy to predict feasible subgoals for the lower-level policy. Intuitively, VπL(st, gt)

provides an estimate of the achievability of subgoal gt from current state st, since a high

value of VπL(st, gt) implies that the lower level expects to achieve high reward for subgoal

gt. Let r
s(s, g∗, g) denote the parameterized reward model corresponding to the preference

data, as defined in Section 7.1.2. For a trajectory τ of length T , consider the following

KL-regularized formulation of preference-based learning, where πreg is the regularizing

policy for the higher-level policy πH :

max
πH

EπH [
T∑
t=0

(rs(s, g∗, g)− βDKL[π
H(·|st)∥πreg(·|st)])], (7.7)

where β ≥ 0 is a scalar hyperparameter controlling the deviation from the regularization

policy πreg. We propose the following formulation of the regularization policy:

πreg(gt | st) =
exp(m(VπL(st, gt)))

Ẑ(st)
, (7.8)

where Ẑ(st) =
∑

gt
exp(m(VπL(st, gt)), and m = α

β . The policy πreg(·|gt) is simply the

softmax distribution generating a given subgoal gt with probability proportional to its
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value VπL(st, gt). We substitute (7.8) in (7.7) to get

max
πH

EπH

[
T∑
t=0

(rs(s, g∗, g) + α(VπL(st, gt)) + m̂(st))

]
, (7.9)

where m̂(st) = βH(st) − β logZ(st), and H(st) = − log πH(gt|st) is the entropy term

for πH . Following prior work [155, 156], we get the following optimal solution for the

higher-level policy:

πH(gt|st) =
1

Z(st)
exp(

1

β
(rs(s, g∗, g) + α(VπL(st, gt)))), (7.10)

where Z(st) =
∑

gt
exp( 1β (r

s(s, g∗, g)+α(VπL(st, gt)))) is the partition function and α is the

primitive regularization weight hyperparameter. We provide the complete derivation below

(7.1.4.1). Notice that this optimal policy πH(gt|st) assigns high probability to subgoals gt

which maximize the regularized reward rtotal(s, g∗, g) = rs(s, g∗, g) + α(VπL(st, gt)).

7.1.4.1 Deriving the final optimum of KL-Constrained Reward Maximization

Objective

In this appendix, we will derive Eqn 7.10 from Eqn 7.7. Thus, we optimize the following

objective:

max
πU

EπU [

T∑
t=0

(rs(s, g∗, g)− βDKL[π
H(gt|st)∥πreg(gt|st)])]. (7.11)

Re-writing the above equation after expanding KL divergence:

= max
πU

EπU [

T∑
t=0

(rs(s, g∗, g)− β log πH(gt|st)
πreg(gt|st)

)] (7.12)
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= max
πU

EπU [
T∑
t=0

(rs(s, g∗, g)− β log πH(gt|st) + β log πreg(gt|st))]. (7.13)

Here, we substitute πreg from Eqn 7.8, and m = α
β in Equation 7.13,

= max
πU

EπU [
T∑
t=0

(rs(s, g∗, g)− β log πH(gt|st) + β log exp(m(VπL(st, gt)))

−β log
∑
gt

exp(m(VπL(st, gt))))]

(7.14)

= max
πU

EπU [
T∑
t=0

(rs(s, g∗, g)− β log πH(gt|st) + α(VπL(st, gt))

−β log
∑
gt

exp(m(VπL(st, gt))))]

(7.15)

= min
πU

EπU [

T∑
t=0

(log πH(gt|st)−
1

β
(rs(s, g∗, g) + α(VπL(st, gt)))

+ log
∑
gt

exp(m(VπL(st, gt))))]

(7.16)

= min
πU

EπU [
T∑
t=0

(log(
πH(gt|st)

exp( 1β (r
s(s, g∗, g) + α(VπL(st, gt))))

) + log
∑
gt

exp(m(VπL(st, gt))))]

(7.17)
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= min
πU

EπU [
T∑
t=0

(log(
πH(gt|st)

1
Z(st)

exp( 1β (r
s(s, g∗, g) + α(VπL(st, gt))))

)

+ log
∑
gt

exp(m(VπL(st, gt)))− logZ(st))],

(7.18)

where, Z(st) =
∑

gt
exp( 1β (r

s(s, g∗, g) + α(VπL(st, gt)))) is the partition function.

Note that the partition function Z(st) and the term log
∑

gt
exp(m(VπL(st, gt))) do not

depend on policy πU . We define

πH
∗
(gt|st) =

1

Z(st)
exp(

1

β
(rs(s, g∗, g) + α(VπL(st, gt)))), (7.19)

which is a valid probability distribution, as πH
∗
(gt|st) ≥ 0 and

∑
gt
πH

∗
(gt|st) = 1. We

can re-organize the equation as

= min
πU

EπU [
T∑
t=0

(DKL[π
H(gt|st)∥πH

∗
(gt|st)]− log

∑
gt

exp(m(VπL(st, gt)))− logZ(st))],

(7.20)

where πH
∗
(gt|st) is minimized when the KL-divergence is 0, according to Gibbs’ inequality.

Hence, we get the optimal solution

πH(gt|st) = πH
∗
(gt|st) =

1

Z(st)
exp(

1

β
(rs(s, g∗, g) + α(VπL(st, gt)))). (7.21)
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If we use rtotal to generate preferences between trajectories instead of the standard pref-

erences outlined in Section 7.1.1, we end up with the optimal policy under this primitive-

regularized, preference-based learning scheme. Hence, we substitute rtotal(s, g∗, g) into

inequality (7.6) to yield our final preference condition for determining if δ1 ≻ δ2:

n−1∑
i=0

rtotal(s1t+ik, ĝ, g
1
t+ik) >

n−1∑
i=0

rtotal(s2t+ik, ĝ, g
2
t+ik). (7.22)

PIPER uses the preferences elicited by (7.22) to learn the reward function r̂ϕ, which is in

turn used to perform reward relabeling of the higher-level replay buffer. As illustrated in

Figure 7.2, value regularization can lead to significantly improved performance in certain

tasks, while leading to minimal performance degradation in others.

7.1.5 PIPER Implementation

Reward stabilization using target networks: To mitigate potential training instabil-

ity when the reward model r̂ϕ is learned using preference-based learning, we utilize target

networks with soft target updates [154]. In practice, we found this to greatly stabilize

learning.

Pseudocode details: We explain our approach in detail in Algorithm 5. The higher-

and lower-level policies are both trained using Soft Actor Critic (SAC) [114]. The rewards

in higher level transitions are relabeled using the reward model r̂ϕ. Instead of relabeling

all replay buffer transitions, we relabel the higher-level replay buffer transitions as they

are sampled while training.

7.2 Experiments

We perform experiments to empirically investigate the following questions:

(1) How well does PIPER perform in sparse maze navigation and robotic manipulation

tasks? (2) Is PIPER able to mitigate the recurring issue of non-stationarity in HRL? (3)
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Algorithm 5 PIPER

1: Initialize preference dataset D = {}
2: Initialize higher level replay buffer RH = {} and lower level replay buffer RL = {}
3: Initialize reward model parameters ϕ
4: Initialize target reward model parameters of ϕ′ ← ϕ
5: for i = 1 . . . N do
6: // Collect experience using πH and πL and store transitions in RH and RL

7: for each timestep t do
8: dH ← dH ∪ {(st, g∗, gt,

∑t+k−1
i=t ri, st+k−1)}

9: dL ← dL ∪ {(st, gt, at, rt, st+1)}
10: RH ← RH ∪ dH
11: RL ← RL ∪ dL
12: // Sample higher level behavior trajectories and goal
13: (σ1, σ2) ∼ RH and g ∼ G
14: Sample a set of additional goals for relabeling G′

15: for g
′ ∈ G′

do
16: Relabel g by g

′
and generate label y using Equation (7.22)

17: Store preference D ← D ∪ {(σ1, σ2, y)}
18: // Reward Model Learning
19: for each gradient step do
20: Optimize model reward r̂ϕ using Equation (7.3)
21: // Soft update target reward model parameters
22: ϕ′ ← τϕ+ (1− τ)ϕ′

23: // Policy Learning
24: for each gradient step do
25: Sample {(σj)}mj=1 from RH

26: Sample {(δj)}mj=1 from RL

27: Relabel rewards in {(σj)}mj=1 using target reward model r̂ϕ′

28: Optimize higher policy πH using SAC
29: Optimize lower policy πL using SAC

Does PIPER outperform flat preference-based learning? (4) Does PIPER enhance sample

efficiency and training stability? (5) What are the qualitative insights into PIPER’s

efficacy over baselines?

(6) What is the contribution of each of the design choices in PIPER?

7.2.1 Setup

We evaluate PIPER on four robotic navigation and manipulation tasks: (i) maze naviga-

tion, (ii) pick and place [95], (iii) push, (iv) hollow, and (v) franka kitchen [89]. Since we
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focus on sparse reward scenarios, we re-implement these environments as sparse reward

environments. Notably, since the pick and place, push, hollow and kitchen task envi-

ronments are difficult, in order to speedup training, we assume access to a single human

demonstration, and use an additional imitation learning objective at the lower level. We

do not assume access to any demonstration in the maze navigation task. We keep this

assumption consistent among all baselines to ascertain fair comparisons.

For environments (i) − (v) ((i) maze navigation, (ii) pick and place [95], (iii) push, (iv)

hollow, and (v) franka kitchen [89]), the maximum task horizon T is set to 225, 50, 50, 100,

225 timesteps, respectively, and the lower primitive is allowed to execute for k = 15, 7, 7, 10

and 15 timesteps, respectively. For environments (i) − (v), the primitive regularization

weight hyper-parameter α is set as 10−5, 10−4, 10−4, 10−4, 10−6 in environments (i)− (v),

respectively (see Figure ??). In our experiments, we use off-policy Soft Actor Critic

(SAC) [114] for optimizing RL objective, using the Adam [157] optimizer. The actor

and critic networks are formulated as three-layer, fully connected neural networks with

512 neurons in each layer. The experiments are run for 6.75e5, 1.5e5, 6.5E5, and 6.75e5

timesteps in environments (i)−(iv), respectively. In our experiments, we use off-policy Soft

Actor Critic (SAC) [114] for optimizing RL objective, using the Adam [157] optimizer. The

actor and critic networks are formulated as three-layer, fully connected neural networks

with 512 neurons in each layer. The experiments are run for 6.75e5, 1.5e5, 6.5E5, and

6.75e5 timesteps in environments (i)− (iv), respectively.

To ensure fair comparisons, we keep parameters including neural network layer width,

number of layers, choice of optimizer, SAC implementation parameters, etc., consistent

across all baselines. For implementing the RAPS baseline, we use the following lower-level

behaviors: in maze navigation, we design a single primitive, reach, where the lower-level

primitive travels in a straight line towards the subgoal predicted by higher level. In the

pick and place, push and hollow tasks, we design three primitives: gripper-reach, where

the gripper goes to given position (xi, yi, zi); gripper-open, which opens the gripper; and

gripper-close, which closes the gripper. In the kitchen environment, we use the action

primitives implemented in RAPS [133].
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7.2.1.1 Additional hyper-parameters

Here, we enlist the additional hyper-parameters used in PIPER:

Hyperparameter Value Description

activation tanh Activation for reward model
layers 3 Number of layers in the critic/actor net-

works
hidden 512 Number of neurons in each hidden layer
Q lr 0.001 Critic learning rate
pi lr 0.001 Actor learning rate
buffer size int(1E7) Size of experience replay buffer
tau 0.8 Polyak averaging coefficient
clip obs 200 Clip observation
n cycles 1 Number of cycles per epoch
n batches 10 Training batches per cycle
batch size 1024 Batch size hyper-parameter
reward batch size 50 Reward batch size for PEBBLE and

RFLAT
random eps 0.2 Percentage of time a random action is

taken
alpha 0.05 Weightage parameter for SAC
noise eps 0.05 Std of Gaussian noise added to not-

completely-random actions
norm eps 0.01 Epsilon used for observation normaliza-

tion
norm clip 5 Normalized observations are cropped to

this value
adam beta1 0.9 Beta 1 for Adam optimizer
adam beta2 0.999 Beta 2 for Adam optimizer

Table 7.1: Hyperparameters used in PIPER.

7.2.2 Evaluation and Results

In order to analyse our design choices, we consider multiple baselines: PIPER-No-V

(PIPER without primitive informed regularization, Section 7.1.4), RFLAT (Single-level

PEBBLE [33] implementation with target networks), HIER (vanilla hierarchical SAC im-

plementation), HAC (Hindsight Actor Critic [27]), DAC (Discriminator Actor Critic [110]),

FLAT (Single-level SAC), and RAPS [133]. In Figure 7.2, we compare the success rate

performances of PIPER with hierarchical and non-hierarchical baselines.
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(a) Maze Navigation (b) Pick and Place

(c) Push (d) Hollow (e) Franka Kitchen

Figure 7.2: Success rate comparison This figure compares the success rate perfor-
mances on four sparse maze navigation and robotic manipulation environments: (i) maze
navigation (Row 1, Col 1), (ii) pick and place (Row 1, Col 2), (iii) push (Row 2, Col 1),
(iv) hollow (Row 2, Col 2), and (v) franka kitchen (Row 2, Col 3). The solid line and
shaded regions represent the mean and standard deviation, across 5 seeds. We compare
our approach PIPER against multiple baselines. As can be seen, PIPER shows impressive

performance and significantly outperforms the baselines.

Evaluating the Benefits of Primitive-Informed Regularization. To illustrate the

advantage of primitive informed regularization, we implemented PIPER-No-V, which is

PIPER without primitive-informed regularization. As seen in Figure 7.2, though PIPER

significantly outperforms PIPER-No-V baseline in pick and place and push tasks, it only

slightly outperforms PIPER-No-V in the maze, hollow and kitchen environments. This

illustrates that primitive-informed regularization successfully encourages the higher-level

policy to generate subgoals achievable by lower-level policies.

Comparison with hierarchical baselines. We compare PIPER with two hierarchical

baselines to demonstrate that PIPER is indeed able to effectively mitigate non-stationarity

in HRL. We implemented two baselines: HAC (Hierarchical Actor Critic) [95], a hierar-

chical approach that deals with the non-stationarity issue by relabeling transitions, while

assuming an optimal lower primitive; and HIER, which is a vanilla HRL baseline imple-

mented using SAC. As seen in Figure 7.2, PIPER is able to significantly outperform both
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these baselines, illustrating that PIPER is indeed able to better mitigate non-stationarity

in HRL. Although HAC addresses non-stationarity by considering optimal lower level pol-

icy, it is still not able to solve non-stationarity issue when this assumption does not hold.

In contrast, PIPER employs preference based learning to generate efficient subgoals for the

lower primitive, thus generating efficient subgoals for the lower primitive and mitigating

non-stationarity in HRL.

Comparison with PEBBLE ablation. We also compare PIPER with RFLAT, which

is a re-implementation of PEBBLE [33] with target networks, and where the preference

feedback is generated using PiL approach. Since the environments are sparse, we also

augmented PEBBLE with hindsight relabeling in our implementation of RFLAT. As seen

in Figure 7.2, PIPER is able to significantly outperform RFLAT. This empirically il-

lustrates that our hierarchical preference-based learning approach is able to outperform

flat preference-based learning approach, thus demonstrating the advantage of hierarchical

abstraction.

Comparison against RAPS. We finally compare against RAPS [133], a hierarchical

approach where the higher-level policy picks from among hand-designed action primitives

at the lower level. Importantly, the performance of RAPS depends on the quality of action

primitives. We found that RAPS was able to outperform PIPER and all other baselines in

the maze navigation environment. We hypothesize that this is because the hand-designed

lower primitive used in the maze task makes the task significantly easier for the higher level.

However, RAPS did not show progress in the more difficult pick and place, push, hollow

and kitchen tasks. This demonstrates that although RAPS takes advantage of domain-

specific action primitives, the performance does not generalize to complex environments

due to sub-optimal action primitives. In contrast, PIPER does not require domain-specific

action primitives.

Comparisons with single-level baselines. We also implemented Discriminator Actor-

Critic (DAC) [110] with access to a single demonstration in the pick and place, push, hol-

low and kitchen environments, to analyse how PIPER fares against single-level baselines
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trained with privileged information. Additionally, we compared PIPER with a single-level

RL baseline implemented using SAC. Both baselines failed to show significant progress,

while PIPER clearly outperforms the baselines. This clearly shows the advantage of hier-

archical abstraction employed by PIPER.

7.2.3 Qualitative Insights

• Mitigation of Reward Non-Stationarity through Preference-Based Rela-

beling: Unlike baseline hierarchical RL methods that suffer from destabilization

caused by changing lower-level policies, PIPER employs a learned preference-based

reward model to relabel higher-level replay buffers. This decouples the higher-level

reward signal from lower-level policy non-stationarity. Qualitatively, this leads to

smoother and more stable policy improvement over training phases as the higher-

level policy receives consistent feedback, enabling reliable subgoal selection through-

out learning.

• Primitive-Informed Regularization Ensuring Feasible Subgoals: A key qual-

itative difference is PIPER’s primitive-informed regularization, which conditions the

subgoal generator on the current capabilities of the lower-level policy via its value

function. This approach prevents the generation of unrealistic or infeasible subgoals

that halt learning at lower levels, which a common failure mode in other hierarchical

approaches. As a result, the hierarchy’s decomposition of the problem maintains

a meaningful balance between levels, ensuring progressive skill acquisition without

degenerate task splits.

• Hindsight Relabeling Enhancing Sparse Reward Learning: PIPER’s use of

hindsight relabeling in the preference feedback loop enriches sparse environments

with denser, more informative signal. This strategy qualitatively speeds up the

learning process by enabling the agent to reinterpret past experiences with alternate

subgoals, resulting in more effective exploration and policy updates. Such behaviors

are noticeably absent in other flat or vanilla hierarchical algorithms.



PIPER: Primitive-Informed Preference-based HRL via Hindsight Relabeling 118

• Hierarchical Preference-Based Learning Outperforms Flat Approaches:

Unlike flat preference-based RL methods which directly optimize policies from pref-

erences over primitive actions, PIPER’s hierarchical structure leverages subgoal ab-

stractions to focus learning on temporally extended objectives. This decomposition

allows more efficient credit assignment over long horizons and better exploration

strategies, thus enabling improved performance.

• Use of Soft Target Updates for Reward Model Stability: The inclusion

of soft target networks to stabilize the preference-based reward model is a deliber-

ate architectural refinement not typically found in prior preference-based learning

approaches. This qualitative improvement prevents oscillatory reward signals and

catastrophic forgetting in reward estimation.

7.2.4 Ablation Analysis

Here, we empirically demonstrate the importance of our each various component technique,

by performing corresponding ablation study. We analyze the effect of varying the weight

parameter α in Figure ??, and found that setting appropriate value of hyperparameter α

is crucial for improved performance. If α is too small, we lose the advantages of primitive-

informed regularization, leading to poor performance. In contrast, if α is too large, it leads

to degenerate solutions. We also analyze the effect of removing the hindsight relabeling

(PIPER-No-HR ablation). In Figure 7.4, the empirical results show that hindsight relabel-

ing indeed leads to improved performance. Further, we remove the target networks from

PIPER (PIPER-No-Target), to analyze whether using target networks stabilizes training.

As seen in Figure 7.5, target networks significantly improve training stability. Finally, in

Figure 7.6, we compare PIPER against two baselines with well-behaved, hand designed

dense reward functions ((i) flat SAC with dense reward function (SAC-Dense), and (ii)

PEBBLE with actual human preferences (PEBBLE-Dense)). This comparison aims to

aid the practitioners for choosing between hand-designing dense reward functions, or im-

plementing PIPER. Although SAC-Dense outperforms PIPER in easier tasks, PIPER is
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(a) Maze Navigation (b) Pick and Place

(c) Push (d) Hollow (e) Franka Kitchen

Figure 7.3: Hindsight Relabeling ablation This figure compares the performance of
our PIPER approach with PIPER-No-HR ablation, which is effectively PIPER without
hindsight relabeling [95] (as explained in Section 7.1.3) on four sparse maze navigation
and robotic manipulation environments: (i) maze navigation (Row 1, Col 1), (ii) pick
and place (Row 1, Col 2), (iii) push (Row 2, Col 1), (iv) hollow (Row 2, Col 2), and
(v) franka kitchen (Row 2, Col 3). The plots showcase that although hindsight relabeling
demonstrates minor performance improvement in sparse maze and kitchen tasks, it pro-

vides significant training speedup in sparse pick and place and push environments.

able to outperform SAC-Dense in harder environments. We believe this to is due to two

reasons:

• hand-designing a suitable reward in complex environments is comparatively hard,

and may lead to sub-optimal performance, and

• the advantages of various design choices in PIPER (exploration and task abstraction

due to hierarchical structure, mitigating non-stationarity using preference based RL,

reward densification using hindsight relabeling, feasible subgoal generation using

primitive regularization, and added training stability due to target networks) out-

weigh the presence of dense rewards in SAC-Dense baseline.

Notably, SAC-Dense completely fails to solve the kitchen task. PEBBLE-Dense is unable

to show good performance in any task. We also implemented PEBBLE with actual human
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(a) Maze Navigation (b) Pick and Place

(c) Push (d) Hollow (e) Franka Kitchen

Figure 7.4: Hindsight Relabeling ablation This figure compares the performance of
our PIPER approach with PIPER-No-HR ablation, which is effectively PIPER without
hindsight relabeling [95] (as explained in Section 7.1.3) on four sparse maze navigation
and robotic manipulation environments: (i) maze navigation (Row 1, Col 1), (ii) pick
and place (Row 1, Col 2), (iii) push (Row 2, Col 1), (iv) hollow (Row 2, Col 2), and
(v) franka kitchen (Row 2, Col 3). The plots showcase that although hindsight relabeling
demonstrates minor performance improvement in sparse maze and kitchen tasks, it pro-

vides significant training speedup in sparse pick and place and push environments.

preferences (rather than primitives), but find that this baseline is unable to show good

performance in any of the tasks. This shows that although PEBBLE shows impressive

performance in simple environments, it needs further improvements to make it work in

complex robotic manipulation tasks like the ones explored in this work.

7.3 Related Work

Preference-based Learning

Preference-based reinforcement learning (PbRL) has emerged as a compelling paradigm

for learning from non-numeric, relative forms of human feedback, such as pairwise rankings

or preferences, to address the challenges of reward engineering and task specification in

RL. Unlike traditional RL, which depends on a manually designed reward function, PbRL
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(a) Maze Navigation (b) Pick and Place

(c) Push (d) Hollow (e) Franka Kitchen

Figure 7.5: Target networks ablation This figure compares the performance of our
PIPER approach with PIPER-No-Target ablation, which is effectively PIPER without
target networks implementation [154] on four sparse maze navigation and robotic manip-
ulation environments: (i) maze navigation (Row 1, Col 1), (ii) pick and place (Row 1, Col
2), (iii) push (Row 2, Col 1), (iv) hollow (Row 2, Col 2), and (v) franka kitchen (Row 2,
Col 3). The plots showcase that using target networks significantly improves performance
and indeed reduces training instability caused by non-stationary reward models r̂ϕ, learnt

using preference based learning.

enables agents to optimize behaviors directly based on human judgments, thereby bypass-

ing the intricacies of reward shaping and making RL applicable to a broader spectrum of

tasks and end-users [158, 159].

Direct Human Feedback and the TAMER Framework. Initial studies, notably

the TAMER framework [160], demonstrated that RL agents can be trained interactively

through scalar feedback signals from non-expert users. The TAMER+RL extension in-

tegrates such feedback with environmental rewards, improving agent performance and

learning speed [161]. Extensions of TAMER further support continuous state and action

spaces [162], showing the breadth of applicability.

Warnell et al. [163] extended TAMER to deep RL, enabling neural agents to interpret and

utilize feedback signals as a surrogate reward, while Li et al. [164] and Knox et al. [161]
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(a) Maze Navigation (b) Pick and Place

(c) Push (d) Hollow (e) Franka Kitchen

Figure 7.6: Dense rewards ablation This figure compares the success rate perfor-
mances between PIPER and two baselines based on dense rewards: (i) SAC-Dense, and
(ii) PEBBLE-Dense on four sparse maze navigation and robotic manipulation environ-
ments: (i) maze navigation (Row 1, Col 1), (ii) pick and place (Row 1, Col 2), (iii)
push (Row 2, Col 1), (iv) hollow (Row 2, Col 2), and (v) franka kitchen (Row 2, Col 3).
Although SAC-Dense outperforms PIPER on easier tasks, PIPER is able to outperform
SAC-Dense in harder tasks. Notably, PEBBLE-Dense is unable to solve any of the tasks.
Thus, PIPER shows impressive performance, and is a viable approach in complex sparse

reward scenarios.

studied the impact of informative behavior and training interface design for boosting the

efficiency and quality of human feedback.

Learning from Preference Rankings/Pairwise Comparisons. Several methods use

human rankings for RL, with early work introducing probabilistic models of preference

and incorporating them into RL policy updates [165–167]. One influential work [33] builds

a reward model from pairwise preference comparisons, then uses it as a proxy reward in

standard deep RL algorithms.

On-Policy and Off-Policy Approaches. On-policy methods, as in [33], rely on feedback

collected in lock-step with policy exploration, often requiring considerable data. Off-

policy PbRL and RLHF approaches [168–172] improve sample efficiency by decoupling
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data collection from feedback elicitation, allowing for greater data re-use and better scaling

to expensive or delayed feedback scenarios.

Methods like PEBBLE [168] and LEASE [170] leverage offline datasets and innovative pref-

erence augmentation for efficient offline training. Newer works provide theoretical analysis

of sample complexity and policy evaluation guarantees when learning rewards from pref-

erences rather than explicit signals [171, 172]. Additional improvements include efficient

querying and preference aggregation [173, 174], as well as studies into the robustness and

reliability of learning from diverse, potentially noisy or crowd-sourced preferences [174].

In this work, we build on these foundations by proposing an off-policy hierarchical RL

approach using preference-based feedback to mitigate non-stationarity in HRL while reg-

ularizing subgoal generation through primitive-informed regularization.

7.4 Discussion

Limitations: PIPER uses L2 distance between states as the informative metric, which

might be hard to compute in scenarios where the subgoals and goals are high-dimensional

(e.g. images). A possible way to deal with this is to find a near optimal latent rep-

resentation [175]. Further, although PIPER replaces human-in-the-loop preferences via

primitive-in-the-loop (PiL) approach to generate trajectory preferences, human preferences

may contain additional information that PiL may be unable to capture (say, humans may

prefer trajectories that are safe to traverse, which do not involve any wall collisions). A

possible way to deal with this issue is to employ additional rewards in Eqn 7.5, which

prefer a safe trajectory. Similarly, the proposed primitive regularization approach may

not generate such safe subgoals in its naive form. To this end, we can additionally learn

a new safe value function V s(s, g), which regularizes the higher agents to produce safe

subgoals. Finally, the proposed target networks require additional memory and training

overhead, and require setting the hyper-parameter τ . However, we found in practice that
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the memory and training overheads are minimal, and setting τ does not cause a significant

overhead.

Conclusion: In this work, we propose PIPER, a primitive informed hierarchical RL

algorithm that leverages preference based learning to mitigate the non-stationarity issue in

HRL. Using primitive informed regularization, PIPER is able to generate efficient subgoals,

according to the goal achieving capability of the lower primitive. We demonstrate that by

incorporating primitive informed regularization, hindsight relabeling, and target networks,

PIPER is able to perform complex robotic tasks in sparse scenarios, and significantly

outperform the baselines. Additionally, PIPER is able to outperform flat preference based

learning. We therefore believe that hierarchical preference based learning is a promising

step towards building practical robotic systems that solve complex real-world tasks.



Chapter 8

Hierarchical Preference

Optimization: Learning to Achieve

Goals via Feasible Subgoals

Prediction

The strongest principle of growth lies in human choice.

– George Eliot

1 In the last chapter, we propose an RLHF-based method to mitigate non-stationarity in

HRL by first learning a reward model from preference data and then using RL to train the

high-level policy. In contrast, direct preference optimization (DPO) methods [34] learn

policies directly from preference data, bypassing the need for expensive and potentially

unstable RL step which can still result in infeasible subgoal predictions for the lower-level

primitives. Leveraging DPO to learn the high-level policy in HRL could efficiently mitigate

non-stationarity. However, naively applying DPO requires effective pre-trained reference

1This chapter is based on the paper in submission at NeuRIPS 2025 [80].
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Figure 8.1: HPO Overview: (left) In vanilla HRL, the higher level rewards depend on
the environment rewards, and thus on the lower primitive behavior, which causes non-
stationarity in HRL. Also, the higher level may predict infeasible subgoals that are too
hard for lower primitive. (middle) In HPO, the lower level value function VπL is leveraged
to condition higher level policy into predicting feasible subgoals, and direct preference
optimization (DPO) is used to optimize higher level policy. Since this preference-based
learning approach does not depend on lower primitive, this mitigates non-stationarity.
Note that since the current estimation of value function is used to regularize the higher
policy, it does not cause non-stationarity. (right) Training environments: (i) maze navi-

gation, (ii) pick and place, (iii) push, and (iv) franka kitchen environment.

policies, which are often unavailable in robotics scenarios. Additionally, such approaches

may still produce subgoals that are infeasible for the lower-level policy.

In this chapter, we propose Hierarchical preference optimization (HPO), a hierarchical ap-

proach for addressing non-stationarity (C1) and infeasible subgoal generation (C2), that

optimizes the higher level policy using token-level DPO objective [176], and the lower level

primitive policy using RL. HPO addresses non-stationarity (C1) by leveraging preference

datat to learn the higher level policy, thereby avoiding dependence on changing lower level

primitive. We derive token-level DPO objective in a maximum entropy RL setting, to elim-

inate the requirement of pre-trained models as reference policy. Furthermore, in order to

address (C2) and generate feasible subgoals, we formulate HRL as a bi-level formulation,

which regularizes the higher level policy to predict feasible subgoals using lower level value

function based regularization, which we call primitive regularization. Finally, since elic-

iting human feedback is hard in complex robotic tasks, we employ primitive-in-the-loop

approach [79] for autonomously generating preferences using sparse environment rewards.

The primary contributions of this work are as follows.
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(i) Novel primitive-regularized preference optimization approach to solve hier-

archal RL: We propose a novel Hierarchical Preference Optimization (HPO) method that

leverages primitive-regularized Direct Preference Optimization (DPO) to solve complex RL

tasks using human preference data (Section 8.1). Our approach is principled; we derive it

by reformulating the HRL problem as a bi-level optimization problem. To the best of our

knowledge, this is the first work to utilize the bi-level optimization framework to develop

a principled solution for HRL.

(ii) Addressing non-stationarity and infeasible subgoal generation issues of

SoTA HRL: By adopting a principled approach, we solve the bi-level optimization prob-

lem while respecting the distributional dependence between lower-level and higher-level

policies. This enables our approach to significantly reduce the effects of non-stationarity

and infeasible subgoal generation in a variety of scenarios. We provide detailed evidence

of this in Section 8.2 Figure 8.3.

(iii) Improved performance in complex robotics tasks: Our extensive experiments

demonstrate that HPO demonstrates an improvement of upto 40% over the baselines in

most of the task environments, where other baselines typically fail to make any significant

progress (Section 8.2).

Background

MDP Setup.

We formulate the problem using a Markov Decision Process (MDP), defined as (S,A, p, r, γ).

Here, S represents the state space, and A denotes the action space. The transition dy-

namics are governed by the stochastic probability function p : S ×A → ∆(S), which maps

each state-action pair to a probability distribution over subsequent states. The reward

function, r : S × A → R, provides a scalar reward based on the current state and action,

and γ ∈ (0, 1) is the discount factor that modulates the importance of future rewards.
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At each time step t, the agent follows a policy π : S → ∆(A), which defines a proba-

bility distribution over actions at given the current state st. After taking action at, the

agent receives a reward rt = r(st, at), and the environment transitions to a new state st+1

according to the transition probability p(·|st, at).

RL Objective.

The objective in RL is to find an optimal policy that maximizes the expected cumulative

reward, formally defined as π∗ := argmaxπ J(π), where J(π) = Eπ

[∑∞
t=0 γ

trt
]
. The

value function for policy π, denoted as Vπ(st, gt), captures the expected cumulative reward

from state st with goal gt, and is defined as Vπ(st, gt) = Eπ[
∑T

t=0 γ
trt|st, gt], where the

expectation is over policy trajectories, γ is the discount factor, and rt is the reward at time

t. The Q function for policy π is denoted as Qπ(st, gt, at), which is the expected reward

over trajectories after taking action at at current time-step t.

Goal-Conditioned HRL.

The HRL framework defines two MDPs, a higher-level MDP and a low-level MDP, which

we define as follows:

Higher Level MDP: The higher level MDP is defined as (S,G,AH , pH , rH , γH), where S

is the state space, and G is the goal space. The higher level action space is denoted as AH ,

where the higher-level policy πH : S → ∆(AH) generates subgoals gt ∼ πH(·|st) for the

lower-level policy. In our case, we consider AH = G. Further, the higher level transition

dynamics are denoted as pH : S × G × AH → ∆(S). The higher-level policy is rewarded

based on the environment reward rHt (st, g
∗, gt), where g

∗ ∈ G is the final goal. The reward

function for the higher level, rH : S × G × AH → R, encourages progress toward the final

goal objective. It is worth highlighting here that although the rewards for the higher-level

policy are derived from the environment reward, due to the inherent hierarchical structure

and since the next achieved state for the higher level policy πH depends on the level policy
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πL, the rewards achieved by the higher level policy indirectly depend on the current lower-

level policy πL. We explicitly state this nuance by representing the higher level reward as

rH
πL(.|st,gt) in Section 8.1 later.

Lower Level MDP: In contrast, the lower level MDP is defined as (S,AL, pL, rL, γL),

where S is the state space, AL is the action space, and pL : S × AL → ∆(S) denotes

the transition dynamics. We operate under a sparse reward setting, where the lower-

level policy is driven by a sparse reward signal rLt (st, gt, at) = 1{|st−gt|2<ε}, with 1C as

an indicator function returning 1 if the condition C holds, indicating that the subgoal is

reached. Notably, the reward function rL : S × G × A → R encourages progress towards

achieving the subgoal gt provided by the higher level policy.

Hierarchical Setup: The higher-level policy generates subgoals for the lower-level policy

after every k timesteps, which then takes primitive actions to achieve these subgoals within

the k timesteps, thereby collectively working towards achieving the overall objective. For-

mally, the higher-level policy πH : S → ∆(G) selects a subgoal gt ∈ G, where G is a subset

of the state space S, representing the set of goals. A subgoal gt ∼ πH(·|st) is selected

every k timesteps, such that gt = gk·⌈t/k⌉ and remains fixed during this period. At each

timestep t, the lower-level policy πL : S × G → ∆(A) selects an action at ∼ πL(·|st, gt)

based on the current state st and the subgoal gt, after which the environment transitions

to the next state, st+1 ∼ p(·|st, at). Thus, the higher level QH and V H functions are the

expected rewards defined over higher level subgoal prediction trajectories defined in the

higher level replay buffer as tuples (st, g
∗, gt, r

H
t , st+k) (updated every k timesteps), and

the the lower level QL and V L functions are the expected rewards defined over lower level

primitive action prediction trajectories defined in the lower level replay buffer as tuples

(st, gt, at, r
L
t , st+1).

Next, we enlist the challenges of standard HRL methods.
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Challenges of HRL

While HRL offers advantages over traditional RL, such as better sample efficiency through

temporal abstraction and enhanced exploration [6, 26], it also faces significant challenges.

We focus on two key issues:

C1. Training instability due to non-stationarity in off-policy HRL, and

C2. Suboptimal performance due to the generation of infeasible subgoals by the higher-

level policy.

Off-policy HRL suffers from non-stationarity because the behavior of the lower-level policy

changes over time [26, 27]. This makes previously collected higher-level transitions in

the replay buffer outdated, reducing their effectiveness. Furthermore, the higher-level

policy may suggest infeasible subgoals for the lower-level policy [28], hindering learning

and decreasing overall performance. Thus, despite its theoretical advantages, HRL often

underperforms in practice [26, 27].

Preference-based learning (PbL) methods such as RLHF [33, 149, 150] and DPO [34] leverage

preference data to solve complex tasks. Prior work [79] leverages RLHF to mitigate non-

stationarity in HRL using preferences. However, directly applying PbL techniques to HRL

remains challenging. We now first discuss PbL approaches and then discuss their key

limitations when directly applying to HRL.

PbL: Preference Based Learning

Reinforcement Learning from Human Feedback (RLHF): In this setting, the agent

behavior is represented as a k-length trajectory denoted as τ , of state observations and

actions: τ = ((st, at), (st+1, at+1)...(st+k−1, at+k−1)). The reward model to be learned

is denoted by r̂ϕ : S × A → R, where ϕ are the reward model parameters. Thus, the
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preferences between two trajectories, τ1 and τ2, can be expressed through the Bradley-

Terry model [153]:

Pϕ

[
τ1 ≻ τ2

]
=

exp
∑

t r̂ϕ
(
s1t , a

1
t

)∑
i∈{1,2} exp

∑
t r̂ϕ

(
sit, a

i
t

) , (8.1)

where τ1 ≻ τ2 implies that τ1 is preferred over τ2. The preference dataset D has entries

of the form (τ1, τ2, y), where y = (1, 0) when τ1 is preferred over τ2, y = (0, 1) when

τ2 is preferred over τ1, and y = (0.5, 0.5) in case of no preference. In RLHF, we first

learn the reward function r̂ϕ [33] using cross-entropy loss along with use (8.1) to yield the

formulation:

L(ϕ) = −E(τ1,τ2,y)∼D[log σ(
T−1∑
t=0

r̂ϕ
(
s1t , g

∗, g1t
)
−

T−1∑
t=0

r̂ϕ
(
s2t , g

∗, g2t
)
)]. (8.2)

Subsequently, the reward model is used to learn the corresponding policy using RL.

Direct Preference Optimization (DPO): Although RLHF provides an elegant framework

for learning policies from preferences, it involves RL training step which is often expensive

and unstable in practice. In contrast, DPO [34] circumvents the need for RL step by using

a closed-form solution for the optimal policy of the KL-regularized RL problem [155]:

π∗(a|s) = 1
Z(s)πref (a|s)e

r(s,a), where πref is the reference policy, π∗ is the optimal policy,

and Z(s) is a normalizing partition function ensuring that π∗ provides a valid probability

distribution over A for each s ∈ S. This formulation is rearranged to yield the reward

function: r(s, a) = α log π∗(a|s)− α log πref (a|s)− Z(s), which is then substituted in the

standard cross-entropy loss (8.2), to yield the following objective:

LDPO(θ) = −E(s,y1,y2)∼D[log σ(α log
πθ(y1|s)
πref (y1|s)

− α log
πθ(y2|s)
πref (y2|s)

)], (8.3)

where θ are the policy parameters and σ denotes the sigmoid function. Next we discuss

key limitations when directly applying PbL to HRL.



HPO: Learning to Achieve Goals via Feasible Subgoals Prediction 132

Limitations of directly applying PbL to HRL

Directly using RLHF: Prior approaches leverage the advancements in PbL to mitigate

non-stationarity [79] by utilizing the reward model rHϕ learned using RLHF as higher level

rewards instead of environment rewards rHπL
used in vanilla HRL approaches, which depend

on the sub-optimal lower primitive. However, such approaches may lead to degenerate

solutions by generating infeasible subgoals for the lower-level primitive. Additionally, such

approaches require RL as an intermediate step, which might cause training instability [34].

Directly using DPO: In temporally extended task environments like robotics, directly

extending DPO to the HRL framework is also non-trivial due to three reasons: (i) such

scenarios deal with multi-step trajectories involving stochastic transitions models, (ii)

efficient pre-trained reference policies are typically unavailable in robotics, (iii) similar

to RLHF, such approaches may produce degenerate solutions when the higher level policy

subgoal predictions are infeasible.

8.1 HPO : Hierarchical Preference Optimization

To deal with the challenges of HRL and utilizing PbL in HRL framework (8), we introduce

HPO : Hierarchical Preference Optimization, a novel approach that leverages primitive

regularized DPO to mitigate non-stationarity and infeasible subgoal generation issues in

HRL. The rest of this section proceeds as follows: we first critically analyze the key

source of non-stationarity in HRL and formulate HRL as a bi-level optimization problem.

Utilizing this formulation, we then derive a primitive-regularized token-level DPO objective

that overcomes the limitations of non-stationarity and infeasible subgoals generation in

HRL. Finally, we analyze the HPO objective and gradient, and provide the final algorithm.
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8.1.1 HRL: Bi-Level Formulation

We first consider the bi-level formulation for HRL. Let T be the task horizon, st be the state

at time t, g∗ be the final goal, and gt ∼ πH(.|st, g∗) be the higher level subgoal prediction

at time t. In the HRL framework, the lower level optimal policy is represented as πL∗ . The

higher-level policy πH predicts subgoal gt to πL∗ , and receives higher level rewards rH
πL
∗

(which depends on the optimal lower primitive πL∗ ). The lower primitive policy executes

primitive actions at to achieve the predicted subgoals. The higher level objective can thus

be represented as:

max
πH

EπH

[
T−1∑
t=0

rHπL
∗ (·|st,gt)(st, g

∗, gt)

]
. (8.4)

Issue of non-stationarity. In vanilla HRL, when the hierarchical levels are trained con-

currently, since we do not have access to the optimal πL∗ (·|s, g) policy in the objective in

(8.4), the higher level rewards are instead generated using an approximated lower primitive

πLθ (·|s, g), which is sub-optimal. Due to this sub-optimal lower level primitive, the higher

level rewards rH
πL
θ
are non-stationary (e.g. we may encounter different higher level rewards

for the same subgoal prediction, as πLθ (·|s, g) changes). This causes the non-stationarity

issue in HRL.

Issue of infeasible subgoal generation. Since the sub-optimality in the lower-level

policy affects its ability to reach a given subgoal, it consequently impacts the higher-level

credit assignment during subsequent subgoal generation. This may cause the higher level

to produce infeasible subgoals.

Distribution shift issue and bi-level formulation. To understand further the tech-

nical reasoning of the above-mentioned issues, let us expand upon the nested structure of

the objective in (8.4), which is a bi-level optimization problem given by

max
πH
J (πH , πL∗ (πH)) s.t. ∀t ∈ [0 : T − 1], πL∗ (·|st, gt) = argmaxπL(·|st,gt)VπL(·|st,gt)(π

H),

(8.5)
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where J (πH , πL∗ (πH)) represents the higher level maximization objective (cf. (8.4)), and

VπL(πH) is the lower level value function, conditioned on the higher level policy subgoals.

We note that the problem in (8.5) is just an expanded version of the problem in (8.4). From

the bi-level structure in (8.5), we note that when we approximate the optimal lower level

policy π∗L with an approximated version πLθ , it would actually break the nested structure of

the problem in (8.5), leading to the issues of non-stationarity as well as infeasible subgoal

generation. In this work, we propose a novel approach to solving the original HRL problem

in (8.5) without breaking the nested structure as follows.

Directly considering the nested structure in (8.4). Utilizing the recent advancements

in the optimization literature [177], we consider the equivalent constraint formulation of

the problem in (8.5) as follows

max
πH ,πL

J (πH , πL) s.t. ∀t ∈ [0 : T − 1], VπL(·|st,gt)(π
H) ≥ VπL

∗ (·|st,gt)(π
H). (8.6)

The constraint optimization problem is also challenging because it requires the access to

VπL
∗
(πH) which is hard to obtain in practice. But let us try to discuss the constraint in

detail. The constraint VπL(πH) ≥ VπL
∗
(πH) is essentially to enforce the optimality of the

lower level policy, because VπL
∗
(πH) is the maximum (optimal) value. But we note that

for the sparse reward scenarios (wlog assuming reward is between 0 and 1), the value

function VπL(πH) = 0 for any non-goal reaching policy. But VπL
∗
(πH) > 0 or equivalently

is definitely non-zero for the goal reaching optimal policy πL∗ . Therefore, it is sufficient

to ensure VπL(πH) > 0 in the constraint. To make the problem tractable, we introduce a

parameter delta and reformulate the problem in (8.6) as follows:

max
πH ,πL

J (πH , πL) s.t. ∀t ∈ [0 : T − 1], VπL(·|st,gt)(π
H) ≥ δ, (8.7)
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where δ > 0. Now, we formulate (8.7) as the following Lagrangian objective and substitute

the objective from (8.4), where λ is the regularization weight hyper-parameter:

max
πH ,πL

EπH [
T−1∑
t=0

rHπL(·|st,gt)(st, g
∗, gt) + λt(VπL(·|st,gt)(π

H)− δ)]. (8.8)

We can use (8.8) to solve the HRL policies for both higher and lower level, where (i) the

higher level policy learns to achieve the final goal and predict feasible subgoals to the lower

level policy, and (ii) the lower level policy learns to achieve the predicted subgoals. This

will mitigate the issues of non-stationarity (C1) and infeasible subgoal generation (C2).

However, directly optimizing (8.8) requires knowledge of higher level reward function rH
πL

as a function of πL, which is unavailable. Also as mentioned before, using RL to optimize

the objective will be unstable.

Next, we discuss HPO: our PbL based approach that efficiently optimizes (8.8) by learn-

ing a primitive-regularized DPO objective which simultaneously solves the issues of non-

stationarity (C1) and infeasible subgoal generation (C2).

8.1.2 HPO

Here, we derive our HPO objective. When optimizing for the higher level policy, Equation

(8.8) can be re-written as:

max
πH

EπH

[
T−1∑
t=0

r̂ϕ

]
, (8.9)

where, r̂ϕ = rHL (st, g
∗, gt) + λ(VπL(st, gt)− δ) (for simplicity, we will henceforth represent

rH
πL(st,gt)

by rHL ). As originally explored in [178], the relationship between the future

returns and the current timestep return can be captured by the following bellman equation

corresponding to the optimal higher level policy πH∗ :
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QH
∗ (st, g

∗, gt) =


rHL (st, g

∗, gt) + V H
∗ (st+1, g

∗) if st+1 is not terminal,

rHL (st, g
∗, gt) if st+1 is terminal.

(8.10)

Since there is a bijection between the reward function rHL (st, g
∗, gt) and corresponding

optimal state value function QH
∗ (st, g

∗, gt) in the token MDP [176], we reformulate (8.10)

to represent the rewards as follows:

rHL (st, g
∗, gt) =

[
QH

∗ (st, g
∗, gt)− V H

∗ (st+1, g
∗)
]
. (8.11)

For the full trajectory τ , we can use (8.9) and (8.11) to get:

T−1∑
t=0

r̂ϕ =

T−1∑
t=0

(QH
∗ (st, g

∗, gt)− V H
∗ (st+1, g

∗) + λ(VπL(st, gt)− δ))

(a)
= V H

∗ (s0, g
∗)+

T−1∑
t=0

(QH
∗ (st, g

∗, gt)− V H
∗ (st, g

∗) + λ(VπL(st, gt)− δ))

(b)
= V H

∗ (s0, g
∗) +

T−1∑
t=0

(AH
∗ (st, g

∗, gt) + λ(VπL(st, gt)− δ))

(c)
= V H

∗ (s0, g
∗) +

T−1∑
t=0

(β log πH∗ (gt|st, g∗) + λ(VπL(st, gt)− δ)),

where (a) is due to adding and subtracting V H
∗ (s0, g

∗), (b) is due to QH
∗ (st, g

∗, gt) −

V H
∗ (st, g

∗) = AH
∗ (st, g

∗, gt) where AH
∗ (st, g

∗, gt) represents the advantage function, and

(c) is due to a result from [179], AH
∗ (st, g

∗, gt) = β log(πH∗ (gt|st, g∗)). Substituting (8.12)
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in (8.2) yields the primitive regularized DPO objective LO = L(πH∗ ,D) as:

LO = −E(τ1,τ2,y)∼D

[
log σ

(T−1∑
t=0

(
β log πH∗

(
g1t |s1t , g∗

)
−

β log πH∗
(
g2t |s2t , g∗

)
+λVπL

(
s1t , g

1
t

)
− λVπL

(
s2t , g

2
t

)))]

Note that terms V H
∗ (s0, g

∗) and λδ are same for both trajectories and hence they cancel.

This is the final HPO objective which optimizes the higher-level policy using primitive

regularized DPO. Next, we analyze and discuss the HPO gradient.

Analyzing HPO gradient: We further analyze the HPO objective by interpreting the

gradient LG = ∇L(πH∗ ,D) with respect to higher level policy πH∗ , denoted as:

LG = −βE(τ1,τ2,y)∼D

[T−1∑
t=0

(
σ
(
r̂
(
s2t , g

2
t

)
− r̂

(
s1t , g

1
t

))︸ ︷︷ ︸
higher weight for incorrect preference

·
(
∇ log πH

(
g1t |s1t , g∗

)︸ ︷︷ ︸
increase likelihood of τ1

−∇ log πH
(
g2t |s2t , g∗

)︸ ︷︷ ︸
decrease likelihood of τ2

))]
. (8.12)

where r̂(st, gt, g
∗) = β log πH(gt|st, g∗) + λVπL(st, gt), which is the implicit reward deter-

mined by the higher-level policy and the lower-level value function. Conceptually, this

objective increases the likelihood of preferred trajectories while decreasing the likelihood

of dispreferred trajectories. Further, according to the strength of the KL constraint, the

examples are weighted based on how inaccurately the implicit reward model r̂(st, gt, g
∗)

ranks the trajectories. Notably, the λ weighted value function term VπL in the implicit

reward r̂ assigns high value to feasible subgoals, thus enabling primitive regularization.

Replacing human feedback: In the vanilla PbL framework, preferences are elicited from

human feedback [33]. However, collecting large amount of human preference feedback

required for PbL is computationally expensive. In this work, we follow the primitive-in-

the-loop (PiL) approach in PIPER [79], and simulate this preference feedback by using

implicit sparse rewards: rs(st, g
∗, gt), to determine preferences y between trajectories τ1

and τ2. This feedback is obtained as follows: suppose the higher level policy πH predicts
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subgoal gt ∼ πH(·|st, g∗) for state st and final goal g∗. The lower-level primitive executes

primitive actions according to its policy πL for k timesteps to end up in state st+k−1. We

use the sparse reward provided by the environment at state st+k−1 as the implicit sparse

reward, i.e., rs(st, g
∗, gt) = 1{∥st+k−1−g∗∥2≤ϵ}. We use the sum of all k-step rewards rs

for comparing the two trajectories, to obtain preferences between higher level behavior

sequences, as explained in detail in [79].

We now provide the psuedo-code for HPO algorithm in the Appendix 8.1.3 Algorithm 6.

8.1.3 HPO Algorithm

Here, we provide the pseudo-code for HPO algorithm

Algorithm 6 HPO

1: Initialize preference dataset D = {}.
2: Initialize lower level replay buffer RL = {}.
3: for i = 1 . . . N do
4: // Collect higher level trajectories τ using πH and lower level trajectories ρ using
πL,

5: // and store the trajectories in D and RL respectively.
6: // After every m timesteps, relabel D using primitive-in-the-loop feedback y.
7: // Lower level value function update
8: Optimize lower level value function VπL to get VπL .
9: // Higher level policy update using HPO

10: for each gradient step do
11: // Sample higher level behavior trajectories.
12: (τ1, τ2, y) ∼ D
13: Optimize higher level policy πU using (8.12).

14: // Lower primitive policy update using RL

15: for each gradient step do
16: Sample ρ from RL.
17: Optimize lower policy πL using SAC.

8.2 Experiments

In our empirical analysis, we ask the following questions:

(1) How well does HPO perform against baselines? How well does HPO perform in
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(a) Maze Navigation (b) Pick and Place (c) Push (d) Franka Kitchen

Figure 8.2: Success Rate plots This figure illustrates the success rates across four
sparse-reward maze navigation and robotic manipulation tasks: maze navigation (Col
1), pick and place (Col 2), push (Col 3), franka kitchen (Col 4), where the solid lines
represent the mean, and the shaded areas denote the standard deviation across 5 different
seeds. We evaluate HPO against several baselines. Although HAC and RAPS surpass HPO in
the maze task, HPO demonstrates strong performance and significantly outperforms the

baselines in the more challenging tasks.

complex robotics control tasks against prior hierarchical and non-hierarchical baselines?

(2) Does HPO mitigate HRL limitations? How well does HPO mitigate the issues of

non-stationarity (C1) and infeasible subgoal generation (C2) in HRL?

(3) What are the qualitative insights into HPO’s improved performance??

(4) What is the impact of our design decisions on the overall performance?

Can we concretely justify our design choices through extensive ablation analysis?

Task details: We assess HPO on four robotic navigation and manipulation environments:

(i) maze navigation, (ii) pick and place [95], (iii) push, and (iv) franka kitchen envi-

ronment [89]. These are formulated as sparse reward scenarios, where the agent is only

rewarded when it comes within a δ distance of the goal. Due to this, these environments

are hard where the agent must extensively explore the environment before coming across

any rewards. As an example: in franka kitchen task, the agent only receives a sparse

reward after achieving the final goal (e.g. successfully opening the microwave and then

turning on the gas knob).

Environment details: The main objective of our empirical analysis is to evaluate our ap-

proach on complex sparsely rewarded long-horizon tasks. Hence, we re-formulate the maze

navigation task and increase its complexity by considering randomly generated mazes.

Thus, the agent has to learn to generalize across new mazes. In the franka kitchen task,

the agent is sparsely rewarded only when it completes the final task, e.g open the microwave
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and turn on the gas knob. These nuances prohibit the prior baselines from performing

well in these tasks, which makes these test beds ideal scenarios for empirical evaluations.

Unless otherwise stated, we maintain empirical consistency across all baselines to ensure

fair comparisons. Finally, for harder tasks such as pick and place, push and franka kitchen,

we assume access to one human demonstration and incorporate an imitation learning ob-

jective at the lower level to accelerate learning. However, we apply the same assumption

consistently across all baselines to ensure fairness.

(1) How well does HPO perform against baselines?

In this section, we compare HPO against multiple hierarchical and non-hierarchical base-

lines. Please refer to Figure 8.2 for success rate comparison plots and subsequent dis-

cussion. The solid line and shaded regions represent the mean and standard deviation,

averaged over 5 seeds.

Comparison with DPO Baselines.

HPO-No-V baseline: HPO-No-V is an ablation of HPO without primitive regularization,

which uses DPO at the higher level to predict subgoals, and RL at the lower level policy.

The primitive regularization approach in HPO regularizes the higher level policy to predict

feasible subgoals. We employ this baseline to highlight the critical role of generating

feasible subgoals. As shown in Figure 8.2, HPO outperforms this baseline, underscoring the

critical role of feasible subgoal generation in achieving superior performance.

DPO-FLAT baseline: Here, we compare HPO with DPO-FLAT, which is a token-level

DPO [176] implementation. Note that since we do not have access to a pre-trained model

as a reference policy in robotics scenarios like generative language modeling, we use a

uniform policy as a reference policy, which effectively translates to an additional objective

of maximizing the entropy of the learnt policy. HPO is an hierarchical approach which

benefits from temporal abstraction and improved exploration, as seen in Figure 8.2 which

shows that HPO significantly outperforms this baseline.

Comparison with Hierarchical Baselines.
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SAGA baseline: We compare HPO with SAGA [180], which is a hierarchical approach that

employs state conditioned discriminator network training to address non-stationarity, by

ensuring that the high-level policy generates subgoals that align with the current state of

the low-level policy. We find that although SAGA performs well in the maze environment,

it fails to solve harder tasks where HPO is able to significantly outperform it. This demon-

strates that SAGA suffers from non-stationarity in harder long horizon tasks, and HPO is

able to better mitigate non-stationarity issue in such tasks.

PIPER baseline: We compare HPO with PIPER [79], that leverages RLHF to learn higher

level reward function to address HRL non-stationarity. Since HER [95] is an orthogonal ap-

proach to HPO, to ensure fair comparison, we implement an ablation of PIPER without HER.

We find that HPO is able to outperform this PIPER ablation on all tasks. This demonstrates

that our DPO based approach mitigates training instability caused by RL, and is able to

better mitigate non-stationarity in HRL.

RAPS baseline: Here, we consider RAPS [133] baseline, which employs behavior priors

at the lower level for solving the task. Although RAPS is an elegant framework for solving

robotic tasks where behavior priors are readily available, it requires considerable effort

to construct such priors and struggles to perform well in their absence, especially when

dealing with sparse reward scenarios. Indeed we empirically find this to be the case, since

although RAPS performs exceptionally well in maze navigation task, it fails to perform well

in other sparse complex manipulation tasks.

HAC baseline: In order to analyze how well HPO addresses non-stationarity, we consider

HAC [27] baseline. HAC tries to mitigate non-stationarity by simulating optimal lower level

primitive behavior. This approach performs relabeling on the replay buffer transitions and

is closely related to hindsight experience replay (HER) [95]. Although HAC performs well in

maze task, it struggles to perform well in harder tasks. HPO outperforms this baseline in 3

out of 4 tasks.

HIER baseline: We also implement HIER, a vanilla HRL baseline implemented using

SAC [114] at both hierarchical levels to demonstrate the significance of dealing with non-

stationarity. As expected, HPO is able to consistently outperform this baseline in all tasks.



HPO: Learning to Achieve Goals via Feasible Subgoals Prediction 142

Comparison with Non-Hierarchical Baselines.

DAC baseline: We implement a single-level baseline: Discriminator Actor Critic (DAC) [110].

We provide one demonstration to DAC baseline in each environment. However, despite hav-

ing access to privileged information, DAC still struggles to perform well.

FLAT baseline: We implement this baseline as a single-level SAC policy. This baseline

fails to any progress, showing that our hierarchical structure is key to effective performance

in complex tasks.

(a) Maze
Navigation (b) Pick and Place (c) Push (d) Franka Kitchen

HPOHPO

HPO

Figure 8.3: Subgoal Distance Metric. This figure compares HPO with HPO-No-V,

HAC, RAPS, HIER baselines, based on average distance between subgoals predicted by
the higher level policy and subgoals achieved by the lower level primitive. The tasks are
(i) Maze Navigation (a), (ii) Pick and Place (b), (iii) Push (c) and (iv) Franka Kitchen
environment (d). HPO consistently generates low average distance values, which implies
that in HPO, the higher level policy generates achievable subgoals that induce optimal
lower primitive goal reaching behavior. This shows that HPO is able to address non-

stationary in HRL and generate feasible subgoals.

(a) Maze Navigation (b) Pick and Place (c) Push (d) Franka Kitchen

HPOHPO

HPO

Figure 8.4: Lower Q-Function Metric. This figure compares HPO with HPO-No-V, HAC,

RAPS, HIER baselines, based on average lower level Q function values for the subgoals
predicted by the higher level policy. The tasks are (i) Maze Navigation (Col 1), (iii) Pick
and Place (Col 2), (iii) Push (Col 3) and (iv) Franka Kitchen environment (Col 4). HPO
consistently leads to large Q-function values, thus inducing optimal lower policy behavior
and predicting feasible subgoals. Thus, HPO is able to mitigate non-stationary in HRL,

while generating feasible subgoals.

(2) Does HPO mitigate HRL limitations?

Prior work largely lacks principled metrics for quantifying non-stationarity (C1) and in-

feasible subgoal generation (C2) in HRL. To address this gap, we introduce two novel
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metrics specifically designed to measure these challenges. Using these metrics, we empiri-

cally demonstrate that HPO effectively mitigates both non-stationarity (C1) and infeasible

subgoal generation (C2) in HRL.

Subgoal Distance Metric. We compare HPO with HPO-No-V, HAC, RAPS, HIER base-

lines on subgoal distance metric: the average distance between subgoals predicted by the

higher level policy and subgoals achieved by the lower level primitive. A low average dis-

tance value implies that the predicted subgoals are feasible, thus inducing optimal lower

level policy behavior (note that the optimal, lower-level policy is stationary, and thus in-

herently avoids non-stationarity issue). As seen in Figure 8.3, HPO consistently generates

low average distance values, thus mitigating non-stationarity ((C1)). Further, low average

distance values imply that in HPO, the higher level policy generates achievable subgoals for

the lower primitive due to primitive regularization, thus addressing ((C2)).

Lower Q-Function Metric. We compare HPO with HPO-No-V, HAC, RAPS, HIER base-

lines on average lower level Q function values for the subgoals predicted by the higher

level policy. High Q-values imply that the lower-level policy expects high returns for the

predicted subgoals. Such subgoals are feasible and induce optimal lower primitive goal

reaching behavior. As seen in Figure 8.4, HPO consistently leads to large Q-function val-

ues, which validates that HPO produces high-reward inducing and feasible subgoals, directly

addressing both ((C1)) and ((C2)).

(3) What are the qualitative insights into HPO’s improved performance?

Beyond quantitative learning curves, there are several qualitative aspects in which HPO

distinctly outperforms existing deep RL baselines by explicitly leveraging hierarchical

structure and subgoal feasibility:

1. Principled Bi-level Optimization HPO frames hierarchical reinforcement learning

as a rigorous bi-level optimization problem. Unlike many prior approaches that heuris-

tically coordinate higher and lower-level policies, our formulation explicitly models their

interdependent objectives. This ensures that subgoal selection by the higher-level pol-

icy is optimally tuned to the capabilities of the lower-level primitive, fostering principled
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coordination across hierarchy levels.

2. Feasible Subgoal Generation via Primitive Regularization A key challenge

in HRL is avoidance of infeasible subgoals that lower-level policies cannot achieve, which

degrade performance and stability. HPO incorporates a primitive-regularization mecha-

nism grounded in the lower-level value function. Unlike prior hierarchical baselines, this

regularization constrains the higher-level policy to generate only subgoals that induce

achievable behaviors in the lower-level policy, preventing degenerate or overly ambitious

subgoal proposals.

3. Mitigation of Non-Stationarity through Direct Preference Optimization

Traditional HRL approaches suffer from non-stationarity because the higher-level rewards

depend on evolving lower-level policies. To address this, HPO leverages direct preference

optimization (DPO) to train the higher-level policy using preference feedback, effectively

decoupling it from the non-stationary lower-level reward signals. This stabilizes training

at the higher level and enables consistent policy improvement despite changes in the lower-

level policy.

These qualitative insights emphasize HPO’s novel contributions to hierarchical reinforce-

ment learning, highlighting how our method’s explicit modeling of hierarchy and subgoal

feasibility facilitates superior performance and training stability in challenging real-world

robotics tasks.

(4) What is the impact of our design choices?

We perform ablations to analyze our design choices. We first analyze the effect of varying

regularization weight λ hyper-parameter in Figure 8.5. λ controls the strength of primitive

regularization: if λ is too small, we lose the benefits of primitive regularization leading to

infeasible subgoals prediction. Conversely, if λ is too large, the higher-level policy might

fail to achieve the final goal by repeatedly predicting trivial subgoals. We also analyze the

effect of varying β hyper-parameter in Figure 8.6. Excessive β causes over-exploration,

preventing optimal subgoal prediction; whereas insufficient β limits exploration, risking

suboptimal predictions.
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(a) Maze Navigation (b) Pick and Place (c) Push (d) Franka Kitchen

Figure 8.5: Regularization weight ablation This figure depicts the success rate per-
formance for varying values of the primitive regularization weight λ on four environments:
maze navigation (Col 1), pick and place (Col 2), push (Col 3), franka kitchen (Col 4).
When α is too small, we loose the benefits of primitive-informed regularization resulting
in poor performance, whereas too large α values can lead to degenerate solutions. Hence,
selecting appropriate λ value is essential for accurate subgoal prediction and enhancing

overall performance.

(a) Maze Navigation (b) Pick and Place (c) Push (d) Franka Kitchen

Figure 8.6: Max-ent parameter ablation This figure illustrates the success rate per-
formance for different values of the max-ent parameter β hyper-parameter on four envi-
ronments: maze navigation (Col 1), pick and place (Col 2), push (Col 3), franka kitchen
(Col 4). This parameter controls the exploration in maximum-entropy formulation. If β
is too large, the higher-level policy may perform extensive exploration but stay away from
optimal subgoal prediction, whereas if β is too small, the higher-level might not explore
and predict sub-optimal subgoals. Hence, selecting appropriate β value is essential for

enhancing overall performance.

8.3 Related Work

Preference-based learning has emerged as a powerful avenue for applying reinforcement

learning (RL) to domains where explicit reward engineering is difficult or infeasible. In-

stead of requiring numerical rewards, these approaches utilize human preference data,

often in the form of pairwise comparisons or rankings—provided by annotators to guide

agent learning.

A major breakthrough came with the demonstration that deep RL agents can learn from

trajectory-level preference data, such as in the work of Christiano et al. [33]. Here, a
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reward model is first trained from human preferences and then used as a surrogate for the

true reward in subsequent RL training. This framework showed that complex behaviors

could be learned in simulated and real-world environments solely from preference feedback.

As the field matured, researchers sought to improve the sample efficiency of preference

learning. Notably, off-policy policy gradient and RLHF (Reinforcement Learning from

Human Feedback) methods were proposed to better leverage previously collected data [114,

150]. These approaches decouple data collection from policy learning, making them more

scalable to scenarios where human feedback is expensive.

A significant evolution in preference-based RL came with the introduction of Direct Prefer-

ence Optimization (DPO) [34]. Unlike traditional RLHF, which requires a two-step process

of reward model training followed by RL, DPO offers a direct approach: it optimizes the

policy to align with human preferences using a KL-regularized maximum likelihood objec-

tive, circumventing the explicit reward modeling step. This formulation enables supervised

policy training from preference data and simplifies training pipelines for large models.

Contrastive methods for preference optimization [181] have further advanced this line of

work by employing contrastive losses and probabilistic modeling to efficiently use human

feedback in policy optimization.

In this work, we build on the foundational knowledge in maximum entropy RL [179], and

derive a token-level direct preference optimization [34, 176] objective regularized by lower

-level primitive, resulting in an efficient hierarchical framework capable of solving complex

robotic tasks.

8.4 Discussion

In this work, we introduce Hierarchical Preference Optimization HPO, a novel hierarchical

approach that employs primitive-regularized direct preference optimization DPO to miti-

gate the issues of non-stationarity and infeasible generation in HRL. HPO employs token-level

DPO to efficiently learn higher level policy using preference data, and RL to learn the lower



147

level primitive policy. Since the DPO formulation avoids the dependence on changing lower

level primitive, it mitigates non-stationarity. We formulate HRL as a bi-level optimization

objective to insure that the higher level policy generates feasible subgoals, and avoids

degenerate solutions. Based on strong empirical results, We believe that HPO is an im-

portant step towards learning effective control policies for solving complex sparse robotics

scenarios.

While HPO demonstrates effective non-stationarity mitigation using human preferences

as a scalable supervision source beyond expert demonstrations (as in PEAR/CRISP),

preferences still require pairwise judgments, limiting accessibility for non-expert users.

This motivates extending hierarchical preference optimization to more intuitive, free-form

guidance like natural language instructions, where Large Language Models (LLMs) can

translate commands into stationary reward signals. In the next chapter, we introduce

LGR2, which builds on HPO’s bi-level framework and primitive regularization by lever-

aging LLM-based Language-to-Reward (L2R) pipelines to generate semantically aligned

rewards, further reducing supervision costs while preserving HRL benefits for complex,

long-horizon robotics tasks.
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From Words to Actions
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Chapter 9

LGR2: Language Guided Reward

Relabeling for Accelerating

Hierarchical Reinforcement

Learning

Words may show a person’s wit, but actions his meaning.

– Benjamin Franklin

Robotic systems capable of understanding and executing natural language instructions

hold great promise for enabling intuitive human-robot interaction and flexible automa-

tion. Recent advances in deep reinforcement learning (RL) have demonstrated remarkable

success in learning complex robotic behaviors from raw sensory inputs [91, 136, 182]. How-

ever, these methods often struggle with long-horizon tasks that require extensive planning

and precise multi-step coordination, particularly under sparse reward signals where mean-

ingful feedback is rare and delayed. 1

1This chapter is based on the paper in submission at AAAI 2026 [81].

149



LGR2: Language Guided Reward Relabeling for Accelerating HRL 150
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Figure 9.1: LGR2 overview (left): LGR2 overview (left): The higher-level policy
predicts subgoals gt for the lower-level policy, which executes primitive actions at on
the environment. The lower-level replay buffer is populated by environment interactions,
and lower-level policy is optimized by RL. L2R is used to translate human instructions
to reward function parameters, which subsequently relabel the higher-level replay buffer

transitions. Finally, RL is used to optimize the higher-level policy.
Environments (right): maze navigation, pick and place, bin, and franka kitchen.

Hierarchical reinforcement learning (HRL) provides a principled framework to tackle these

challenges by decomposing tasks into temporally extended subgoals and learning nested

policies [12, 65, 96]. This temporal abstraction improves exploration and credit assignment,

essential for solving complex robotic control problems. Yet, conventional HRL algorithms

face a significant hurdle: non-stationarity. As the lower-level policy evolves, the higher-

level policy encounters shifting dynamics and reward distributions, destabilizing training

and impeding convergence [26, 27].

Recent advances in large-scale language models (LLMs) present an exciting opportunity to

address these challenges. LLMs excel at processing and generating meaningful representa-

tions from natural language [183–185], and have been increasingly applied to robotics for

tasks like instruction grounding and code generation [186–188]. Approaches that translate

natural language commands into reward functions (L2R) have shown promise [73, 75, 76].

However, prior L2R methods often target monolithic policies and lack the hierarchical

structure needed to efficiently solve long-horizon, sparse reward problems.

Building on prior work in this thesis that decouples higher-level learning from lower-

level changes, such as preference-based optimization in HPO (Chapter 8), which uses
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DPO to derive stationary signals from human judgments, we propose LGR2 that ad-

vances this paradigm by replacing explicit preferences with natural language instructions.

While HPO requires curated pairwise data, LGR2 harnesses LLMs’ semantic understand-

ing to parameterize rewards directly from user commands (e.g., via motion descriptors and

coders), inheriting HPO’s feasibility guarantees (e.g., VL-regularized subgoals) while en-

abling intuitive, zero-shot task specification. This progression enables HRL for real-world

human-robot interaction, where language provides rich, compositional guidance without

annotation overhead.

In this work, we propose LGR2, a novel HRL framework that harnesses LLMs to gen-

erate language-guided reward functions for the higher-level policy. By converting natural

language instructions into symbolic, semantically meaningful reward parameters, LGR2

decouples the higher-level reward computation from fluctuations in the lower-level behav-

ior, thus mitigating HRL non-stationarity. To further enhance training efficiency in sparse

environments, we integrate goal-conditioned hindsight experience replay (HER) [95] to

densify high level rewards.

Key Contributions.

1. We introduce LGR2, an end-to-end framework employing LLM-based reward generation

to guide hierarchical policies, enabling efficient learning of complex robotic tasks from

natural language instructions.

2. We demonstrate that the language-guided reward relabeling scheme effectively stabilizes

the higher-level policy training by achieving a stationary reward signal, thereby addressing

key causes of HRL instability.

3. We incorporate HER to combat sparse rewards, significantly improving sample efficiency

and generalization.

4. Through extensive experiments on challenging simulated and real-world robotic navi-

gation and manipulation tasks, we establish that LGR2 achieves more than 55% higher
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success rates over strong hierarchical and flat baselines, and achieves robust zero-shot

transfer to physical robots without additional fine-tuning.

9.1 Language Guided Reward Relabeling

9.1.1 Hierarchical Setup.

We model the robotic control task as goal-conditioned Markov Decision Process (MDP)

defined by the tupleM = (S,A, p, r, γ,G), where:

• S is the state space,

• A is the action space,

• p(s′ | s, a) is the transition probability distribution,

• r : S ×A → R is the reward function,

• G is the goal (or goal state) space,

• γ ∈ (0, 1) is the discount factor.

The policy π maps states and goals to distributions over actions. In the goal-conditioned

setup, the policy is conditioned on both the current state st and a desired goal gt, such

that at ∼ π(· | st, gt).

We adopt a two-level hierarchical reinforcement learning (HRL) framework where control

is decomposed into:

• A higher-level policy πH : S → ∆(G), which selects subgoals gt ∈ G ⊆ S every k

environment steps.

• A lower-level policy πL : S ×G → ∆(A), that conditions on the current state and

the subgoal gt to execute k primitive actions aimed at achieving gt.
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At k step intervals, the higher-level policy stores experience tuples in its replay buffer:

Σt = (st, g
⋆, gt, r

H
t , st+k), where

• st is the current state,

• g⋆ ∈ G is the final user-specified goal,

• gt is the subgoal chosen by the higher-level policy,

• rHt =
∑k−1

i=0 r(st+i, at+i) is the cumulative environment reward over the k lower-level

steps,

• st+k is the next state after executing lower-level actions.

Similarly, the lower-level policy stores transitions in its replay buffer in the form: (st, gt, at, r
L
t , st+1),

where rLt is typically a reward encouraging progress towards the subgoal gt (e.g., rLt =

−1{∥st−gt∥>ε}).

The hierarchical structure enables temporal abstraction, where the higher-level policy

focuses on strategic subgoal selection, and the lower-level policy handles execution details

over shorter time horizons.

9.1.2 Language to Rewards.

Recent work has explored translating natural language instructions into reward functions

to guide RL [73–75]. These approaches typically rely on training domain-specific reward

models that interpret language commands and produce corresponding reward signals. No-

tably, prior work [76] introduces a modular reward translator framework comprising two

key components: a motion descriptor, which converts natural language instructions into

structured action descriptions, and a reward coder, which maps these descriptions into

concrete reward function parameters. This pipeline enables efficient interfacing between

high-level language commands and the low-level robotic control primitives, facilitating

end-to-end task specification without requiring task-specific reward engineering.
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Despite significant progress in using language to specify robotic objectives, several core

limitations persist in the context of complex, long-horizon tasks:

9.1.3 Challenges of Language-to-Reward (L2R) Approaches.

Existing L2R methods face three principal obstacles. First, learning a single-level policy

for long-horizon tasks is fundamentally difficult due to long-term credit assignment: sparse

or delayed rewards make it hard for the agent to attribute success or failure to specific

actions taken many steps prior. Second, reward functions automatically synthesized from

natural language instructions are often highly sparse, providing insufficient learning sig-

nal for the lower-level policy to make meaningful progress, especially in tasks requiring

intricate sequences of behaviors. Third, many prior approaches rely on either pre-defined

or manually-engineered libraries of control primitives to bridge the gap between abstract

language instructions and executable actions. This not only demands significant expert

knowledge and engineering effort, but also reduces scalability and adaptability to new

tasks or environments.

These intertwined challenges: (i) lack of temporal abstraction and compositionality in

L2R methods, (ii) reward sparsity, (iii) the inflexibility of manual skill libraries, and (iv)

non-stationarity in hierarchical RL, motivate the need for new frameworks that combine

the semantic richness of language guidance with scalable, stable hierarchical learning for

complex robotic control.

Now, we discuss our approach LGR2 which proposes language-guided reward relabeling to

produce a stationary and semantically meaningful high-level reward function independent

of the evolving lower-level policy, thus mitigating non-stationarity issue in HRL.

9.1.4 Reward Parameter Generation

Given a natural language instruction L provided by the user, a Large Language Model

(LLM) is employed to generate a structured representation of the task and subsequently
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translate it into reward function parameters. Inspired from L2R framework [76], this

is implemented via a two-stage pipeline using a motion descriptor and a reward coder

module. This established pipeline operates as follows:

• Motion Descriptor Module: Given a user’s natural language instruction L, this

module uses large language models (LLMs) to generate a structured task descrip-

tion d =Mdesc(L) in templated natural language. This step transforms ambiguous

instructions into clear, canonical representations that facilitate downstream process-

ing [76].

• Reward Coder Module: Conditioned on the structured motion descriptor d, the

reward coder uses the LLM’s code generation capabilities to output parameters ϕ =

Mcode(d) for a symbolic, goal-conditioned reward function. The coder produces

explicit, executable code (or interpretable parameter sets) that define the reward

evaluation logic for the specified skill.

Formally, the resulting language-conditioned reward function is a mapping

rϕ : S × G × G → R,

where for each triple (s, g⋆, g),

• s ∈ S represents the current environment state (or a relevant subset of state features),

• g⋆ ∈ G denotes the final task goal specified by the user,

• g ∈ G is a candidate subgoal proposed by the higher-level policy.

The higher level reward function rH evaluates

rH = rϕ(s, g
⋆, g) = f(s, g⋆, g;ϕ),

where f is a parameterized function with fixed parameters ϕ generated by the LLM-

based reward coder. Note that the reward function rϕ depends exclusively on the current
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state and goal variables, and is independent of the low-level policy. This decoupling

effectively mitigates non-stationarity in HRL by providing a stable, consistent reward

signal. Consequently, reward assignment remains stationary, semantically meaningful,

and highly modular, which are essential for reliable and efficient hierarchical learning in

complex, long-horizon robotic control tasks.

9.1.5 Relabeling of High-Level Rewards

Each stored transition in the higher-level replay buffer,

Σt = (st, g
⋆, gt, r

H
t , st+k), (9.1)

is relabeled as:

Σ̃t = (st, g
⋆, gt, r

φ
t , st+k), (9.2)

where the language-guided reward is defined as

rφt := rφ(st, g
⋆, gt). (9.3)

Since rφ does not depend on the lower-level policy πL or the agent’s trajectories, it remains

stationary across training iterations. This removes reward drift prevalent in off-policy

HRL, thereby stabilizing the learning process for the higher-level policy. Consequently,

the relabeled buffer DH = {Σ̃t} is used for training the higher-level policy.

9.1.6 Addressing Reward Sparsity with HER

In environments with sparse rewards, the high-level reward signal, rφ, can often can be

too sparse to produce a meaningful reward signal. To overcome this challenge, LGR2

incorporates goal-conditioned hindsight experience replay [95] to densify the reward signal.
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Concretely, for each relabeled high-level transition Σ̃t, we sample alternative goals ĝ from

states encountered within the same trajectory, i.e.,

ĝ ∈ {st+j | 0 ≤ j ≤ k}.

We then relabel the transition as

Σ̃HER
t =

(
st, ĝ, gt, rφ(st, ĝ, gt), st+k

)
,

which is added to the replay buffer DH . This hindsight relabeling increases the likelihood

of encountering positive rewards in the replay buffer, thereby enhancing sample efficiency.

The boosted frequency of informative reward signals encourages more effective exploration

and leads to improved training stability in sparse-reward, long-horizon tasks.

9.1.7 Training Objectives

Both the lower-level and higher-level policies are trained using the Soft Actor-Critic [114]

framework with separate critic networks, adapted to their respective roles in the hierar-

chical setup.

9.1.7.1 Lower-Level Policy Loss

The lower-level policy πL aims to achieve the subgoals issued by the higher-level policy

within k environment steps. Its training relies on a standard SAC critic update based on

the replay buffer DL:

JL = E(s,g,a,r,s′)∼DL

[(
r + γQL

θ̄ (s
′, g)−QL

θ (s, g, a)
)2]

, (9.4)
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Algorithm 7 LGR2

1: Initialize higher level replay buffer RH = {} and lower level replay buffer RL = {}
2: for i = 1 . . . N do
3: // Collect experience using πH and πL and store transitions in RH and RL

4: for each timestep t do
5: dH ← dH ∪ {(st, g∗, gt,

∑t+k−1
i=t ri, st+k−1)}

6: dL ← dL ∪ {(st, gt, at, rt, st+1)}
7: RH ← RH ∪ dH
8: RL ← RL ∪ dL
9: // Sample and relabel higher-level behaviour trajectories

10: for i = 1 . . .M do
11: σ ∼ RH where σ = {(st, g∗, gt,

∑t+k−1
i=t ri, st+k−1)}n−1

t=1

12: // Relabel the reward using language-guided reward rϕ, and store the transition
in RH

13: RH ← RH ∪ {(st, g∗, gt, rϕ, st+k−1)}n−1
t=1

14: // Sample a set of additional goals for HER (Ĝ)
15: for ĝ ∈ Ĝ do
16: // Relabel g by ĝ and rϕ by r̂ϕ in σ to generate σ̂ = {(st, ĝ, gt, r̂ϕ, st+k−1)}n−1

t=1

17: Store in replay buffer RH ← RH ∪ σ̂
18: // Policy Learning
19: for each gradient step do
20: Sample {(σj)}mj=1 from RH

21: Sample {(δj)}mj=1 from RL

22: Optimize higher policy πH using SAC
23: Optimize lower policy πL using SAC

where s, s′ ∈ S are states, g ∈ G is the current goal or subgoal, a ∈ A is the action, r is the

reward signal for the lower-level policy, QL
θ is the current lower-level critic parameterized

by θ, and QL
θ̄
is the target critic network.

9.1.7.2 Higher-Level Policy Loss

The higher-level policy πH is trained using relabeled, stationary rewards derived from

language-guided reward functions (rφ) and the higher-level replay buffer D̃H :

JH = E(s,g⋆,g,rφ,s′)∼D̃H

[(
rφ + γkQH

ω̄ (s′, g′)−QH
ω (s, g⋆, g)

)2]
, (9.5)
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(a) Maze Navigation (b) Pick and Place (c) Bin (d) Franka Kitchen

Figure 9.2: Success rate comparison This figure compares the success rate perfor-
mances on four sparse maze navigation and robotic manipulation environments. The solid
line and shaded regions represent the mean and standard deviation, across 5 seeds. We
compare our approach LGR2 against multiple baselines. LGR2 shows impressive perfor-

mance and significantly outperforms the baselines.

where s, s′ ∈ S, g⋆ ∈ G is the final goal, g ∈ G is the current subgoal, rφ is the station-

ary, language-guided reward, QH
ω and QH

ω̄ are the current and target higher-level critics

parameterized by ω and ω̄ respectively, and g′ ∼ πH(s′) is the next subgoal sampled from

the higher-level policy.

The language-guided reward rφ is invariant with respect to the evolving lower-level policy,

thus enhancing training stability. We provide the algorithm inAlgoritym 7.

9.2 Experiments

In this section, we investigate the following questions:

• How does LGR2 perform on complex, sparse-reward robotic navigation and manip-

ulation tasks compared to prior hierarchical and single-level baselines?

• Can language-guided reward relabeling generate better rewards than alternative

baselines?

• Does language-guided reward relabeling outperform standard HRL with hindsight

relabeling?

• Can LGR2 mitigate non-stationarity in HRL?
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• What is the contribution of hindsight experience relabeling (HER) in improving

performance?

• What are the qualitative insights into LGR2’s improved performance?

• Can LGR2 policies transfer to real-world robots?

Implementation details. We evaluate LGR2 on four continuous sparse reward robotic

tasks: maze navigation, pick and place, bin, and franka kitchen [189]. In the maze task,

intermediate waypoints serve as subgoals; for more complex tasks like franka kitchen, full

intermediate states are used as subgoals. The policy networks consist of three fully con-

nected layers with 512 units each, trained using SAC [114] and Adam optimizer [115]. We

carefully tune hyperparameters via grid search across all baselines to ensure fair compar-

ison. For challenging tasks such as pick and place and kitchen, we incorporate a single

demonstration and an imitation learning objective at the lower level; no demonstrations

are used for maze navigation to maintain consistent evaluation.

Sparse Rewards and Challenges of Goal-Conditioning. Although some tasks may

appear simple, all our evaluation environments feature inherently sparse reward struc-

tures, requiring agents to engage in extensive exploration before encountering any positive

feedback. This sparse reward setting significantly amplifies the difficulty of the tasks.

Additionally, we adopt a goal-conditioned RL framework with randomly generated initial

positions and final goals, further increasing the complexity by demanding generalization

across diverse objectives. These factors combined lead to markedly challenging training

conditions, which explain why most baseline methods perform poorly in our experiments.

The sparse and delayed nature of the rewards, coupled with high variability in goals, makes

efficient credit assignment and exploration extremely difficult for flat or naive hierarchical

policies. In contrast, our hierarchical approach benefits from temporal abstraction, and is

able to significantly outperform the baselines in most tasks.

Computational Overhead of LLM-Integrated Reward Generation. While LGR2

leverages LLMs for expressive, flexible reward generation, the main computational cost, ie



LGR2: Language Guided Reward Relabeling for Accelerating HRL 161

(a) Maze Navigation (b) Pick and Place (c) Pick and Place (d) Franka Kitchen

Figure 9.3: Comparison against HRL+HER This figure compares the cumulative
rewards on four sparse maze navigation and robotic manipulation environments. We com-
pare our approach LGR2 against the hierarchical baseline HIER-HER. LGR2 outperforms
this baseline, which shows the efficacy of language-guided reward generation in LGR2.

(a) Maze Navigation (b) Pick (c) Bin (d) Franka Kitchen

Figure 9.4: Non-stationarity metric comparison This figure compares the average
distance metric between the subgoals predicted by the higher level policy and the states
achieved by the lower level policy during training. (The columns represent Initial: when
training begins, Mid: half-way during training, Final: when training ends, e.g. since maze
navigation is trained for 3.8E5 timesteps, the values are Initial: iteration 1, Mid: iteration
1.9E5, and Final: iteration 3.8E5). As can be seen, LGR2 consistently generates efficient

and achievable subgoals, thereby mitigating non-stationarity in HRL.

translating natural language instructions into structured motion descriptors and reward-

coder parameters via LLM calls, is incurred once per task specification, before interaction

and training. This offline design prevents LLM calls from bottlenecking RL, as later

reward evaluations are lightweight, involving only fast code execution. Memory impact

is minimal since only the reward code or parameters are stored, not full LLM outputs.

LGR2 maintains sample efficiency and is practical for both simulation and real robotic

applications.

How does LGR2 perform on complex control tasks compared to prior base-

lines?

We compare LGR2 with hierarchical and flat baselines (Figure 9.2); curves show mean

± std over 5 seeds.
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(a) Maze Navigation (b) Pick and Place (c) Bin (d) Franka Kitchen

Figure 9.5: Reward comparison This figure compares the average rewards per episode
metric on four sparse maze navigation and robotic manipulation environments. The solid
line and shaded regions represent the mean and standard deviation, across 5 seeds. We
compare our approach LGR2 against HAC and HIER. LGR2 achieves the highest reward,
which shows that our language-guided reward relabeling based approach generates high

rewards, compared to other hierarchical baselines.

L2R. The original L2R approach [76] translates natural language instructions into reward

function parameters through a reward translator module and optimizes them using a

Mujoco MPC controller [77]. To ensure fair comparison, our L2R baseline implements the

same reward translator module but uses a Soft Actor-Critic (SAC) [114] RL agent in place

of the MPC controller. While the reward translator outputs reward parameters that SAC

then optimizes, this single-level baseline achieves some progress in the maze task but fails

on the harder, sparse-reward domains. In contrast, LGR2 consistently outperforms L2R

(see Figure 9.2), primarily because its hierarchical structure enables temporal abstraction

and decomposes difficult tasks into more manageable subgoals, crucial for solving complex

robotic control tasks.

SAGA. We compare LGR2 with SAGA [180], a hierarchical approach that employs a

state-conditioned discriminator to align high-level subgoals with the evolving low-level

policy. While SAGA achieves strong results on the maze domain, its performance de-

teriorates in more challenging benchmarks, whereas LGR2 delivers significantly better

outcomes. This performance gap highlights that, while SAGA attempts to address non-

stationarity, it is more susceptible to instability in complex, long-horizon settings. LGR2’s

advantage stems from its use of robust language-guided reward relabeling, which provides

a stationary and semantically meaningful supervisory signal, thus stabilizing hierarchical

training across diverse tasks.

RAPS. The RAPS baseline [116] uses a library of predefined robot action primitives
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(a) Maze Navigation (b) Pick and Place (c) Bin (d) Franka Kitchen

Figure 9.6: Hindsight Relabeling ablation This figure compares the performance
of LGR2 with LGR2-No-HER ablation (LGR2 without hindsight relabeling). The plots

clearly demonstrate that HER is crucial for good performance in all the tasks.

controlled by the higher-level policy. While RAPS performs well on simpler maze tasks,

it struggles on all other harder tasks. This suggests methods relying on fixed primitives

lack flexibility for complex objectives. In contrast, LGR2 autonomously discovers effective

subgoal decompositions and adapts dynamically, achieving strong results on multi-step,

long-horizon tasks.

HAC. HAC [95] attempts to mitigate non-stationarity by assuming an optimal lower-level

policy and enhances the higher-level replay buffer using subgoal relabeling. Despite this,

our experiments show LGR2 surpasses HAC (see Figure 9.2). We believe that this is

because LGR2’s language-guided reward relabeling generates stable, goal-aligned rewards

for the higher-level policy without requiring the unrealistic assumption of an optimal

lower-level primitive, thus providing a more practical and robust mechanism for addressing

non-stationarity.

HIER. The HIER baseline is a standard hierarchical SAC model where the higher-level

reward is the cumulative sum of environment rewards across k steps. LGR2 achieves much

higher performance than HIER, underscoring the critical role of language-guided reward

generation in reducing non-stationarity and resulting in stable hierarchical learning.

DAC. Finally, we also consider DAC baseline with access to a single demonstration. DAC

fails to show any significant progress, as seen in Figure 9.2, which shows that LGR2

outperforms single-level baselines with access to privileged information like expert demon-

strations.
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Can language-guided reward relabeling achieve better rewards than alternative

baselines?

To evaluate the effectiveness of language-guided reward relabeling in densifying rewards

and promoting exploration, we compare the average reward per episode achieved by LGR2

with two hierarchical baselines: HAC and HIER. As shown in Figure 9.2, LGR2 consis-

tently achieves substantially higher average rewards throughout training, demonstrating

its ability to generate richer rewards. This reflects the benefit of using language-derived, re-

labeled high-level rewards, which provide semantically meaningful feedback even in highly

sparse environments. In contrast, HAC and HIER both suffer from limited reward density,

leading to slower learning and inefficient exploration. These results underscore that our

language-guided reward relabeling is key to producing informative rewards and improve

performance in complex, sparse-reward robotic tasks.

Does language-guided reward relabeling outperform standard HRL with hind-

sight relabeling?

We assess the isolated contribution of language-guided reward relabeling by comparing

LGR2 with the ablation HIER-HER, a hierarchical RL baseline that uses HER but relies

solely on environment signals for high-level rewards, with no language guidance. This

setup retains all elements of LGR2 except language-driven reward relabeling. As shown in

Figure 9.3, LGR2 consistently outperforms HIER-HER across all tasks, achieving greater

learning efficiency and higher success rates in complex sparse-reward environments. These

improvements highlight that while HER effectively densifies feedback, the core gains of

LGR2 stem from the ability of language-guided relabeling to provide a stationary, se-

mantically aligned supervisory signal for the high-level policy. This stabilizes hierarchical

learning and leads to improved performance over baselines.

Can LGR2 mitigate non-stationarity in HRL?

We show LGR2’s ability to mitigate non-stationarity in HRL in Figure 9.4. To quantify

this, we compare LGR2 to the HIER baseline by measuring the average distance between

subgoals predicted by the higher-level policy and the final states reached by the lower-level
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policy at different training stages (Initial: start of training, Mid: halfway point, Final:

end of training). Lower distance values indicate that the higher-level policy generates sub-

goals that are feasible and well-aligned with the abilities of the evolving lower-level policy,

leading to more consistent goal achievement and reduced non-stationarity. As shown in

Figure 9.4, LGR2 consistently achieves lower average distances across training, validating

that it produces achievable subgoals and robustly reduces non-stationarity compared to

the baseline.

What is the contribution of hindsight experience relabeling (HER) in improv-

ing performance?

Further, we analyse the importance of hindsight experience replay (HER) [95] for densify-

ing rewards in sparse reward tasks. To this end, we compare LGR2 with LGR2-No-HER

baseline, which is LGR2 baseline without HER. As seen in Figure 9.6, HER is crucial for

good performance, since language-guided rewards are too sparse to generate any meaning-

ful reward signal.

What are the qualitative insights into LGR2’s improved performance?

Beyond quantitative learning curves, several qualitative aspects highlight the superiority

of our LGR2 framework over competing approaches:

1. Stable and Consistent Subgoal Generation: Unlike conventional HRL meth-

ods, which suffer from non-stationarity caused by evolving lower-level policies, LGR2

employs language-guided reward relabeling to generate stationary and semantically

meaningful rewards. This leads to the higher-level policy consistently proposing

achievable and task-aligned subgoals throughout training, as evidenced by the de-

creasing distance between subgoals and achieved states over time (Figure 9.4). This

stable subgoal generation fosters more reliable exploration and efficient credit as-

signment at the high level.
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2. Decoupling Reward Signal from Lower-Level Drift: Competing hierarchi-

cal methods rely on environment-derived or evolving low-level policy-dependent re-

wards, often resulting in shifting reward distributions that destabilize learning. Our

approach uniquely decouples the reward function using a precomputed, language-

conditioned reward parameterization derived from large language models (LLMs).

This decoupling directly mitigates the non-stationarity problem, enabling robust con-

vergence and efficient hierarchical credit assignment even in sparse reward settings.

3. Effective Use of Temporal Abstraction via Subgoals: The hierarchical struc-

ture of LGR2 separates long-term planning from short-horizon execution. While

flat or single-level baselines struggle to solve multi-step manipulation and naviga-

tion tasks due to long-term credit assignment challenges, LGR2’s higher-level policy

learns to break down complex tasks into manageable subgoals. These subgoals serve

as intermediate milestones that are easier for the lower-level policy to accomplish,

facilitating progressive updates towards the overall objective.

4. Enhanced Sample Efficiency and Generalization: Integrating goal-conditioned

hindsight experience replay (HER) with language-guided relabeling densifies the

learning signal, particularly in sparse reward environments. This allows LGR2 to

learn faster and generalize better across varied task instances, outperforming com-

peting methods that rely solely on environment rewards or handcrafted skill libraries.

5. Robust Zero-Shot Transfer to Real Robots: While many competing methods

require extensive fine-tuning or demonstrations on real hardware, LGR2 policies

trained in simulation demonstrate strong zero-shot transfer to real robotic systems.

Summary These qualitative observations reveal that LGR2’s advantage arises from its

principled use of language-guided reward relabeling to stabilize hierarchical learning, its

effective temporal abstraction through subgoaling, and its ability to generate semantically

grounded, stationary rewards that are robust to lower-level policy changes. As a result,

LGR2 solves complex, long-horizon robotic tasks with higher success rates and greater

training stability compared to prior hierarchical and flat RL baselines.
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Can LGR2 policies transfer to real-world robots?

We conducted real-world experiments on pick-and-place and bin tasks, using a RealSense

D435 depth camera to track the robotic arm, block, and bin positions. The robot was

controlled via the manufacturer’s Python SDK at 20 Hz (∆t = 50 ms), with episodes

lasting about 40 seconds. Policies were trained in simulation and then deployed on the

robot; due to challenges in precise velocity control, we used small fixed velocities, achieving

good performance. Across 5 sets of 10 trials each, LGR2 attained average success rates of

60% and 50%, with variances 0.07 and 0.03 for pick-and-place and bin tasks, respectively.

The best baseline, L2R, failed to show significant progress.

9.3 Full Prompts

We provide detailed prompts for motion descriptor and reward translator for all tasks.

Maze navigation Environment:

Task Description:

Navigate a 7-DOF robotic arm gripper through randomly generated four-room mazes to

reach a specified goal position.
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Example Instructions:

1. “Navigate the gripper from the starting position to the goal while avoiding walls.”

2. “Move through the maze following the shortest collision-free path to the goal.”

3. “Guide the end-effector to the target location via the available passages.”

Motion Descriptor Prompt for Maze Navigation environment

Generate a random position for object on the table following the description and rules.

[Description]

1. There is a table which can be represented as a matrix of (num 1, num 2).

2. Generate walls within the table by choosing a random row and random column

and blocking all of (num 1+num 2) cells.

3. Generate four random cells from the (num 1+num 2) marked as walls. Remove

the blocks from these cells and mark them as gates.

4. Generate final position for CHOICE:[cuboid,apple,ball] with (x,y) co-ordinates

between (num 4, num 5) and height is at table height in the bottom right corner.

[Rules]

1. The robot is a 7-DOF robotic arm gripper.

2. The height of the table is table height=0.42 cm.

3. If you see num 1 replace it with an integer within 10 and 20.

4. If you see num 2 replace it with an integer within 10 and 20.

5. If you see phrases like CHOICE: [choice1, choice2, ...], it means you should

replace the entire phrase with one of the choices listed.

6. The final position cannot coincide with gates, walls or starting position location.

7. The starting position of the location is (1,3)
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Reward Generator Prompt for Maze Navigation maze environment

We have a description of a robot’s motion and we want you to turn that into the

corresponding program with following functions:

def reset environment()

def set Gripper Pos(x pos, y pos, z pos)

x pos: position of x-coordinate of the gripper of robot arm.

y pos: position of y-coordinate of the gripper of robot arm.

z pos: position of z-coordinate (height) of the gripper of robot arm.

generate maze()

do simulation()

Example answer code:

import numpy as np reset environment()

#This is a new task so reset environment else we do not need it.

set Gripper Pos(3.0,2.0,0.56)

set Gripper Pos(4.45,3.56,0.48)

set Gripper Pos(6.85,7.36,0.64)

generate maze()

#generate maze with all the constraints

do simulation()

#run the simulation
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Pick and Place Environment

Task Description: Pick up a randomly placed object and transport it to a specified goal

location using a 7-DOF robotic manipulator.

Example Instructions:

1. “Pick up the red cube and place it at the designated target location.”

2. “Grasp the cylindrical object and transport it to the goal position.”

3. “Carefully lift the sphere and set it down at the specified coordinates.”

Motion Descriptor Prompt for Pick and Place Environment

Generate a random position for an object within the table following the description

and rules.

[ Description]

1. The table can be represented as a matrix of (num 1, num 2) and height (num 3).

2. Generate final position for the object like CHOICE:[cuboid,apple,ball] with the

(x,y) co-ordinates between (num 4,num 5) and height (num 6).

[Rules]:

1. The robot is a 7-DOF robotic arm gripper.

2. The height of the table is table height=0.42 cm.

3. The max height the arm can reach is max height=0.66 cm.

4. If you see num 1 replace it with an integer within 10 and 20.

5. If you see num 2 replace it with an integer within 10 and 20.

6. If you see num 3 replace it with 0.42.

7. If you see phrases like CHOICE: [choice1, choice2, ...], it means you should

replace the entire phrase with one of the choices listed.

8. Please remember that there is an object on the table.

9. The block is light enough for the robot to pick up and hold in the air for a long

time, like 4 seconds.
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Reward Generator Prompt for Pick and Place Environment

We have a description of a robot’s motion and we want you to turn that into the

corresponding program with following functions:

def reset environment()

def set Gripper Pos(x pos, y pos, z pos)

x pos: position of x-coordinate of the gripper of robot arm.

y pos: position of y-coordinate of the gripper of robot arm.

z pos: position of z-coordinate (height) of the gripper of robot arm.

def generate Object Pos()

def do simulation()

Example answer code:

import numpy as np

reset environment()

#This is a new task so reset environment else we do not need it.

set Gripper Pos(3.0,2.0,0.56)

set Gripper Pos(4.45,3.56,0.48)

set Gripper Pos(6.85,7.36,0.64)

do simulation()

#run the simulation
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Bin Environment

Task Description: Pick up an object and place it inside a designated bin positioned on

the workspace.

Example Instructions:

1. “Pick up the object and carefully place it inside the collection bin.”

2. “Grasp the item and insert it into the designated container.”

3. “Transport the object to the bin and ensure proper placement.”

Motion Descriptor Prompt for Bin Environment

Generate a random position for bin and an object within the bin following the de-

scription and rules.

[Description]

1. The table can be represented as a matrix of (num 1, num 2) and height (num 3).

2. There is a bin on the table.

3. Generate a random position for the bin within the table.

4. Generate a final position (x,y) for placing the CHOICE:[cuboid,apple,ball] object

within the bin.

[Rules]

1. The robot is a 7-DOF robotic arm gripper.

2. The height of the table is table height=0.42 cm.

3. The max height the arm can reach is max height=0.66 cm.

4. If you see num 1 or num 2 replace it with an integer within 10 and 20.

5. If you see num 3 replace it with 0.42.

6. The bin has to be completely within the table.

7. The height, width and length of the table are 0.1 cm.

8. The final position of the object should be continuous and at centre of the bin.

9. If you see phrases like CHOICE: [choice1, choice2, ...], then replace the entire

phrase with one of the choices.

10. Please remember that there is always a bin on the table.

11. The object is light enough for the robot to pick up and hold in the air for a long

time, like 4 seconds.
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Reward generator prompt for Bin environment

We have a description of a robot’s motion and we want you to turn that into the

corresponding program with following functions:

def reset environment()

def set Gripper Pos(x pos, y pos, z pos)

x pos: position of x-coordinate of the gripper of robot arm.

y pos: position of y-coordinate of the gripper of robot arm.

z pos: position of z-coordinate (height) of the gripper of robot arm.

def generate Bin()

def do simulation()

Example answer code:

import numpy as np

reset environment()

#This is a new task so reset environment else we do not need it.

set Gripper Pos(3.0,2.0,0.56)

set Gripper Pos(4.45,3.56,0.48)

set Gripper Pos(6.85,7.36,0.64)

generate Bin()

#generate bin with all the constraints

do simulation()

#run the simulation
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Franka Kitchen Environment

Task Description: Perform complex multi-step kitchen tasks involving appliance ma-

nipulation such as opening microwaves and operating gas knobs.

Example Instructions:

1. “Open the microwave door and then turn on the gas burner.”

2. “Operate the kitchen appliances in the specified sequence.”

3. “Manipulate the microwave and gas controls to complete the cooking preparation.”

Motion descriptor prompt for Franka kitchen environment

We want you to generate a random position for the door of a microwave and gas-knob

following the description and rules.

[Description]

1. There is a microwave and gas knob.

2. Open the microwave door to a certain point num 1.

3. Turn the gas knob to co-ordinates (num 2, num 3).

[Rules]

1. The robot is a 7-DOF robotic arm gripper.

2. The height of the table is table height=0.42 cm.

3. The max height the arm can reach is max height=0.66 cm.

4. If you see num 1 replace it with a continuous number -0.75.

5. If you see num 2 replace it with a continuous number -0.88.

6. If you see num 2 replace it with a continuous number -0.01.
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Reward generator prompt for Franka kitchen environment

We have a description of a robot’s motion and we want you to turn that into the

corresponding program with following functions:

def reset environment()

def set microwave Pos(joint 1 Pos)

joint 1 Pos: Position of joint to determine whether microwave door is open or not.

def set gas Knob Pos(joint 1 Pos, joint 2 Pos)

joint 1 Pos: x co-ordinate of the gas knob.

joint 2 pos: y co-ordinate of the gas knob.

def do simulation()

Example answer code:

import numpy as np

reset environment()

#This is a new task so reset environment else we do not need it.

set microwave Pos(-0.75)

set microwave Pos(-0.55)

set gas Knob Pos(-0.88, -0.01)

set gas Knob Pos(-0.75, -0.1)

do simulation()

#run the simulation
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9.3.1 Qualitative Behavioral Explanations

Maze Navigation Environment

The hierarchical policy learns to decompose navigation into waypoint-based subgoals. The

higher-level policy identifies key intermediate positions that avoid walls and utilize gates,

while the lower-level policy executes smooth trajectories between waypoints. The agent ex-

hibits emergent path-planning behavior, automatically discovering efficient routes through

the four-room structure without explicit path-planning algorithms.

Pick and Place Environment

The system develops a natural three-phase manipulation strategy: (1) approach the object,

(2) grasp the object, (3) lift and transport to target location. The higher-level policy learns

to predict intermediate gripper positions that facilitate successful grasping, while the lower-

level policy handles fine motor control for object manipulation. Recovery behaviors emerge

when initial grasps fail.

Bin Environment

The agent learns a sophisticated insertion strategy involving pre-positioning above the bin,

careful alignment, and controlled lowering. The higher-level policy predicts subgoals that

account for the bin’s spatial constraints, while the lower-level policy develops precise posi-

tioning skills. The system exhibits adaptive behavior when objects are initially misaligned

with the bin opening.

Franka Kitchen Environment

The higher-level policy sequences subgoals for microwave door manipulation followed by

gas knob operation, while the lower-level policy masters the precise joint control required

for each appliance. The system develops robust error recovery when appliance states don’t

match expectations.

9.4 Sample Codes

In this section, we show sampled responses for all four environments mentioned in this

work for a better understanding of the LGR2 method. We sample 2-3 responses for each
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method to show both successful and failed results.

Sample Code for Maze Navigation environment Here, we provide the sample code

for the Maze Navigation environment generated by GPT-3.5.

import numpy as np

def reset environment():

print(“Environment reset.”)

def set Gripper Pos(x pos, y pos, z pos):

print(f“Setting gripper position to x: x pos, y: y pos, z: z pos.”)

def generate maze():

print(“Generating maze...”)

def do simulation():

print(“Running simulation...”)

reset environment()

set Gripper Pos(3.0, 2.0, 0.56)

set Gripper Pos(4.45, 3.56, 0.48)

set Gripper Pos(6.85, 7.36, 0.64)

generate maze()

do simulation()

Sample Code for Pick and Place environment

Here, we provide the sample code for the Pick and Place environment generated by GPT-

3.5.
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import numpy as np

def reset environment():

print(“Environment reset.”)

def set Gripper Pos(x pos, y pos, z pos):

print(f“Setting gripper position to x: x pos, y: y pos, z: z pos.”)

def generate Object Pos(): print(“Generating object position.”)

def do simulation():

print(“Simulation started.”)

reset environment()

set Gripper Pos(3.0, 2.0, 0.56)

set Gripper Pos(4.45, 3.56, 0.48)

set Gripper Pos(6.85, 7.36, 0.64)

generate Object Pos()

do simulation()
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Sample Code for Bin environment

Here, we provide the sample code for the Bin environment generated by GPT-3.5.

import numpy as np

def reset environment():

print(“Environment reset.”)

def set Gripper Pos(x pos, y pos, z pos):

print(f“Setting gripper position to x: x pos, y: y pos, z: z pos.”)

def generate Bin():

print(“Generating bin with all constraints.”)

def do simulation():

print(“Simulation started.”)

reset environment()

set Gripper Pos(3.0, 2.0, 0.56)

set Gripper Pos(4.45, 3.56, 0.48)

set Gripper Pos(6.85, 7.36, 0.64)

generate Bin()

do simulation()
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Sample Code for Franka kitchen environment

Here, we provide the sample code for the Franka kitchen environment generated by GPT-

3.5.

import numpy as np

def reset environment():

print(“Environment reset”)

def set microwave Pos(joint 1 Pos):

print(f“Setting microwave door position to joint 1 Pos.”)

def set gas Knob Pos(joint 1 Pos, joint 2 Pos):

print(f“Setting gas knob position to x: joint 1 Pos, y: joint 2 Pos.”)

def do simulation():

print(“Simulation started.”)

reset environment()

set microwave Pos(-0.75)

set microwave Pos(-0.55)

set gas Knob Pos(-0.88, -0.01)

set gas Knob Pos(-0.75, -0.1)

do simulation()

9.5 Related Work

The development of effective hierarchies of policies has attracted considerable research

interest in the reinforcement learning (RL) community[12, 22, 57, 97]. Prior works have
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attempted to pre-train policies on related tasks to develop behaviour skill priors [190, 191],

followed by fine-tuning using RL. However, these approaches may struggle to generalize

when there is a distributional shift between the initial and target task distributions, and

may also fail to learn effective policies due to sub-optimal priors. Some methods rely

on hand-designed action primitives [116, 192] to determine how to solve sub-tasks and

subsequently predict what to do by selecting the appropriate primitives, which can be

labour-intensive, limiting the applicability of such approaches to complex real-world tasks.

LGR2 avoids these limitations by learning hierarchical policies in parallel, thus eliminating

the need for hand-designed action primitives and enhancing the ability to handle more

complex tasks.

Language to Actions The earliest work of this paradigm studied mapping templated

language to controllers with temporal logic [193] or learning a parser to motion prim-

itives [194]. Recent studies focus on utilizing end-to-end models that produce actions

based on natural language descriptions. [195] uses natural language descriptions for in-

structions for navigation methods of robots. However, they suffer from the assumption

of low-dimensional actions navigating from one graph node to another [195, 196]. Uti-

lizing latent embeddings of language commands as multiple input text is a commonly

used approach to extend the end-to-end approaches for navigation manipulation. These

embeddings are either trained with behavioural cloning [197–199], offline RL [200], goal-

conditioned RL [201], or in a shared autonomy paradigm [202] to translate the natural

language descriptions into robot navigation methods. End-to-end policies require a large

amount of training data. [76] propose a less data-centric approach where an optimal con-

troller generates low-level actions. In contrast, we employ an HRL based approach that

leverages temporal abstraction to induce training efficiency.

Language to Code Large Language Models (LLMs) like Llama [203], GPT-4 [204],

and Gemini [205] have been extensively used for code generation both in and outside the

robotics context [206–208]. These models are highly efficient in solving coding competition

questions [209], drawing figures [210], generating policies to solve 2D tasks [211], and
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complex instruction tasks [212]. In this work, we use LLMs to generate language-guided

higher-level rewards.

Language to Rewards Several works have explored the idea of translating natural lan-

guage instructions to rewards [73, 75, 213–217]. Prior works have gone into training

domain-specific reward models to map language instructions to reward values [73, 213, 214]

or constraints [73]. These models can perform efficiently for challenging robotic tasks such

as object pushing [73] and drawer opening [214] but are hindered by the requirement of a

large amount of language-labelled data. Recent research has focused on employing LLMs

as a reward function to infer user intents in negotiation games or collaborative human-AI

interaction games [75, 216]. All these works impeded utilizing the LLMs to assign reward

values during RL training. Nevertheless, in training RL rules, these works get reward val-

ues of rollouts, necessitating a high volume of inquiries to LLMs. AutoRL [218] proposed

an automated parameterization of reward functions, but they did not provide a language

interface. We leverage reward generated from of language instructions to mitigate non-

stationarity in HRL, and thus propose an effective framework for translating language

instructions to robot actions.

9.6 Discussion

Limitations and future work Although we demonstrate that LGR2 is able to solve

complex robotic control tasks through natural language instructions, it faces certain lim-

itations. Firstly, designing prompts for the reward translator module requires additional

manual effort. Alternatively, if we neglect designing the prompts, the LLMs might hallu-

cinate the parameters for reward function. An interesting direction for future work is to

automatically generate the prompts, or even disregard the prompts altogether. We plan

to devise an approach to deal with this limitation in the future. An important extension

of LGR2 is to evaluate and train the framework on linguistically diverse and complex

natural language instructions, including ambiguous, multi-step, context-dependent, and
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constraint-based commands. This will require enhancing the language-to-reward trans-

lator to handle compositional semantics, disambiguate instructions in dynamic contexts,

and generate temporally extended subgoal sequences. Additionally, introducing a clarifi-

cation dialogue module to interactively resolve ambiguous language could further improve

robustness in real-world deployments.

Discussion In this work, we propose LGR2, a novel HRL based approach that employs

language-guided reward generation to address non-stationarity in HRL. LGR2 effectively

leverages natural language instructions to directly solve complex robotic control tasks. We

empirically show that LGR2 is able to demonstrate impressive performance on complex

robotic control tasks, and is able to significantly outperform the baselines. Additionally,

our hierarchical formulation is able to outperform single-level L2R formulation. We there-

fore believe that LGR2 is a promising step towards building practical robotic systems that

use language instructions to solve complex real-world tasks.



Chapter 10

Conclusion

Hierarchical reinforcement learning, first formalized by Dayan and Hinton in 1993 and ex-

tensively developed over three decades, represents a fundamental paradigm for decompos-

ing complex sequential decision-making problems into manageable hierarchical structures.

While the field has achieved significant theoretical advances and demonstrated success in

various domains, two critical limitations have persistently hindered its practical deploy-

ment in real-world robotic systems: non-stationarity arising from concurrent training of

multiple policy levels and infeasible subgoal generation by higher-level policies.

This thesis specifically addresses these core limitations within the established HRL frame-

work to solve sparse, long horizon tasks by developing novel learning strategies that lever-

age three complementary signal sources: expert demonstrations, human preferences, and

natural language instructions. By integrating advancements in reinforcement learning, im-

itation learning, preference-based learning, and natural language processing, we propose

novel approaches to overcome issues such as non-stationarity, inefficient exploration, and

infeasible subgoal generation, which have been the major bottlenecks hindering the scal-

ability of hierarchical reinforcement learning (HRL). The contributions of this work are

inspired from neuroscience and cognitive psychology, and involve theoretical frameworks,

simulated environments, and real-world robotic implementations. Our work contributes
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to the HRL field by providing principled solutions to fundamental challenges that have

limited the scalability and reliability of hierarchical approaches in robotic control tasks.

10.1 Specific Contributions to Hierarchical Reinforcement

Learning

Addressing Non-stationarity in Multi-level Learning: Building upon foundational

work in goal-conditioned HRL, we tackle the well-documented problem of reward and

transition function instability that occurs when lower-level primitives evolve during train-

ing. Our approaches: CRISP’s curriculum-based parsing, PEAR’s adaptive relabeling,

PIPER’s preference-based reward modeling, and HPO’s direct preference optimization pro-

vide complementary strategies for decoupling higher-level learning from lower-level policy

changes, a challenge that has persisted since early HRL formulations.

Feasible Subgoal Generation: We address the critical issue of infeasible subgoal pre-

diction, which can stall learning at lower levels and degrade overall performance. Through

primitive-informed regularization mechanisms that consider the current capabilities of

lower-level policies, our methods ensure that hierarchical decomposition remains bene-

ficial rather than detrimental to learning efficiency.

Integration of Modern Learning Paradigms: While classical HRL relied primarily

on environment rewards and hand-crafted hierarchies, we demonstrate how contemporary

advances in preference-based learning and large language models can be systematically

integrated into hierarchical frameworks to improve both sample efficiency and human-

interpretability.

10.2 Comparative Summary of Method Contributions:

The methods represent a progression from demonstration-dependent (CRISP, PEAR) to

preference-based (PIPER, HPO) to language-guided approaches (LGR2), each reducing



Conclusion 186

Method Core Innova-
tion

Supervision
Source

Key Technical
Contribution

Primary Chal-
lenge Addressed

Unique Ad-
vantage

CRISP Curriculum-
inducing primi-
tive parsing

Expert demon-
strations

Primitive Informed
Parsing (PIP) with
environment reset
capability

Non-stationarity
via curriculum
generation

Automatic sub-
goal difficulty
progression

PEAR Q-function
guided adaptive
relabeling

Expert demon-
strations

Lower-level Q-
function thresh-
olding for subgoal
selection

Non-stationarity
without environ-
ment reset

Practical deploy-
ment without re-
set assumptions

PIPER Preference-based
hierarchical
learning

Human pref-
erences (simu-
lated via PiL)

Primitive-in-the-
Loop feedback with
hindsight relabeling

Non-stationarity
when expert demos
unavailable

No expert
demonstration
requirement

HPO Bi-level opti-
mization with
DPO

Human prefer-
ences

Token-level DPO
with primitive reg-
ularization

Both non-
stationarity and
infeasible subgoals

Principled bi-
level formulation
avoiding RL
instability

LGR2 Language-
guided reward
generation

Natural lan-
guage instruc-
tions

LLM-based reward
parameter genera-
tion

Language-to-
action translation
in HRL

Direct natural
language control
interface

Table 10.1: Comparative analysis of proposed HRL methods

human annotation requirements while increasing practical applicability and user accessi-

bility.

The extensive experiments across diverse robotic tasks, ranging from navigation to manip-

ulation validate the proposed approaches against state-of-the-art baselines, demonstrating

significant improvements in sample efficiency and task completion. Furthermore, the real-

world robotic experiments demonstrate the robustness and generalization of the proposed

frameworks in practical real-world applications.

10.3 Positioning Within Current HRL Research

Our work addresses a specific gap in the HRL literature: while recent advances have fo-

cused on skill discovery and meta-learning approaches, fewer works have systematically

tackled the fundamental stability issues that arise in practical hierarchical learning sce-

narios. Unlike approaches that assume access to optimal lower-level policies or require

extensive domain-specific engineering, our methods provide general-purpose solutions ap-

plicable across diverse robotic domains.

The experimental validation across six distinct environments, from navigation to manipu-

lation tasks, demonstrates that our approaches scale beyond the simplified domains often



Conclusion 187

used in HRL research, addressing the real-world deployment challenges that have limited

HRL adoption in robotics.

While the proposed hierarchical strategies demonstrate significant improvements in com-

plex robotic control tasks, several important avenues for future research emerge from this

work. To motivate future work, we first discuss common failure modes observed across the

proposed methods and outlines theoretical directions that warrant deeper investigation.

10.4 Common Failure Cases and Mitigation Strategies

Overfitting to Subgoal Structure. In un-regularized implementations of the proposed

algorithms, the higher-level policies show a tendancy of overfitting to specific subgoal

structures present in expert demonstrations or preference data. This manifests as poor

generalization when the optimal subgoal sequence differs significantly from the training

distribution. In future work, we would like to investigate better adaptive subgoal regular-

ization techniques that encourage exploration of diverse subgoal structures while maintain-

ing task-relevant constraints. One promising direction involves incorporating uncertainty

estimation into subgoal selection, where the higher-level policy actively explores regions

of high epistemic uncertainty in the subgoal space.

Brittle Primitive Parsing. The adaptive relabeling mechanisms in CRISP and PEAR,

while effective in controlled settings, exhibit sensitivity to hyperparameter choices and en-

vironmental stochasticity. The threshold-based parsing in PEAR, for example, can lead to

inconsistent subgoal generation when the lower-level value function exhibits high variance

during early training phases. To address this brittleness, we could explore robust parsing

algorithms that incorporate confidence intervals or ensemble-based approaches for sub-

goal selection in future work. Additionally, developing self-adaptive threshold mechanisms

that adjust based on the current learning progress could improve stability across diverse

environments.
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Language Misinterpretation in LGR2. The language-guided reward generation in

LGR2 occasionally produces reward functions that misalign with the intended task se-

mantics, particularly for ambiguous instructions or novel object-action combinations not

seen during language model training. In future work, we could investigate interactive clar-

ification mechanisms where the system can query for additional information when instruc-

tion ambiguity is detected. LLMs also suffer from hallucinations, effectively generating

sub-optimal reward functions that may lead to poor performance. Although we employ

reward translator module to deal with such hallucinations, better prompt descriptions or

integrating visual grounding with language processing could help such ambiguities more

effectively.

Scalability to Complex Hierarchies. All proposed methods focus on two-level hier-

archies, but real-world tasks often benefit from deeper hierarchical structures. Extending

these approaches to multi-level hierarchies introduces challenges in credit assignment and

coordination across multiple abstraction levels.

10.5 Broader Impact and Future Directions Within HRL

Convergence Analysis. In future work, we could establish convergence conditions for

the joint RL-IRL optimization under primitive-informed regularization. Specifically, ana-

lyzing the fixed-point properties of the primitive parsing operator and its interaction with

policy learning could provide insights into stable convergence regimes.

Sample Complexity of Preference-Based Hierarchical Learning. PIPER’s success

in learning from preference data raises fundamental questions about the sample complexity

of hierarchical preference learning. The primitive-in-the-loop feedback mechanism intro-

duces dependencies between levels that complicate standard analysis techniques. We could

analyze how the quality of lower-level policies affects the sample complexity of higher-level

preference learning. Understanding these trade-offs could guide the design of more sample-

efficient hierarchical preference algorithms.
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Stability Analysis for Multi-Level DPO. HPO’s application of direct preference op-

timization to hierarchical settings introduces novel theoretical challenges. The bi-level for-

mulation with primitive regularization creates coupled optimization dynamics that warrant

formal stability analysis. In future work, we would like to investigate the local stability

properties of the proposed bi-level optimization, particularly how perturbations in lower-

level policies affect higher-level convergence. Developing sufficient conditions for stable

bi-level optimization could extend the applicability of DPO-based methods to more com-

plex hierarchical architectures.

Long-term Vision for HRL in Robotics. The successful real-world deployment

demonstrated across multiple robotic platforms indicates that HRL can move beyond

proof-of-concept demonstrations toward practical autonomous systems. The language-

guided capabilities in LGR2 represent an initial step toward hierarchical systems that

can interpret and execute complex instructions, a capability essential for general-purpose

robotic assistants.

Human-Robot Interaction. The language-guided capabilities demonstrated in LGR2

represent an initial step toward more natural human-robot interaction. In future, we

would like to explore how to extend these capabilities to handle multi-modal instructions,

temporal constraints, and collaborative task execution.

Looking ahead, the hierarchical strategies presented in this thesis provide a strong foun-

dation for future research in robotic control. These directions outlined above collectively

point toward a future where hierarchical reinforcement learning can provide both the-

oretical guarantees and practical robustness for complex real-world applications. The

foundation established by the methods in this thesis provides a strong starting point for

addressing these fundamental challenges in autonomous robotic systems. These directions

hold immense potential to advance the goal of creating intelligent, autonomous robotic

systems capable of solving real-world problems efficiently and reliably.

While our knowledge of artificial intelligence has expanded tremendously since its incep-

tion, I believe we are still standing on the shore of the great ocean of truth, and have only
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begun to uncover the wonders the world holds. As said by Issac Newton,

I do not know what I may appear to the world, but to myself, I seem to have been only

like a boy playing on the seashore, and diverting myself in now and then finding a

smoother pebble or a prettier shell than ordinary, whilst the great ocean of truth lay all

undiscovered before me.
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