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ABSTRACT

Effective integration of Artificial Intelligence (AI) agents into daily life requires
them to understand and adapt to individual human preferences, particularly in as-
sistive roles. Although recent studies on embodied intelligence have advanced sig-
nificantly, they typically adopt generalized approaches that overlook personalized
preferences in planning. Cognitive research has demonstrated that these prefer-
ences serve as crucial intermediate representations in human decision-making pro-
cesses and, though implicitly expressed through minimal demonstrations, can gen-
eralize across diverse planning scenarios. To systematically address this gap, we
introduce the Preference-based Planning (PBP) benchmark, an embodied bench-
mark designed to evaluate agents’ ability to learn preferences from few demon-
strations and adapt their planning strategies accordingly. PBP features hundreds
of diverse preferences spanning from atomic actions to complex sequences, en-
abling comprehensive assessment of preference learning capabilities. Evaluations
of SOTA methods reveal that while symbol-based approaches show promise in
scalability, significant challenges remain in learning to generate plans that sat-
isfy personalized preferences. Building on these findings, we develop agents that
not only learn preferences from few demonstrations but also adapt their planning
strategies based on these preferences. Experiments in PBP demonstrate that in-
corporating learned preferences as intermediate representations significantly im-
proves an agent’s ability to construct personalized plans, establishing preference
as a valuable abstraction layer for adaptive planning.

1 INTRODUCTION

The field of embodied Artificial Intelligence (Al) is rapidly advancing, driven by significant progress
in foundation models for vision and language (Bommasani et al., 2021; [Peng et al., 2023} |Achiam
et al., 2023 Bai et al., |2023). These advances enable Al systems to autonomously assist or collab-
orate with humans in daily tasks, particularly in domestic settings (Driess et al., 2023} |Leal et al.,
2023} Zitkovich et al., 2023; |Ahn et al., 2024). However, recent approaches utilizing natural lan-
guage instructions (Mu et al., 2023} |Zitkovich et al.,|2023};|Singh et al.| [2023)) face fundamental lim-
itations in capturing human preferences (Zhu et al.l [2016). While natural language is our primary
means of communication, its inherent ambiguity creates a gap between instructions and intended
executions (Yuan et al.,|2022; Jiang et al., [2022; 2021} Yuan et al.,|2020). For instance, when a user
requests help in preparing an apple, the agent needs to understand specific preferences about apple
selection, washing requirements, cutting style, and container choice—details that vary significantly
across individuals; see also for a graphical illustration.

Preference, central to personalization (Slovicl [1995), remains inadequately addressed in embodied
Artificial Intelligence (AI). Integrating personalized preferences is crucial for tailoring agent actions
to individual users, thereby enhancing the effectiveness and satisfaction of embodied assistants (Lee
et al., [2012; [Leyzberg et al.,[2014). Moreover, preferences guide human-like decision-making and
intelligent behavior. Psychological research emphasizes that understanding preferences is vital for
interpreting human behaviors (Fawcett & Markson| 2010) and facilitating social interactions (Gerson
et al 2017} [Liberman et al.l 2021)), suggesting that preference understanding could enable more
grounded planning in embodied assistants.
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Figure 1: An example of preference-based planning in a food preparation scenario. When the assistant
receives a natural language instruction for a food preparation task, it can follow one of two approaches: (Left,
traditional methods) The assistant verifies details with the user at each step through exhaustive communica-
tion; or (Right, our personalized approach) it first learns from previous user action sequences to infer explicit
preference labels and then generates a personalized plan based on the learned preferences. The planning tree
(middle) illustrates how preferences guide the whole decision-making process across multiple dimensions. By
learning preferences as a key intermediate representation from minimal human demonstrations, our approach
enables Al agents to deliver personalized and adaptable assistance without explicit step-by-step instructions.
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Learning human preferences in real-world settings presents unique challenges (Peng et al., [2024)).
Humans typically communicate their needs succinctly (Levinson| |1983)), without exhaustive prefer-
ence details (Lichtenstein & Slovicl|2006), and many preferences include unconscious or instinctive
elements difficult to articulate (Epstein} [1994; |Simonson, 2008). A practical approach is to infer
preferences from observed human choices and decision-making patterns, as illustrated in [Figure I}
where a robot assistant can learn users’ preferences and behavior habits from previous observations.

In this paper, we focus on agents capable of learning preferences from human behavior and subse-
quently planning actions guided by these learned preferences. While previous studies have explored
preference-based learning, they are limited to specific tasks or non-embodied scenarios (e.g., rear-
rangement (Kapelyukh & Johns, [2022)), scheduling (Yuan et al., 2023), dialogue generation (Ashby
et al., [2023)) and fail to generalize across different situations. To address this limitation, we intro-
duce Preference-based Planning (PBP), a comprehensive embodied benchmark built upon NVIDIA
Omniverse and OmniGibson (Li et al.;|2023a)). PBP provides realistic simulation and real-time ren-
dering for thousands of daily activities across 50 scenes, featuring a parameterized vocabulary of
290 diverse preferences. These preferences span multiple levels, from specific action-level prefer-
ences (e.9., preferred glass type, water temperature) to task sequence-level preferences (€.9., task
ordering, subtask prioritization).

Given the expensive nature of data collection (Akgun et al., [2012)) and the few-shot nature of pref-
erence acquisition, we frame preference learning as a few-shot learning from demonstration task. In
this framework, agents must respond to ambiguous instructions by formulating plans aligned with
preferences demonstrated in limited example sequences. Specifically, an agent needs to analyze
behavioral data, identify consistent patterns, and extrapolate these patterns to higher-level prefer-
ence abstractions that can generalize across various tasks (Chao et al.| [2011). Furthermore, when
confronted with new tasks, the agent should leverage these learned preferences to generate adaptive
action sequences that align with user preferences while maintaining task efficiency.

With the PBP benchmark developed, we challenge existing learning agents on their ability to learn
human preference and subsequently conduct preference-based planning. Our systematic evaluation
of State-of-the-Art (SOTA) algorithms on PBP reveals that preferences serve as valuable abstrac-
tions of human behaviors, and their incorporation as intermediate planning steps significantly en-
hances agent adaptability. Through extensive experimentation, we demonstrate that symbol-based
approaches show promise in scalability, yet significant challenges remain in both preference learn-
ing and planning. These challenges stem from the complexity of planning intricate activities and the
nuanced nature of learning preferences through perception. Our analysis particularly highlights the
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dif culties in few-shot preference learning and preference-guided planning, establishing preferences
as a crucial abstraction layer between high-level goals and low-level actions. We present this work
as a foundation for addressing these challenges in preference-based embodied Al.

2 RELATED WORK

2.1 THEORETICAL FOUNDATIONS OFHUMAN PREFERENCES

Preference theory originates from psychological research, where it describes predictable patterns
in human behavior that can be modeled mathematically (Kahrneéman, 1982). These preferences re-
ect individual attitudes towards available choices in decision-making (Lichtenstein & $jovic| 2006)
and operate both consciously and unconsciously to shape behavior (Coppin et al., 2010). A funda-
mental principle is that underlying preferences can be inferred from consistent behavioral patterns
(Sen/197B), enabling systematic analysis of decision-making processes. This framework has ex-
tended beyond psychology into economics, where Rational Choice Theory (Scoft et al., 2000) mod-
els decision-making based on rational self-interest|(Zey, [1998). Building on this, Utility Theory
provides a mathematical foundation for modeling how preferences relate to attitudes toward rewards
and risks(Mongin, 1997; Aleskerov etl|al., 2007). These theoretical foundations establish prefer-
ences as fundamental elements in shaping both individual behavior and broader societal dynamics.
In recent years, these preference models have found new applications in arti cial intelligence and
robotics, particularly in developing human-centric Al assistants capable of understanding and adapt-
ing to individual user preferences.

2.2 BvBODIED TASK PLANNING BENCHMARKS

The development of intelligent embodied planning has evolved from basic Vision-and-Language
Navigation (VLN) tasks|(Anderson et gl., 2018; Chen et al., 2019; Thomason et all, 2020) to com-
plex interactive scenarios. ALFRED (Shridhar et jal., 2020) introduced object manipulation, state
tracking, and temporal dependencies between instructions, and platforms like Habitat (Sayva et al.,
2019;/ Puig et al], 2023b) and AI2-THOR (Kolve et al., 2017) emphasize active perception, long-
term planning, and interactive learning, while VisualAgentBench (Liu et al., 2024b) and Embodied-
Bench Yang et al. (2025) focus on abilities of visual foundation agents. Recent research has also
shifted toward implicit-instruction scenarios particularly in arrangement (Taniguchi et al., 2021;
Kant et al., 2022; Sarch et al., 2022), where agents reason about object placements without ex-
plicit directives. These works leverage commonsense knowledgenaral preferencego execute
universally-accepted behavioral norms, but neglect nuanced variations among different people.

Our work emphasizepersonalized preferenceswhere embodied agents align their actions with
individual user habits. This includes personalized object placement strategies (Abdo et al., 2015;
Kapelyukh & Johns, 2022; Wu et al., 2023) in housekeeping, multi-agent coordination where agents
adapt to individual preferences to achieve optimal coordination (Shu & Tian, 2019; Puig et al.,
2021b; 2023a). Works on proactive assistance (Patel & Chernova, 2023; Patel et al., 2023) further
explore anticipating temporal patterns in humans' daily routines. We extend these chanllenges by
considering preferences across diverse situations and scenes. Beyond object placements, we address
temporal action sequences, state transitions during interactions, and few-shot preference learning,
thus further enabling robust preference modeling and adaptation in real-world scenarios.

2.3 PERSONALIZATION IN FOUNDATION MODELS

The problem of adapting foundation models to distinct users has raised great attention (Tseng et al.,
2024). Existing studies explore prompting methods or Reinforcement Learning from Human Feed-
back (RLHF) to align models to user preferences in recommendation (Yang et al., 2023; Wang &
Lim, 2023), education (Huber etal., 2024; Park et al., 2024), healthcare (Zhang et al., 2024b), and di-
alogue generation (Li et al., 2023b; Ashby et al., 2023; Song et al., 2020; Lee et al., 2024). However,
while these foundation models excel at learning and adapting to individual preferences in conversa-
tional settings, their ability in the situation of limited demonstrations and embodied planning remains
an open challenge, particularly in multi-step tasks requiring complex perceptual understanding and
subtle execution strategies. Utilizing Large Language Models (LLMs) as few-shot planners to gen-
erate language-based action sequences from limited demonstrations (Song et al., 2023; Driess et al.
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2023; Ding et al), 2023; Zhang etlal., 20244a), or using Vision-Language Models (VLMs) to enhance
robotic systems' perception and reasoning capabilities (Ahn|et al., 2024; Leal et al., 2023; Gu et al.,
2023; Brohan et al., 2022; Zitkovich et al., 2023; Xu et al., 2024a) has proven to be effective. Yet,
how to incorporate personalization into them for embodied planning is not fully addressed.

3 FORMULATING PREFERENCEBASED PLANNING

Tasks in BP mirror real-world watch-and-help scenarios (Puig et al., 2021a), where an agent ob-
serves a few demonstrations of a user performing tasks that reveal preferences. The agent must then
complete similar tasks in different setups while adhering to the demonstrated preferences.

Preference-based planning comprises two key components: fevpigfetence learningof user
preferences and subsequ@finning guided by these learned preferences. Since humans, even
infants, can naturally detect others' preferences from limited decisions (Choi & Luo, 2023), and
collecting extensive personal demonstrations is impractical in daily life, we formulate this as few-
shot learning from demonstration.

Given a user with preferenge, the agent observes the user performing tasks from a rst-person
perspective, denoted &s. These observations span multiple demonstrations. Forn@alkygntains
both state and action observatio3: tp S;i;Ai;M oy u, whereS; denotes the egocentric obser-
vation sequence in thieth demonstrationA; represents the action sequence, dhdoptionally
provides a bird's-eye view of the entire scene map.

In the rst stage, the objective is to learn the preference representation demonstrated through user
actions:

p fpo; g )

wherep denotes the learned preference representation here. It can either be a hidden representation
or an explicit textual label, depending on the task settings.

The learned preferenge should then guide planning when the agent faces different setups with
varying objects, room layouts, or entire scenes. Speci cally, the agent optimizes:

L popsi; FPpO; 1 G gGaig (2
i1
wheregp grepresents a potentially parameterized planning function that maps the current state and
preference representation to the next action, andenotes the ground-truth action demonstrating
the user's preference at the current stage.

(a) Action level (b) Option level (c) Sequence level

Figure 2: Hierarchical organization of user preferences.Our framework organizes preferences in a three-
tiered structure, visualized through sunburst diagrams: (a) Action level captures ne-grained execution details
within speci c tasks, from quantity preferences in “Contaie’d, “half a cup”vs “full cup”) to environmen-

tal controls €.g, lighting and window operations). (b) Option level represents spatial preferences for object
categories, encoding both storage decisiang,(tablevs fridge for fruits) and organizational choices.g,

shelf levels and boxes for tools/toys). (c) Sequence level de nes temporal relationships between tasks, encom-
passing both basic preparation sequenesas, (‘Prepare Food rst”) and conditional orderings.g¢, “Clean

after Cook,” “[A]->[B]"). Each diagram'’s hierarchical structure branches from general categories to specic
instances, revealing detailed preference patterns upon closer inspection. (Vector graphics; zoom in for details.)
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4 THE PREFERENCEBASED PLANNING (PBP) BENCHMARK

Built on NVIDIA's Omniverse and OmniGibson simulation environment (Li et al., 2023a), @@ P
benchmark enables realistic simulation of thousands of daily activities. It spans 50 distinct scenes
and encodes 290 unique preferences, with a comprehensive test set of 5000 instances. Below, we
detail the preference structure and test set construction.

4.1 DEFINITION OF PREFERENCES

We organize preferences in a three-tiered hierarchical structure that captures varying degrees of
speci city across tasks. Figure 2 provides an overview of all preferences and their distribution,
while Figure 3 illustrates concrete examples of preferences and corresponding agent actions. The
290 preferences are distributed across three levels: 80 for sequence-level, 135 for option-level, and
75 for action-level preferences.

Action Level These bottom-level preferences govern ne-grained execution details within speci c
sub-tasks, such as water quantity preferences when lling cups or shelf placement choices for books.

Option Level Middle-level preferences encode alternative approaches to sub-tasks. For instance,
in “storing-nonperishable-food,” users may prefer cabinet storage versus table placement. These
preferences can bind to different objects and may compose multiple action-level preferences.

Sequence LeveTop-level preferences de ne task ordering and prioritization. They capture tempo-
ral dependencies between sub-tasks, such as cleaning furniture before rearranging kitchen utensils,
followed by dinner preparation upon returning home.

4.2 CONSTRUCTINGPBP TESTSET

Our P8P benchmark includes a de-
fault test set for systematic eval-
uation. Following the formula-

tion in Section 3, we structure

PBP tasks as few-shot learning-
from-demonstration problems. Each
test point comprises several (typi-
cally three) unique demonstrations
with egocentric observations of ac-
tion sequences and their correspond-
ing preference labels. As illustrated
in Figure 4, a demonstration includes
an egocentric video of agent activ-

ity, a birdl's.-eye-view map trackir]g Figure 3: Example of preferences and their corresponding ac-
agent p(_)SItloniAz;lnd rrame-le}ael aﬁ?'grﬁons in PBP. Demonstration of preference hierarchies iBFP
annotations. We also provide thir Eg-c) Primitive actions (cooking, washing, cutting); (d-e) Object
person view recordings for enhanceghrangement strategies (category grouping vs. fridge-layer place-

visualization. We prioritize the ego-meny); (f) Task sequencing (fruits before cleaning). (Vector graph-
centric perspective for two reasonsics: zoom in for details.)

1) it offers a clear view with minimal
occlusions, and 2) it aligns with human perception, facilitating transfer to real-world data from
head-mounted devices.

The test set construction follows a two-stage process. First, we build a reusable and extensible
demonstration pool. To generate each demonstration, we randomly assign a preference from our
de ned primitives to one of 50 OmniGibson scenes, then sample relevant objects within the chosen
scene. We generate multi-perspective observations using rule-based planners for high-level planning
and prede ned scripts for low-level executioa.g, Inverse Kinematics (IK) for grasping, Afor
movement).

Second, we construct test points by sampling preferences and retrieving relevant demonstrations
from the pool. To re ect real-world few-shot scenarios, each preference is paired with demonstra-
tions that share the same high-level preference but vary in scene settings or object selections. We
also include unrelated demonstrations to prevent sampling bias.
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