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ABSTRACT
When training artificial intelligence (AI) to perform tasks, humans

often care not only aboutwhether a task is completed but also how it

is performed. As AI agents tackle increasingly complex tasks, align-

ing their behavior with human-provided specifications becomes

critical for responsible AI deployment. Reward design provides a

direct channel for such alignment by translating human expec-

tations into reward functions that guide reinforcement learning

(RL). However, existing methods are often too limited to capture

nuanced human preferences that arise in long-horizon tasks. Hence,

we introduce Hierarchical Reward Design from Language (HRDL):
a problem formulation that extends classical reward design to en-

code richer behavioral specifications for hierarchical RL agents.

We further propose Language to Hierarchical Rewards (L2HR) as a
solution to HRDL. Experiments show that AI agents trained with

rewards designed via L2HR not only complete tasks effectively but

also better adhere to human specifications. Together, HRDL and

L2HR advance the research on human-aligned AI agents.
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1 Introduction
Robots and other AI agents are increasingly being deployed in

human-centric environments, such as homes, hospitals, and disaster

zones [18, 28, 48, 51, 55, 56, 67, 68, 70]. Their usefulness depends not

only on task completion, but also on respecting human intentions,

operational rules, and safety requirements (collectively referred to

as behavior specifications).
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Aligning agent behavior with these specifications is central to

their responsible deployment, with various paradigms being ac-

tively explored for conveying such specifications [11]. This work

focuses on reward design, a paradigm where humans convey specifi-

cations through reward functions that guide reinforcement learning

(RL), typically before AI deployment. This paradigm is particularly

suitable for use cases where specifications are relatively stable and

the costs of reward design can be amortized, such as during the

repeated use of AI agents by humans in domain-specific contexts.

As AI agents take on increasingly complex tasks, more advanced

reward design methods are needed to capture equally complex

specifications. Humans rarely reason about tasks and associated

specifications as monolithic goals [8, 9, 12, 29, 40, 52]. Instead, we

naturally break them into subtasks. Hierarchical frameworks in

RL mirror this structure by decomposing tasks into subtasks and

organizing them over long horizons [13, 14, 49, 66]. This hierarchical
approach to policy learning has enabled agents to complete tasks of

increasingly longer horizons. However, the reward design for these
hierarchical RL agents remains largely unexplored, thereby limiting

human-AI alignment.

As illustrated in Fig. 1, specifications for long-horizon tasks often

include details on what subtasks to perform, in which order, and

how they are executed. Existing reward design methods encode

these specifications via a flat reward function of the form 𝑟 𝑓 𝑙𝑎𝑡 (𝑠, 𝑎).
We show theoretically and empirically that flat rewards are funda-
mentally limited in capturing specifications for long-horizon tasks.
To address this limitation:

• We introduce the Hierarchical Reward Design (HRD) problem,

which enables designers to express behavioral specifications in-

spired by the same structured way people naturally think and

teach. Unlike the classical (flat) reward design problem [60], HRD

admits reward solutions that enable encoding of complex specifi-

cations for long-horizon tasks, capturing both what subtasks to

perform and how to execute them. HRD is a general formulation

that can be instantiated withmultiple input modalities, analogous

to how flat reward design has been realized via proxy signals or

language [19, 32, 38]. Because natural language is an intuitive

medium for specifying layered instructions, we then provide a

language-based instantiation called Hierarchical Reward Design
from Language (HRDL, pronounced “hurdle”).

An extended version of this paper, which includes the Appendix and supplementary

material mentioned in the text, is available at http://tiny.cc/hrdl-appendix
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Figure 1: This work introduces the Hierarchical Reward Design from Language (HRDL) problem. Unlike prior work on reward
design, HRDL decomposes reward design into low- and high-level components (𝑟𝐿, 𝑟𝐻 ). Language to Hierarchical Rewards
(L2HR), our proposed solution to HRDL, leverages language models to guide the synthesis of these hierarchical rewards,
enabling existing RL algorithms to train agents that are better aligned with human specifications.

• We prove that hierarchical rewards of HRDL are strictly more

expressive than flat rewards used by prior works, while remain-

ing compatible with standard decision-making frameworks (i.e.

Markov and semi-Markov Decision Processes) and RL algorithms.

• We present Language to Hierarchical Rewards (L2HR), an initial

solution to HRDL that generates hierarchical rewards directly

from natural language specifications, making reward designmore

accessible while leveraging the reasoning capabilities of large lan-

guage models [2, 22, 36]. L2HR produces reward structures that

guide both high-level subtask selection and low-level execution.

Human subject and numerical experiments demonstrate hierar-

chical reward design’s advantages over flat reward design. Hier-

archical reward design (coupled with hierarchical RL) enables AI

agents to successfully complete tasks and better align their behavior

with language specifications. We view this work as an initial but

important step toward aligning AI systems with human expecta-

tions through the lens of HRD. Through theoretical analysis and

empirical findings, this paper lays the groundwork for future re-

search on designing human-aligned reward structures that employ

hierarchies and human input.

2 Background and Related Work
This work focuses on AI agents tasked with sequential decision-

making tasks, which are commonlymodeled usingMarkovDecision

Processes (MDP) or its variants [50, 65]. An MDP is defined by the

tuple M � (S,A,𝑇 , 𝑟, 𝛾, ℎ), where S and A are the state and

action spaces, 𝑇 (𝑠′ |𝑠, 𝑎) the transition dynamics, 𝑟 (𝑠, 𝑎) the reward
function, 𝛾 ∈ [0, 1] the discount factor, and ℎ the horizon. MDPs

can be solved using RL, which aims to find a policy 𝜋 (𝑎 |𝑠) that
maximizes the expected discounted return E[∑ℎ

𝑡=0 𝛾
𝑡𝑟 (𝑠𝑡 , 𝑎𝑡 )].

2.1 Hierarchical Reinforcement Learning
While capable, standard RL algorithms struggle with long-horizon

tasks. Hierarchical RL (HRL) seeks to solve MDPs with long hori-

zons by decomposing them into simpler subtasks [13, 14, 49, 57,

58, 66]. A widely used HRL paradigm is the options framework [4,

66, 74]. Here, the agent has access to a discrete set of temporally-

extended behaviors called options O. Each 𝑜 ∈ O is associated

with an intra-option policy 𝜋𝐿 (𝑎 |𝑠, 𝑜) and a termination condition

𝛽 (𝑜−, 𝑠). A high-level policy 𝜋𝐻 (𝑜 |𝑜−, 𝑠) selects options, while the
low-level policy executes primitive actions until the selected option

terminates. The reward model for options computes the expected

cumulative reward until option termination. Following [66], we let

E(𝑜, 𝑠, 𝑡) denote the event where option 𝑜 is initiated in state 𝑠 at

timestep 𝑡 , and define the option-level reward as:

𝑟𝑜𝑝𝑡 (𝑠, 𝑜) � E[Σ𝑘𝑖=1𝛾𝑖−1𝑟𝑡+𝑖 | E(𝑜, 𝑠, 𝑡)] (1)

where𝑘 denotes the number of steps after which the initiated option

𝑜 terminates, determined by its termination condition 𝛽 .

Another line of HRL research follows the feudal/goal-conditioned
framework [13, 26, 31, 42, 69], which also decomposes a task into

subtasks but differs in how the hierarchical policies are trained

and how reward signals are assigned. In this framework, the high-

level manager selects subgoals and receives a task reward, as in the

options framework. However, unlike the options framework, the

low-level worker receives a separate pseudo-reward 𝑟𝑝 (𝑠, 𝑜, 𝑎) that
measures progress toward achieving the current subgoal.

2.2 Reward Design
A core challenge in using MDPs and RL is reward design [60, 65].

Given a well-designed reward function, agents can use RL algo-

rithms to solve the MDP. However, in practice, the design of a

reward function is non-trivial and can lead to a host of problems,

including poor alignment between humans and agents [3].

2.2.1 Reward Design Problem. To formally study reward design,

Singh et al. introduce the (flat) Reward Design Problem (RDP) [60].

RDP is formalized as a tuple 𝑃 = (M𝑝 ,R,AM𝑝
, 𝐹 ), where

• M𝑝 = (S,A,𝑇 ,𝛾, ℎ) is the world model;
• R is the space of reward functions;

• AM𝑝
(𝑟 ) : R → Π is an algorithm to compute policy 𝜋 : S →

Δ(A) that optimizes reward 𝑟 ∈ R in the MDP (M𝑝 , 𝑟 ); and
• 𝐹 : Π → R is the fitness function that produces a scalar evalua-

tion of a policy, only accessible via policy queries.
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Figure 2: Although prior works have utilized multi-level re-
wards to train hierarchical agents, the design of such rewards
remains underexplored and lacks a concrete problem formu-
lation. This work bridges this gap by introducing HRDL.

The RDP seeks a reward function 𝑟 ∈ R such that the policy
𝜋 := AM𝑝

(𝑟 ) that optimizes 𝑟 achieves the highest Fitness score
𝐹 (𝜋). Rather than treating the reward as fixed and exogenous, RDP

reframes reward design as a search problem, a perspective that has

profoundly shaped subsequent research. It inspired methods that

optimize or evolve reward functions directly [45, 62] as well as

formulations that infer or generate them from indirect signals, such

as Inverse Reward Design [19], which recovers true rewards from

proxy rewards, and Eureka [38], which synthesizes executable re-

wards from natural language. Many other paradigms can be viewed

as RDP instantiations: inverse RL [1, 16, 21, 75] treats expert be-

havior as evidence for the reward search, while preference-based

learning [6, 53] and RLHF [5, 47] extend this to human feedback.

2.2.2 Rewards Design for Hierarchical RL. While RDP provides a

unifying framework that has catalyzed advances in both RL and

human-AI alignment, it does not explicitly consider hierarchical RL.
Many prior works have explored the use of hierarchical rewards,

from early studies in feudal reinforcement learning [13] and pre-

cursors to the options framework [59] to more recent advances

in deep HRL [31, 42, 69]. While these works often assume access
to hierarchical rewards for training agents to complete tasks, the
problem of designing such hierarchical rewards has received
little attention and, to our knowledge, has yet to be formally
defined as a concrete research problem.

A literature search using the keywords “hierarchical reward de-

sign” primarily returns domain-specific studies that discuss how

using hierarchical rewards enables solving application-level prob-

lems [10, 23, 43, 44]. Other works either employ the term hierarchy
in different contexts [27, 33, 35, 64], such as to express the rel-

ative importance of multiple flat reward signals [35]. A related

but conceptually distinct line of work utilizes Reward Machines

(RMs) [17, 25], which represent rewards using automata or tempo-

ral logic. RM-based approaches focus on exploiting known reward

structures to improve learning efficiency, rather than on studying

how such structures can be specified from human input.

Since no previous work formally defines the design of hierarchical
rewards as a general problem, there is a lack of consistent language

and theoretical foundation for studying it. This work addresses this

gap at the intersection of hierarchical rewards and reward design

(Figure 2) by formalizing the Hierarchical Reward Design problem

and introducing a reward structure that is hierarchical, compact,

and capable of capturing nuanced behavioral specifications for both

what subtasks to select and how to execute them.

Just as RDP lays the groundwork for studying algorithmic reward
design in flat settings, we posit that HRD will provide a principled
foundation for reasoning about hierarchical reward structures. In
line with the research that originated from RDP, we anticipate that

HRD will enable a broad range of problem instantiations (of reward

design with different types of human inputs) and solution methods

for designing hierarchical rewards.

2.2.3 Reward Design from Language. Early work addressing the

RDP focused on designing rewards for intrinsic motivation and

reward shaping [61–63]. More recently, research in this area has ex-

plored aligning agent behavior more closely with human-provided

specifications, using learning or large language models (LLMs) to

infer and generate reward functions [19, 32]. In these cases, the

human or an oracle, either implicitly or explicitly, serves as the

fitness function by evaluating the policy. However, most existing

work on reward design or generation focuses exclusively on non-

hierarchical (flat) RL settings, producing reward functions of the

form 𝑟 𝑓 𝑙𝑎𝑡 (𝑠, 𝑎) or 𝑟 𝑓 𝑙𝑎𝑡 (𝑠) [7, 15, 19, 20, 32, 34, 38, 61–63, 72, 73].
While sufficient for certain behaviors, flat reward functions are fun-
damentally limited when specifying complex preferences, such as
desired subtask sequences or option-conditioned execution strategies,
that naturally arise in long-horizon tasks.

To our knowledge, the only prior work that explicitly considers

a hierarchical setting is [39], though its focus differs substantially

from ours. Their approach does not formalize the hierarchical re-

ward design problem or analyze the expressivity gap between flat

and hierarchical formulations. Moreover, the rewards generated

by their LLMs are limited to task completion objectives and do

not capture behavioral specifications. In contrast, L2HR generates

both high- and low-level rewards that encode natural language

behavioral preferences while preserving task feasibility.
1

3 Hierarchical Reward Design
This section formally introduces the Hierarchical Reward Design

problem. We begin by defining the low- and high-level reward

functions in HRD and proceed to show that they naturally induce

a family of MDPs at the low-level and a semi-MDP (SMDP) at the

high-level. Using these insights, we formally define the general

HRD problem along with a specific instantiation, the Hierarchical
Reward Design from Language (HRDL) problem.

2

3.1 Low-level and High-level Reward Models
Definition 1 (Low-level Reward). The low-level reward is a

function 𝑟𝐿 : S × O × A → R, which provides feedback for selecting
a low-level action 𝑎 ∈ A in state 𝑠 ∈ S while pursuing option 𝑜 ∈ O.

Intuitively, 𝑟𝐿 (𝑠, 𝑜, 𝑎) encodes specifications for how the agent

should execute the subtask associated with option 𝑜 in state 𝑠 .

Proposition 1 (Low-levelMDPModels). LetM𝑝 = (S,A,𝑇 ,𝛾)
be a world model, O a set of options, and 𝑟𝐿 : S × O × A → R
a low-level reward. For a fixed option 𝑜 ∈ O, the tuple M𝐿,𝑜 =

(S,A,𝑇 , 𝑟𝐿 (·, 𝑜, ·), 𝛾, ℎ𝑜 ) defines an MDP, where ℎ𝑜 is the horizon
determined by the option’s termination condition 𝛽 (·, 𝑜).
1
Please see the Appendix for additional details on related works.

2
Proofs for all propositions are provided in the Appendix, included in the extended

version of this paper and available at http://tiny.cc/hrdl-appendix
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Definition 2 (High-level Reward). The high-level reward is
a function 𝑟𝐻 : O × S × O → R, which specifies the expected reward
for executing option 𝑜 ∈ O until termination, given that 𝑜 is initiated
in state 𝑠 ∈ S and the previous option was 𝑜− ∈ O.

The high-level reward 𝑟𝐻 (𝑜−, 𝑠, 𝑜) encodes specifications for

what subtask should be executed, possibly conditioned on both

the current state and prior option. This allows for expressing pref-

erences over subtask ordering and dependencies between subtasks.

Proposition 2 (High-level SMDP Model).

Let M𝑝 = (S,A,𝑇 ,𝛾, ℎ) be a world model, O a set of options, and
𝑟𝐻 : O × S × O → R the high-level reward. Then, M𝐻 = (O ×
S,O,𝑇𝐻 , 𝑟𝐻 , 𝛾, ℎ) forms a semi-MDP, where 𝑇𝐻 : O × S × O →
Δ(O × S × N) defines the joint distribution over the next augmented
state and transit time, where N is the set of natural numbers.

Alternatively, the high-level process can be modeled as a stan-

dard MDP when single-step high-level rewards are used. This flexi-

bility highlights that the HRD framework is compatible with both

semi-MDP and MDP formulations, allowing the use of a wide range

of existing RL algorithms. We provide the formal MDP definition

and corresponding proof in the Appendix of the extended paper.

3.2 The HRD Problem
Definition 3 (Hierarchical Reward Design (HRD)). The Hi-

erarchical Reward Design (HRD) problem is defined by the tuple
𝑃 = (M𝑝 ,O,R,AM𝑝

, 𝐹 ), where
• M𝑝 = (S,A,𝑇 ,𝛾, ℎ) is the world model;
• O is a finite option set;
• R = R𝐻 × R𝐿 is the space of candidate reward structures, where
R𝐻 = {𝑟𝐻 : O × S × O → R} and R𝐿 = {𝑟𝐿 : S × O × A → R};

• the learning routine AM𝑝
(·) : R → Π𝐻 × Π𝐿 maps each reward

pair (𝑟𝐻 , 𝑟𝐿) to a hierarchical policy (𝜋𝐻 , 𝜋𝐿), where 𝜋𝐻 : O×S →
Δ(O) optimizes 𝑟𝐻 in the high-level decision making modelM𝐻

and 𝜋𝐿 : S × O → Δ(A) optimizes 𝑟𝐿 in each underlying MDP
M𝐿,𝑜 ; and

• the fitness function 𝐹 : Π𝐻 × Π𝐿 → R evaluates the quality of
hierarchical policies.

The goal of HRD is to find (𝑟 ∗
𝐻
, 𝑟 ∗

𝐿
) = argmax(𝑟𝐻 ,𝑟𝐿 ) ∈R 𝐹 (AM𝑝

(𝑟𝐻 , 𝑟𝐿)).

Connections to Existing Algorithms. We show in the Appendix that

AM𝑝
can be instantiated with existing RL algorithms. In our im-

plementation, the low-level policy 𝜋𝐿 (𝑎 | 𝑠, 𝑜) is trained with

PPO [54] due to its robustness in control, while the high-level policy

𝜋𝐻 (𝑜 | 𝑜−, 𝑠) uses DQN-stylemethods [41], following common prac-

tice in SMDP formulations [4, 66]. Stronger structural assumptions

on (𝑟𝐻 , 𝑟𝐿) can enable the use of more specialized HRL algorithms.

For instance, if the low-level reward depends only on state and

action, 𝑟𝐿 (𝑠, 𝑜, 𝑎) = 𝑟 𝑓 𝑙𝑎𝑡 (𝑠, 𝑎), and the high-level reward 𝑟𝐻 is a

single-step reward constructed as

∑
𝑎 𝑟 𝑓 𝑙𝑎𝑡 (𝑠, 𝑎)𝜋𝐿 (𝑎 |𝑠, 𝑜), the prob-

lem reduces to the two augmented MDPs formulation introduced

in [74]. In these cases, algorithms such as double actor-critic [74]

and option-critic [4] can be applied to learn hierarchical policies. A

detailed exploration of the connections between structural reward

assumptions and the applicability of existing HRL algorithms for

instantiating AM𝑝
is left for future work.

3.3 Hierarchical Reward Design from Language
As discussed in Sec. 1, real-world deployments often require agents

to satisfy additional behavioral specifications beyond task com-

pletion. In these cases, the task reward can typically be defined

once and reused across different behavioral contexts. In contrast,

additional rewards must be redesigned for each new behavior spec-

ification. While the cost of task reward design is amortized, the cost

of designing rewards that match human specifications grows lin-

early with the number of distinct behaviors desired. This motivates

the need for an automated approach to generate rewards to encode

behavioral specifications while reusing the existing domain dynam-

ics and task objectives. The challenge of this problem is twofold:

(1) The generated rewards should have distinct functional forms

– one guiding high-level option selection, and another governing

low-level action execution. (2) The generated rewards must remain

compatible with existing task rewards, ensuring that agents con-

tinue to achieve the original task objectives. We formally define

this as a specific instantiation of the HRD problem.

Definition 4 (Hierarchical Reward Design from Language

(HRDL)). TheHRDL problem is an instance of the HRD problem with
additional inputs: (1) a task reward function 𝑟 : S×A → R, (2) a sub-
task completion reward (pseudo-reward) 𝑟𝑝 : S×O×A → R, and (3)
behavior specifications 𝑙 ∈ Σ∗, provided as a natural language descrip-
tion. 𝑙 guides the reward generation during training, and the fitness
function 𝐹 is accessible only during evaluation. The objective of HRDL
is to generate high- and low-level designed rewards,𝑅∗ = (𝑟 ∗

𝐻
, 𝑟 ∗

𝐿
) ∈ R,

such that the resulting hierarchical policy (𝜋∗
𝐻
, 𝜋∗

𝐿
), trained under the

composite rewards (𝑟𝑜𝑝𝑡 + 𝑟 ∗
𝐻
, 𝑟𝑝 + 𝑟 ∗

𝐿
) using AM𝑝

, maximizes the
fitness score: (𝑟 ∗

𝐻
, 𝑟 ∗

𝐿
) = argmax(𝑟𝐻 ,𝑟𝐿 ) ∈R 𝐹 (AM𝑝

(𝑟𝑜𝑝𝑡+𝑟𝐻 , 𝑟𝑝+𝑟𝐿)).

If a non-hierarchical reward design method is used, the designed

reward has the flat form 𝑟 𝑓 𝑙𝑎𝑡 (𝑠, 𝑎). To integrate this flat reward

into the hierarchical setting, we must decompose it into high- and

low-level rewards:

𝑟𝐿 (𝑠, 𝑜, 𝑎) = 𝑟𝑝 (𝑠, 𝑜, 𝑎) + 𝑟 𝑓 𝑙𝑎𝑡 (𝑠, 𝑎) (2)

𝑟𝐻 (𝑠, 𝑜) = 𝑟𝑜𝑝𝑡 (𝑠, 𝑜) + 𝑟 𝑓 𝑙𝑎𝑡,𝐻 (𝑠, 𝑜) (3)

where 𝑟 𝑓 𝑙𝑎𝑡,𝐻 (𝑠, 𝑜) aggregates 𝑟 𝑓 𝑙𝑎𝑡 (𝑠, 𝑎) using the same expression

as Eq. 1. While flat designed rewards 𝑟 𝑓 𝑙𝑎𝑡 (𝑠, 𝑎) can encode some

behavior specifications, the definitions of high- and low-level re-

wards in HRD provide a significantly more expressive mechanism

for specifying agent behavior:

𝑟𝐿 (𝑠, 𝑜, 𝑎) = 𝑟𝑝 (𝑠, 𝑜, 𝑎) + 𝑟𝐿 (𝑠, 𝑜, 𝑎) (4)

𝑟𝐻 (𝑜−, 𝑠, 𝑜) = 𝑟𝑜𝑝𝑡 (𝑠, 𝑜) + 𝑟𝐻 (𝑜−, 𝑠, 𝑜) (5)

In fact, the flat reward is a special case of hierarchically designed re-

wards, where 𝑟𝐿 (𝑠, 𝑜, 𝑎) = 𝑟 𝑓 𝑙𝑎𝑡 (𝑠, 𝑎) and 𝑟𝐻 (𝑜−, 𝑠, 𝑜) = 𝑟 𝑓 𝑙𝑎𝑡,𝐻 (𝑠, 𝑜).
The hierarchical formulation is strictly more general than the flat

formulation, offering greater expressiveness in the following ways:

Property 1. Certain specifications on sub-task selection can be
expressed through 𝑟𝐻 (𝑠, 𝑜−, 𝑜), but they cannot be expressed by flat
function: 𝑟 𝑓 𝑙𝑎𝑡 (𝑠, 𝑎).

Property 2. Certain specifications on sub-task execution can be
expressed through 𝑟𝐿 (𝑠, 𝑜, 𝑎), but they cannot be expressed by flat
function: 𝑟 𝑓 𝑙𝑎𝑡 (𝑠, 𝑎).
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Proofs of these properties are provided in the Appendix. In the

following sections, we introduce an algorithm for generating hi-

erarchical rewards (𝑟𝐻 , 𝑟𝐿) from natural language specifications

and empirically compare its performance against flat reward design

that generates alignment rewards of the form 𝑟 𝑓 𝑙𝑎𝑡 (𝑠, 𝑎).

4 Language to Hierarchical Rewards (L2HR)
We now present L2HR, an algorithm designed to solve HRDL by

leveraging large language models (LLMs). L2HR represents reward

functions as programs, which it generates directly from natural

language specifications. Specifically, it first employs a structured

prompting strategy to capture specifications as prompts, which are

then used as inputs to a training module that produces hierarchical

reward functions. An illustration of L2HR’s input and output is

provided in Fig. 3, with more details available in the Appendix.

4.1 Prompting Strategy
To generate executable reward functions from natural language,

L2HR requires the specifications to be provided as a structured

prompt. We design a prompting strategy for L2HR inspired by

Eureka, a recent approach for LLM-based reward generation [38].

However, unlike Eureka, L2HR’s prompt design focuses on produc-

ing feasible reward functions without relying on access to a fitness

𝐹 during reward code generation. Specifically, within L2HR, the

LLM is provided with a structured prompt comprising:

(1) Task Description: A natural language description of the over-

all task objective, including the approximate scale of the task

reward. Since RL is sensitive to reward magnitudes, this in-

formation helps ensure that the generated preference rewards

are neither too small to influence learning nor so large as to

destabilize training. The task reward code itself is intentionally

withheld to reflect realistic settings in which only the reward

signal (but not the code) is accessible and to prevent overfitting

to implementation details.

(2) Environment Code Context: Snippets of environment source

code that expose the state and action spaces without revealing

simulation internals, following the methodology of [38].

(3) Relevant Action-Related Spaces: Descriptions of the option space

O and action space A, including the semantic role of each. We

include these descriptions to help the LLM correctly distinguish

between high-level and low-level decision spaces.

(4) Behavior Specification: A natural language string that describes

the desired agent behaviors beyond task completion.

(5) Formatting and Reward Design Tips: Coding constraints (e.g.,

avoiding global variables) and guidance on balancing designed

rewards with the underlying task reward.

4.2 Training Procedure
Given the structured prompt, state-of-the-art LLMs can generate

plausible reward code in a zero-shot manner. However, we find

that zero-shot generation often yields reward code with syntax

errors and invalid variable references in practice. To mitigate these

issues, L2HR incorporates a training procedure for reward code

generation that couples LLMs with RL. Specifically, L2HR generates

𝑘 reward candidates independently from the LLM and apply a

lightweight filtering process to ensure validity. During filtering,

Task description: The objective is to pick up all apples and eggs on the

dining table and place them in the sink...

Environment context:
'''
Background: PnP_LL_Actions = [...], PnP_HL_Actions = [...] ...
'''
class ThorPickPlaceEnv(gym.Env):

def __init__(...): ...

Relevant task spaces: The agent’s option/subtask space consists of picking
up and placing the two types of objects...

Low-level user preference: The agent should avoid the stool while on its

way to pick up or drop an egg...

High-level user preference: The agent should pick up an object type that

is different from what was previously picked...

Additional info: Do not use function attributes or global variables...

(a) Natural Language Specifications

# High-level preference reward
def get_high_level_pref_gpt(state: Dict, prev_option: int, option: int) ->

Tuple[float, Dict[str, float]]:
...
return reward, reward_components

# Low-level preference reward
def get_low_level_pref_gpt(state: Dict, option: int, action: int) ->

Tuple[float, Dict[str, float]]:
...
return reward, reward_components

(b) Reward Functions designed by L2HR

Figure 3: Illustration of L2HR input and output.

L2HR verifies whether the code compiles without syntax errors,

and whether it references only permitted state, option, and action

variables exposed in the environment prompt. We find that at least

one sample in the batch passes these checks. As a result, we forego

more complex iterative refinement strategies, such as evolutionary

search or reward reflection [38], leaving their integration into L2HR

as a direction for future work.

The full two-stage training procedure of L2HR is provided in

the Appendix. In the first stage, L2HR uses the LLM to generate

𝑘 candidate low-level alignment functions 𝑟
(1)
𝐿

, . . . , 𝑟
(𝑘 )
𝐿

from the

specification 𝑙 . The low-level prompt differs from the high-level one

only in its description of the action space and level-specific behavior

specifications. Each 𝑟
(𝑖 )
𝐿

is then used to train a corresponding low-

level policy 𝜋
(𝑖 )
𝐿

with the combined objective of pseudo-rewards

plus the LLM-generated 𝑟
(𝑖 )
𝐿

. Only the policies 𝜋
(𝑖 )
𝐿

that surpass a

predefined threshold of subgoal completion, based on cumulative

pseudo-rewards, are considered as valid.
In the second stage, L2HR generates 𝑘 candidate high-level align-

ment functions 𝑟
(1)
𝐻

, . . . , 𝑟
(𝑘 )
𝐻

and uses them to train high-level poli-

cies 𝜋
( 𝑗 )
𝐻

, each conditioned on a valid 𝜋
(𝑖 )
𝐿

from the first stage.

These policies are optimized using with the combined objective of

option-level task reward plus the LLM-generated 𝑟
( 𝑗 )
𝐻

. Then, L2HR

returns all designed rewards (𝑟 ( 𝑗 )
𝐻

, 𝑟
(𝑖 )
𝐿

) and corresponding trained

policy pairs (𝜋 ( 𝑗 )
𝐻

, 𝜋
(𝑖 )
𝐿

) that achieve cumulative task rewards above

a threshold. This two-stage structure promotes modularity and

allows for selective reuse of subtask policies.
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(a) iTHOR Domain (b) Kitchen Domain

Figure 4: Rendered scenes from the iTHOR and Kitchen do-
mains. Fig. 1 (right) illustrates the Rescue World domain.

5 Experiments
We empirically evaluate whether framing reward generation as

a hierarchical problem offers advantages over the traditional flat

(non-hierarchical) formulation. Specifically, we aim to evaluate:

Q1. Are the generated alignment rewards syntactically correct?

Q2. Do they preserve task feasibility?

Q3. Do they successfully induce behaviors that match the provided

specifications?

To investigateQ3, we additionally conduct user studies. The Appen-
dix includes further experimental details, including more informa-

tion about the domains, metrics, LLM prompts, hyperparameters,

and user study protocol.

5.1 Baselines
To evaluate L2HR (referred to as Hier in the tables), we consider

the following baselines. For all LLM-based experiments, we gener-

ate 𝑘 = 8 reward function candidates per trial using GPT-4o [24]

and repeat this process 3 times, resulting in a total of 24 reward

candidates per configuration.

Language to Flat Reward (Flat). This baseline generates flat
alignment reward 𝑟 𝑓 𝑙𝑎𝑡 (𝑠, 𝑎) from language and incorporates it into

the hierarchical setting using Eq. 4 and 5 to maintain a consis-

tent two-level training framework. Prompts are identical to those

used for L2HR, except that the prompts for flat reward generation

exclude option-related instructions (since flat rewards are indepen-

dent of options) and express user preferences as a single combined

description rather than separate high- and low-level specifications.

No Reward Design (Task). This baseline does not utilize LLMs

and uses only the task reward 𝑟 and pseudo-reward 𝑟𝑝 without

incorporating any behavioral specifications (i.e., 𝑟𝐻 = 𝑟𝐿 = 0). As

this setting is less noisy, we run it for 5 trials.

5.2 Domains
We evaluate the approaches on three long-horizon, multi-subtask

domains: Rescue World, iTHOR, and Kitchen. Each domain poses

distinct challenges in subtask sequencing and low-level execution.

Furthermore, as we see later, flat rewards cannot in principle capture

all specifications in Rescue World and iTHOR, whereas they can

in Kitchen. This contrast allows us to investigate, in practice, how
effectively language specifications can be translated into flat and

hierarchical rewards across both types of scenarios. Additional

details are provided in the Appendix and Fig. 4.

Rescue World. This is a variant of the Rescue World for Teams

(RW4T) domain [46], where the agent must collect and deliver all

supplies in the environment. This domain features a large state

space represented by a 407-dimensional vector and poses a long-

horizon challenge, requiring the agent to complete 8 subtasks, each

lasting up to around 10 steps. Behavioral specifications include:

(1) a high-level persistence specification for delivering all supplies

of one type before switching to another and (2) a low-level safety
specification for avoiding hazardous zones while carrying supplies.

iTHOR. Built upon the Unity game engine, iTHOR is an environ-

ment within the AI2-THOR [30] framework that features several

realistic household scenes in which an agent navigates and interact

with everyday objects. Here, we focus on a long-horizon pick and

place task within a kitchen setting consisting of 8 subtasks, each

requiring up to approximately 30 steps to complete. The agent must

deliver a set of apples and eggs located on the dining table to the

sink on the other side of the room. The state space is represented

by a 30-dimensional vector that contains object and agent positions

and object states. Behavioral specifications include: (1) a high-level

diversity specification that requires delivering a different item from

the one previously delivered and (2) a low-level avoidance specifi-
cation that prevents the agent from going near a stool placed in the

environment while picking up or delivering an egg.

Kitchen. This is a single-agent variant of Overcooked, an envi-

ronment originally developed for studying human-AI collaboration

in kitchen tasks [37, 71]. In our setting, the agent needs to prepare

a salad with lettuce, tomatoes, and onions. This domain features an

even larger state space, represented by a 699-dimensional continu-

ous vector that captures various ingredient states. It also involves a

long-horizon task requiring the completion of 5 subtasks in a strict

sequence, with the final 2 subtasks dependent on the successful

completion of all preceding ones. The high-level behavioral specifi-

cation is a preferred chopping sequence (e.g., tomatoes→ onions

→ lettuce). Since the environment uses fixed low-level policies, we

skip low-level reward design in this domain.

5.3 Numerical Experiments
As a precursor to evaluting solutions to HRDL, we also conducted

experiments where hand-crafted flat and hierarchical rewards were

used directly to train policies without requiring reward generation
from language specifications. These experiments serve as a proof-

of-concept and demonstrate that:

• given expert-specified hierarchical rewards (𝑟 ∗
𝐻
, 𝑟 ∗

𝐿
), existing RL

algorithms can effectively learn hierarchical policies (𝜋∗
𝐻
, 𝜋∗

𝐿
)

that achieve high task performance and strong alignment with

designer specifications; and

• while expert-specified flat rewards 𝑟 ∗
𝑓 𝑙𝑎𝑡

can capture some behav-

ioral specifications, they fail to express ones that require knowl-

edge of the previous subtask (e.g., the persistence specification in

Rescue World and the diversity specification in iTHOR).

We report these preliminary results in the Appendix. Now, we

return to the core HRDL setting, where designed rewards must be

synthesized from natural language inputs.
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Table 1: Table showing the performance of policies trained with the task reward alone or combined with LLM-generated flat
or hierarchical rewards. For each metric, we report both the cumulative reward returns and the percentage of policies at
expert-level alignment (attaining the maximum possible cumulative return for that metric). Means and standard deviations are
computed over all runs for the Task baseline, and only over the LLM-generated reward candidates that successfully complete
the task for Flat and Hier.

Domain Method High-Level Low-Level Total

Rewards ↑ Expert % ↑ Rewards ↑ Expert % ↑ Rewards ↑ Expert % ↑

Rescue

Task 11.22 ± 5.57 20.00 -16.46 ± 5.49 0.00 73.80 ± 5.70 0.00

Flat 9.38 ± 7.02 12.50 -2.62 ± 5.19 62.50 85.13 ± 9.33 12.50

Hier 16.65 ± 6.93 76.92 -0.69 ± 1.58 76.92 93.98 ± 9.01 69.23

iTHOR

Task 4.10 ± 1.34 0.00 -23.38 ± 1.86 0.00 12.31 ± 0.66 0.00

Flat 7.67 ± 4.48 0.00 -35.20 ± 12.42 0.00 3.27 ± 9.31 0.00

Hier 14.19 ± 2.23 87.50 -3.75 ± 8.14 75.00 37.68 ± 6.68 62.50

Kitchen

Task 0.00 ± 0.00 0.00 – – 0.75 ± 0.00 0.00

Flat 0.06 ± 0.13 10.00 – – 0.80 ± 0.12 10.00

Hier 0.39 ± 0.05 92.86 – – 1.08 ± 0.05 92.86

Figure 5: Syntax error rates for LLM-based reward generation,
computed over 24 candidates per configuration.

Q1.Are the designed rewards syntactically correct? Figure 5
shows that hierarchical reward generation achieves substantially

lower code generation error rates than flat reward generation in all

three domains, suggesting that formulating the HRL reward design
problem hierarchically can simplify reward synthesis for LLMs. In
Rescue World and iTHOR, flat rewards cannot capture the high-

level specifications, as doing so requires access to the previously

executed option. As a result, the LLM often hallucinates unavailable

variables related to previously delivered object types. In Kitchen,

higher error rates stem from the complexity of reasoning over

low-level actions. For example, correctly checking if the agent is

chopping an onion on the low-level requires inspecting coordinate-

level state variables. In contrast, having access to the options space

in HRD enables direct reasoning over high-level behaviors (e.g.,

chop onion), greatly simplifying reward generation.

Q2. Do the designed rewards preserve task feasibility? Hier
consistently better preserves task feasibility than Flat across all
domains (Figure 6), which is essential for real-world deployment.

In Rescue World and iTHOR, flat rewards often rely on spurious

heuristics to infer past behavior (e.g. inferring the last delivered

item type from the agent’s current location), leading to unintended

behaviors. In iTHOR, flat rewards tend to misidentify the type of

objects being picked up, resulting in incorrect reward accumula-

tion. In Kitchen, flat rewards frequently struggle to reason over

low-level actions (e.g., which ingredient the agent is interacting

Figure 6: Task completion rates for LLM-generated rewards,
calculated as the proportion of designed rewards that pre-
serve task feasibility among syntactically valid candidates.

with), producing alignment rewards that interfere with task com-

pletion. Hierarchical rewards, by contrast, avoid these issues by

conditioning on temporally extended options rather than raw state

transitions.

Q3. Do the designed rewards actually lead to agent behav-
ior that match the behavioral specifications? Table 1 summa-

rizes alignment performance using handcrafted high- and low-level

ground-truth rewards (𝑟𝐻 , 𝑟𝐿). The Total metric combines task and

alignment rewards and serves as a proxy for the overall fitness 𝐹 .

In Rescue World, Hier substantially outperforms both Task and Flat
baselines on high-level alignment, achieving expert-level perfor-

mance in 76.92% of successful runs. This reflects its ability to encode

the persistence specification, which flat rewards fundamentally can-

not represent. While Flat occasionally (12.50%) attains expert-level

high-level alignment, these instances are coincidental. Both meth-

ods perform comparably on low-level alignment, as the agent’s

carrying status can be inferred from observable states without ex-

plicit option conditioning. Overall, Hier achieves the highest total
return, with 69.23% of policies attaining expert-level alignment.

In iTHOR, Hier again outperforms Flat on high-level alignment,

as the diversity specification cannot be fully captured by the flat

reward without access to the agent’s current option. In this case,

Hier also significantly outperforms Flat on low-level alignment as

well. Although the LLM is explicitly asked to penalize the agent’s
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Figure 7: Human-provided ratings for agent alignment.

proximity to the stool when on its way to pick up or deliver, the

generated flat rewards only apply the penalty in the timestep that

the agent is specifically performing the pick or place action, leading

the agent to not avoid the stool. This makes sense, as it is difficult

to discern the agent’s intent in picking up or dropping an egg from

just the state without option information.

In Kitchen, Hier achieves substantially higher alignment with

the chopping specification (92.86% vs. 10.00%). Although flat re-

wards are theoretically capable of encoding this behavior, doing

so requires complex and brittle logic: only 1 flat reward candidate

successfully implemented the specification. This demonstrates a

key advantage of designing rewards for HRL with HRD: even when

flat rewards are theoretically sufficient, hierarchical rewards can

simplify reward design through high-level abstractions and lead to

better alignment with behavioral specifications. Example videos of

policies for all domains are provided in the supplementary material.

5.4 Evaluations with Human Participants
In real-world applications, manually designed ground-truth rewards

are rarely available. To better reflect practical deployment scenarios,

we conducted an IRB-approved user study on Rescue World and

Kitchen using human participants recruited via Prolific. The goal

was to assess whether Hier agents are perceived as better aligned

with behavioral specifications than Flat agents.
In this study, non-expert participants effectively served the role

of fitness function 𝐹 , providing human-centered evaluations. Partic-

ipants viewed videos of agent behaviors produced by both methods

and rated their alignment with textual specifications on a scale from

1 (least aligned) to 5 (most aligned), similar to the scale employed in

the evaluation methodology of [32]. Participants were not aware of

the underlying reward design methods of the policies. We collected

usable responses (e.g., those that passed attention checks) from 30

participants, evenly split across the two domains. Further details of

the study design are provided in the Appendix.

As shown in Fig. 7, participants consistently rated Hier agents
higher than Flat for high-level alignment. In Rescue World, Hier
significantly outperforms Flat on the persistence preference (4.76
vs. 2.42), a specification that flat rewards struggle to capture due to

the lack of previous option information. While both methods have

similar ratings for the low-level safety specification, Hier achieves
significantly higher overall alignment scores (4.64 vs. 3.46).

In Kitchen, the advantage of Hier is even more pronounced for

the chopping specification (4.47 vs. 1.70). This larger gap arises

Table 2: Candidate agent policies (%) that received a perfect
alignment score from all human participants.

Rescue World Kitchen

Method Persistence ↑ Safety ↑ Overall ↑ Chopping ↑
Flat 12.50% 50.00% 12.50% 10.00%

Hier 76.92% 61.54% 53.85% 71.43%

because, unlike in Rescue World, the preferred behavior in Kitchen

rarely occurs accidentally, as aligning with the chopping specifica-

tion requires taking additional steps in the environment. Notably,

across both domains, Hier policies consistently receive average

ratings above 4, indicating a strong perception of alignment. These

findings suggest that, in practice, when task completion is used to

filter out unsuccessful policies, the remaining Hier candidates are
consistently well-aligned with behavioral specifications.

Table 2 shows that over half of the policies produced by Hier
achieve perfect human ratings across all behavioral specifications,

substantially outperforming those generated by Flat. Overall, Hier
consistently outperforms Flat in capturing language-based behav-

ioral specifications across domains in both simulated evaluations

and user studies.

6 Conclusion
This paper introduces the Hierarchical Reward Design (HRD)
problem, which (1) formulates a more expressive reward structure

than flat rewards, (2) integrates seamlessly with existing decision-

making frameworks and RL algorithms, and (3) better encodes

behavioral specifications for long-horizon tasks, with an initial

solution to this problem (L2HR) achieving considerably better or

comparable results in both numerical and human evaluations.

While our results provide strong motivation for HRD, several

limitations and interesting areas for future investigation remain.

First, our experiments focus on complex but simulated domains;

evaluating HRD in real-world settings, such as robotics and interac-

tive AI systems, is an important next step. Second, more advanced

reward generation techniques, including evolutionary optimiza-

tion or human feedback, may further improve performance. Finally,

since option discovery remains a core challenge in Hierarchical

RL, jointly addressing option discovery and reward design could

substantially enhance practical applicability.

Finally, we emphasize that human-agent alignment is inherently
challenging and HRD should not be viewed in isolation. Rather, it com-

plements a broader ecosystem of alignment approaches, including

learning from demonstrations, rankings, and user corrections. Un-

derstanding how HRDL and L2HR interact with these approaches is

an important avenue for future work, bringing us closer to AI agents

that are reliably aligned with human needs, values and objectives.
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