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Abstract

Robots that share everyday spaces with people must do more than execute low-level

actions correctly. They are expected to interpret underspecified language, anticipate when

tasks may fail in the real world, and express their intentions through both verbal and non-

verbal behavior. While recent foundation models in language and vision demonstrate

impressive generalization, they are rarely shaped by these practical and social demands

of human-centered robot behavior.

This dissertation investigates what would be required of a multimodal foundation

model for human-centered robots and explores concrete steps toward that goal. I first

articulate design requirements along several axes, including multimodal perception and

representation, reasoning about physical feasibility and task success, interactive language

use, non-verbal expressivity, and safety and predictability. This perspective emphasizes

that such models must reason not only about what a human has asked for, but also about

whether it can be carried out and how it should be communicated back to the user.

Within this view, I study verbal interaction through models that link language, per-

ception, and action while explicitly accounting for uncertainty and failure. A hierarchy of

vision–language–action models is trained on mixed-quality trajectories containing both
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successes and failures, enabling robots to prefer subgoals that are linguistically appropri-

ate yet also likely to succeed in the current environment. Complementarily, a command-

understanding framework classifies user instructions as clear, ambiguous, or infeasible

and uses calibrated uncertainty estimates to decide when to ask clarifying questions or

explain limitations instead of naively executing unreliable or risky requests.

The dissertation then turns to non-verbal and holistic interaction. I propose a system

that equips robots with configurable social personas: the robot interprets user gestures,

proximity, and affect, and selects coordinated gaze, facial expressions, and body motions

to convey a consistent character and intent. User studies show that people form stable

impressions of these personas and that non-verbal behavior strongly shapes perceived

alignment and trust. Building on this, I present a motion–language model that treats in-

teractive motion as a first-class generative modality. By learning a shared representation

for language and interactive motion, the model supports tasks such as describing interac-

tive motion in natural language, generating physically and socially coherent motion from

text, and editing existing trajectories according to relational or stylistic constraints.

Taken together, these contributions illustrate how feasibility-aware planning, ambiguity-

sensitive language grounding, and socially expressive motion can be framed within a

common multimodal perspective, even though they do not yet form a single unified foun-

dation model. The work highlights remaining gaps, including dependence on specific em-

bodiments, limited task and environment diversity, and the separation between verbal and

non-verbal components, and suggests future directions for integrating these pieces into

more unified models, extending them to richer sensory modalities and longer-horizon

interactions, and addressing the practical challenges of deployment in everyday human

environments.
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육갡줡숡렡봡픡댡윢윣픢눡줡먡눢긡밡먡댢윢

픣픤씡

밢젡윤

육갢줢눣픥갣

줢댣괡숢:촡섡줣

괡묡촡렡

윥쀡젢육갢갡윢육갡갣갢윦픤눤렡봡윤눥숣휡젣숢줣댡윧윢젡혡휡숤픡픤눤

갤뤡율렡눤 촢봢픤줢 씢눡. 윩됡윤 봣촢봢픤갥 먢숥됢 씣씤뤢 픦섢픤갦, 숤젤 혢갧

씥섣 갣씦윩 숤팡픧 숢 윪눤 갧옡뤢 묡뤣 옢측픤먣, 윫숦윬 윬댣뤢 씣씤젢 ·븡씣씤젢

픡댡 먡됣뤢 턡픦 퐡혣픧 숢 윪씤씧 픢눡. 촡괢윬 씣씤 밣 숥갨 봢씧 팢옣댤윩설 먡댢

윤육쀡젢육윥밡혤섡눣윢밤윩줢뤡,육갡줡숡렡봡픡댡윩오괣픤눤숤줤젢 ·쀢혥젢

젥갩윢줡숡율렡섥갪됢갧옡눤됤묢눡.

밥 픥윣넡묣윤 육갡 줡숡 렡봡윢 윣픢 먤툡먡눢 팢옣댤윩설 먡댢씥 씤딡 눣렢갣

괣젥갫 픨오픤먣, 윩뤢 픣픦 씤딡 괣찡젢 눥갪뤢 밦윢 숢 윪눤줢 퀡괣픢눡. 먥젣 먤

툡먡눢 줢갨 밣 퐡혣, 묢뤣젢 숤픡 갫눣섡갣 갣씦 섡갢씥 댥픢 촣렣, 쀡혦윧옥젢 씣씤

쀢옥, 븡씣씤젢 퐡혣렢, 씨젦섡갣 옢측 갫눣섡 됥 씡뜡 촤(axis)씥 갬찢 섥갪 오괣 쀢

픩윢 젤숥픢눡. 윩뜡픢 괤젧윤 팢옣댤윩설 먡댢윩 쀢옥윫갫 묡씡육 오괣픪눤줢뤡윩

씩눦뜢,괥오괣갫숡젡렡숢픡갡눡픢줡,괥뤣갦괥갭갣옦픢갪뤢쀢옥윫씥갥씢딡갢

젦눢픦씧픤눤줢뤢픫긢촣렣픦씧픫윢갮젥픢눡.

윩 괤젧 씩뜣씥섣, 밥 넡묣윤 씣씤 ·줢갨 ·픡댡윢 씪갭픤먦섣댣 봣혡숤섡갣 숤팡

뤢 먢숥젢율렡 갦려픤눤 먡댢윢 턡픦 씣씤젢 쀡혦윧옥윢 눡력눡. 섡갢 ·숤팡갫 혧윭

됢숥씪댤윩턢렡픥숧됢갪츢젢븡젦–씣씤–픡댡(vision–language–action, VLA)먡댢
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윢 젤씨픤씡, 렡봡윩 씣씤젢율렡 퀢눧픧 뼡 씩눦뜢 혣윭 혢갧씥섣 섡갢 갫눣섡윩 넢

윤섣븢갯윢섦혦픤댣렦픢눡.윩옦밤옧젢율렡,쀢옥윫먢렧윢먢혡픫(clear),먡혦픫

(ambiguous), 봣갫눣픫(infeasible)율렡 봢뤤픤갦, 밤젡됢 봣혡숤섡 촣젡윢 윩옥픦 숦

련픤긡 씤렩갰뀡 윣픬픢 오찣씥 댥픦섣눤 묤윧젡 숤픡픤눤 댥숦, 씣젤 촣갫 줤묣윢

픤갰뀡픢갪뤢섥먢픦씧픧줢갭젡픤눤먢렧윩픦픭렪윮온퀣뤢젤씨픢눡.

윩혨넡묣윤븡씣씤젢 ·촥찡젢쀡혦윧옥율렡촦젧윢혡윯픢눡.먥젣,렡봡씥괣섡

갫눣픢 쀢혥젢 팣뤥섧뀡뤢 봤씡픤눤 숥숨턣윢 젤씨픢눡. 윩 숥숨턣윤 쀢옥윫윬 젤숨

찤, 갰뤣, 젡섣 쀡퀤뤢 픦섢픤갦, 숥섦, 씫괦 퐡젡, 숦찡 댡윧윢 젥픮픤씡 윥괤됢 츣뤦

턢옦윬댣뤢젦눢픤눤븡씣씤젢픡댡윢섦퀥픢눡.쀢옥윫씪괣갭갣,쀢뜤됡윤윩뜡픢

팣뤥섧뀡씥 댥픦 씨젡젢육 육쀡윢 혩섡픤먣, 븡씣씤젢 픡댡윩 렡봡씥 댥픢 젡렫갱갣

숦련갱혩섡씥갮픤갥옩픣윢묡츤윢혡육픤옪눡.윩뤢밧퀦율렡,밥넡묣윤쀡혦윧옥

먡설윢 1긣쀣섡(modality)율렡촧긣픤눤먡설–씣씤먡댢윢젤숥픢눡.윩먡댢윤씣씤

옦쀡혦윧옥먡설씥댥픢갢윦퐡혣갢갡윢픥숧픫율렡쌡,쀡혦윧옥먡설윢윫씪씤렡

섥먢픤긡,턤숨툢렡봤턢묢뤣젢 ·쀢혥젢율렡괥뜥됦픢먡설쀣섡픤긡,괤갪젢똡눤숨

퀢윥젤씬씥딢뜢긡젨괧젢윢팤줥픤긡옦갲윤눡씭픢갣씦윢줢옫픢눡.

젩픮젢율렡, 밥 넡묣윤 숤픡 갫눣섡윢 갦려픢 갪혪(feasibility-aware planning), 먡

혦섡씥묥갱픢씣씤괥뜢옣딣,쀢혥젢율렡퐡혣렢윪눤먡설윢갢턡됢먤툡먡눢괤젧

씨씥섣눡렬숢윪윰윢밤윩줢뤡,윩됡윩씩줦눥윥턡픮팢옣댤윩설먡댢윢혩섡픤눤

갤윤씩눨댣봢먢휡픢눡.젤씨됢긡밨됡윤툣젡렡봡혩퀤씥댥픢윬젨섡,갣씦밣혢

갧눡씭섡윬픢갪,씣씤젢 ·븡씣씤젢괣섡오섧갡봢뤣옦갲윤뀢윤갣젤뤢됤뜡뀣눡.

윩씥 딢뜢 픣혨 씪괣 방픣율렡, 윩뜡픢 오섧됡윢 밤눡 턡픮됢 먡댢렡 묦씤뀤갦, 댦 퐢

봤픢 갱갨 먡눢뤣툡옦 윯긡 쀡혦윧옥율렡 혡윯픤먣, 윥쀡젢육 육갡 혢갧씥섣 숤젤렡

밪츥 ·옣옥픤눤갣젡씥섣밫쀣픤눤숤줤젢묣젤됡윢픦갭픦씧픧픨오섡윢넡윬픢눡.

줡숡씡 :팢옣댤윩설먡댢뤧,육갡–렡봡쀡혦윧옥,봣혡숤섡촣젡,갮갩촣렣,먤툡
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Chapter 1

Introduction

1.1 Motivation and Background

Robots are steadily moving out of isolated industrial cells and into spaces that are fun-

damentally designed for people: homes, hospitals, workplaces, and public environments.

In these settings, the expectation is not merely that a robot can complete a scripted task,

but that it can collaborate, adapt, and behave in ways that feel intelligible and appropri-

ate to human partners. This requires more than competence at manipulation or naviga-

tion. A useful partner must also exhibit elements of social intelligence: understanding

how instructions relate to the shared environment, recognizing when a request is unclear

or unsafe, and expressing its own intentions and limitations through both language and

behavior. In other words, robots entering human spaces are expected to participate in

interaction, not just execute motion plans.

Recent progress in robot foundation models has focused primarily on vision–language–

action (VLA) architectures that aim to generalize across tasks, embodiments, and envi-

ronments. By training large models on diverse teleoperation data and web-scale vision–

language corpora, these systems can map images and natural-language goals to low-level

actions with impressive breadth. However, their success is usually measured in terms of

task success rates and robustness under perturbations within a manipulation benchmark.

As a result, the notion of “generalization” remains largely task-centric: models are eval-
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uated on whether they can perform more tasks on more objects, rather than on whether

they can participate in richer forms of human–robot interaction.

At the same time, most practical HRI systems remain highly modular and hand-

engineered. Pipelines often stitch together separate components for speech recognition,

natural-language understanding, dialog management, perception, planning, and motion

control, with carefully tuned rules and state machines governing when each piece is in-

voked. This design makes it possible to build compelling demonstrations, but it intro-

duces brittle interfaces and limits how much behavior can emerge from data. When a

system is decomposed into many narrow modules, it becomes difficult to learn represen-

tations that carry social meaning across levels: how a spoken request, a pointing gesture, a

spatial relation, and a response motion should jointly constrain what the robot does next.

These challenges motivate a shift from handcrafted HRI pipelines toward more integrated

models of interaction.

This dissertation is driven by the view that future robots should be built on founda-

tion models for multimodal reasoning in human-centered robot behavior: models that

treat language, perception, and action, including non-verbal motion, as coupled channels

of communication with humans. Rather than designing separate modules for understand-

ing, planning, reacting, and expressing, I seek a path where a shared multimodal repre-

sentation supports all of these roles: interpreting verbal commands in context, reasoning

about feasibility and safety, expressing uncertainty, or asking for clarification, and gen-

erating coherent robot motions in response to a human partner. The long-term vision is

that a single family of models can underpin verbal interaction, non-verbal interaction,

and their combination in human environments, enabling robots that are not only more ca-

pable across tasks, but also better aligned with how humans naturally communicate and

collaborate.
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1.2 Multimodal Foundation Model for Human-Centered Robot

Behavior

In this section, I clarify what I mean by foundation models and how they apply to

robots acting in human environments. I first review the general notion of foundation

models and their characteristic training and adaptation regimes, then characterize multi-

modal robot behavior in this context. I next delimit the scope of human-centered robot

behavior considered in this dissertation, and finally synthesize these notions into a work-

ing definition of multimodal foundation models for human-centered robot behavior that

guides the rest of the thesis.

1.2.1 What Are Foundation Models?

Foundation models are large-scale models trained on broad, heterogeneous data that

can be adapted to many downstream tasks with relatively modest additional supervision.

Instead of being engineered for a single setting, they aim to learn reusable represen-

tations and interfaces that transfer across domains, modalities, and objectives. Exam-

ples include large language models (LLMs) [2–5] that support in-context learning and

prompting across diverse text tasks; vision–language models (VLMs) [6–8] that align

images and language in a shared space; vision–language–action (VLA) [1, 9, 10] poli-

cies that map from scenes and instructions to robot actions; and emerging motion- and

interaction-centric models that operate over trajectories rather than static inputs. Common

characteristics of these models are: (i) pretraining on massive, often web-scale datasets;

(ii) unified architectures that can ingest and produce multiple modalities; and (iii) flexible

conditioning mechanisms, such as prompts, demonstrations, and task descriptions, that
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allow the same model to be steered toward different behaviors without retraining from

scratch.

1.2.2 Multimodal Foundation Model for Robot Behavior

In this dissertation, multimodality concerns how a robot uses heterogeneous signals to

interpret situations and choose behaviors, not just how it processes each modality in isola-

tion. Relevant modalities include language (spoken or written instructions, feedback, and

explanations), visual observations of scenes and objects, robot and human motion (poses,

trajectories, and interaction patterns), proprioceptive state, and, when available, tactile or

force feedback. Behavior selection in this context means more than mapping an input

vector to an output action: it involves combining environment state, user goals, physical

and social constraints, and recent interaction history to (i) understand what is being asked

or implied, (ii) decide which actions are feasible and appropriate, and (iii) revise behavior

in response to new evidence or corrections. The systems studied in later chapters instan-

tiate different slices of this notion—for example, combining language and perception to

decide whether to execute or clarify a command, or combining language and motion to

answer questions about an ongoing interaction or to edit a trajectory. They are all framed

as special cases of multimodal processing and behavior selection for robots.

1.2.3 Scope of Human-Centered Robot Behavior

The term human-centered robot behavior is used here in a deliberately specific sense.

I focus on robots operating in human-populated indoor environments such as homes,

hospitals, and workplaces, where people are present in the scene and are the primary

consumers of the robot’s behavior. The behaviors of interest span both task-level and

interaction-level phenomena. At the task level, the robot must perform everyday actions
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such as manipulating objects, tidying or organizing, and assisting with routine activities,

while respecting the physical constraints of the environment. At the interaction level,

the robot must respond to how the human communicates and behaves: clarifying under-

specified instructions, hesitating or yielding when appropriate, adjusting its motion when

someone approaches or withdraws, and choosing when to ask questions versus acting au-

tonomously. Human-centered behavior thus emphasizes not only whether a task is com-

pleted, but how the robot’s actions appear and feel from the user’s perspective: whether

they are understandable, predictable, respectful of comfort and safety, and aligned with

the human’s goals and preferences.

1.2.4 Multimodal Foundation Models for Human-Centered Robot Behav-

ior

Putting these elements together, multimodal foundation models for human-centered

robot behavior are models that (i) are pretrained on large, diverse datasets containing

language, perception, and interaction traces, (ii) learn shared representations that tie

together language, vision, motion, and other modalities, and (iii) expose flexible in-

terfaces through which robots can be conditioned to exhibit different behaviors in human

environments. The inputs to such models include verbal signals (instructions, questions,

feedback), visual and state information about the scene, records of past actions and out-

comes, and non-verbal cues such as human pose or gesture. The outputs span verbal

responses (clarifications, explanations, confirmations) and embodied behavior (where to

move, how to manipulate, how to shape motion as a signal), with the model responsible

for deciding which channel to use and how to coordinate them. From a design standpoint,

these foundation models act as a shared substrate: they provide a common multimodal

latent space and a set of decision and control heads that can be adapted, via prompting or
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Figure 1.1: Key capabilities and design requirements of foundation models for human-
centered robot behavior, integrating multimodal inputs into a shared representation for
perception, reasoning, and action, and producing verbal, embodied, and safety-aware re-
sponses from diverse multimodal data.

lightweight fine-tuning, to specific robots, tasks, and user populations. The remainder of

this dissertation explores concrete instances of this paradigm, showing how such models

can be specialized for verbal interaction, non-verbal interaction, and motion, and how

they can be deployed in integrated form in human-centered settings.

1.3 Key Capabilities and Design Requirements

Multimodal Foundation models for human-centered robot behavior are not designed

for a single task or interface. Instead, they are intended to support a broad family of be-

haviors through a shared, reusable representation that enables transfer and generalization

across tasks, embodiments, and environments. To do so, they must integrate multiple in-

put and output modalities, operate over extended interaction histories, and make decisions

that remain intelligible and acceptable to humans. In this section, I outline several key
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capability axes and the resulting design requirements: multimodal perception and rep-

resentation, verbal interaction, non-verbal interaction and embodied motion, integrated

multimodal reasoning and decision-making, learning and adaptation from diverse data,

task-level generalization, and safety, predictability, and user trust, illustrated in Fig. 1.1.

1.3.1 Multimodal Perception and Representation

A human-centered robot rarely acts on a single stream of information. It must inter-

pret language, visual observations, internal state, tactile and force feedback, and motion

histories together to understand what is happening and what should be done next. Foun-

dation models in this setting, therefore, require multimodal encoders that can absorb

heterogeneous signals and embed them into a shared representation space. Such repre-

sentations should align language with visual context, motion, and contact-rich sensing,

capture temporal structure over extended interactions, and remain compact enough to

serve as a useful state for downstream planning and control. This motivates architec-

tures with modality-agnostic backbones and lightweight adapters for different sensory

streams, pretrained on large, heterogeneous datasets that mix images, videos, language,

action traces, and, where available, haptic or proprioceptive signals.

1.3.2 Verbal Interaction

Verbal interaction is the primary way many users express goals, preferences, and

constraints to a robot, but natural-language instructions are often ambiguous, incomplete,

or partly incompatible with the current situation. Instead of treating language as a one-

shot command, foundation models must support grounded interpretation of verbal input,

relating referring expressions and relational phrases to the observed environment and

interaction history. They should also detect when a request is underspecified or infeasible
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and respond through clarification, explanation, or refusal, rather than blindly executing

a literal parse. This requires coupling language understanding with high-level reasoning

over goals, subgoals, and constraints, so that the dialog can be used to negotiate and refine

what the robot will actually do.

1.3.3 Non-Verbal Interaction and Embodied Motion

In human environments, much of what matters is never spoken: gaze, posture, ges-

ture, and movement in space all convey intent, attention, and comfort. A human-centered

robot must therefore treat motion as both an action and a communicative signal. On the

perception side, this means interpreting human motion over time—recognizing approach

versus avoidance, turn-taking, offering help, or hesitation—and using these cues to adjust

behavior. On the generation side, the robot’s own motions should be physically feasible

and task-complete, but also legible and appropriate, revealing intent and respecting social

and spatial norms. This calls for representations that capture trajectories at the right level

of abstraction and can be adapted online as the human’s motion and state evolve.

1.3.4 Integrated Multimodal Reasoning and Decision-Making

Although verbal and non-verbal channels can be analyzed separately, effective be-

havior ultimately depends on integrating them with perception and control into a coher-

ent decision process. Foundation models for human-centered robots should support joint

reasoning over language, vision, motion, and internal state to answer questions such as

which object is being referred to, which plan is feasible and low-risk, and whether to act

now or seek more input. This involves mapping multimodal histories to high-level deci-

sions, task selection, plan revision, and trajectory adaptation, rather than only predicting

the next low-level action. In practice, shared multimodal encoders provide the state ab-
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straction, while planning heads, value estimators, or search procedures operate on that

state so that multimodal cues meaningfully influence behavior.

1.3.5 Learning, Adaptation, and Data Requirements

These capabilities cannot be hand-engineered; they must be learned from rich and im-

perfect experience. Foundation models for human-centered robot behavior should lever-

age diverse data sources, including scripted demonstrations, teleoperation logs, simulated

environments, and real-world interaction traces, ideally containing both successes and

failures, corrections, and goal revisions. The model must also support efficient adapta-

tion to new robots, environments, and users, for example, through fine-tuning on small

amounts of local data, in-context specialization, or lightweight adapters. This places con-

straints on how parameters and interfaces are organized: core representations should be

reusable, while most customization occurs through modular components that can be up-

dated without retraining the entire model from scratch.

1.3.6 Safety, Predictability, and User Trust

Finally, any realistic deployment in human environments must satisfy safety and trust

constraints. Multimodal reasoning increases capability but also opens new failure modes,

so foundation models must recognize when information is insufficient, when plans are

likely to fail or cause harm, and when deference to a human decision or a conservative

fallback is warranted. Behavior should respect physical safety, avoiding collisions and

hazardous motions, as well as interaction safety, such as avoiding sudden or intrusive

movements and not persisting with plans that clearly make users uncomfortable. From

a design standpoint, this calls for explicit mechanisms for uncertainty estimation, risk

assessment, and override, and for using language and motion to communicate limitations.
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The goal is not only competent behavior, but behavior that people can predict, understand,

and gradually learn to trust.

1.4 Scope of This Dissertation

The preceding discussion sketches an ambitious design space: foundation models

that perceive rich multimodal input, engage in verbal and non-verbal interaction, inte-

grate these channels into coherent decisions, adapt from diverse experiences, and remain

safe and trustworthy in everyday environments. This dissertation does not claim to real-

ize such a general foundation model in full. Instead, it investigates concrete slices of this

space where multimodal reasoning already yields tangible benefits for human-centered

robot behavior, and it develops methods that move incrementally from using large pre-

trained models effectively toward constructing more specialized multimodal models for

robots.

On the capability side, the focus is deliberately narrow in some dimensions and deep

in others. I concentrate on language, vision, expressive motion, and embodied actions,

rather than addressing rich haptic manipulation. Within this setting, the dissertation tar-

gets three axes most directly: (i) verbal interaction under ambiguity, uncertainty, and

feasibility constraints; (ii) non-verbal interaction and expressive motion as channels for

conveying intent, attitude, and coordination; and (iii) integrated multimodal reasoning

over language and motion, with an emphasis on understanding, generating, and editing

interactive trajectories, and on answering questions about ongoing or past motion. Mul-

timodal perception, low-level control, learning and adaptation, and safety are addressed

only to the extent needed to support these behaviors, and are not treated as standalone

research problems.
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Methodologically, the contributions span a spectrum from model usage to model de-

sign. At one end, I study how to wrap and condition existing large language and vi-

sion–language models so that they can interpret underspecified commands, detect in-

feasible requests, ask clarifying questions, and choose behaviors that are more likely to

succeed in a given scene. At the other end, I develop multimodal motion models that align

language and interactive trajectories, enabling robots to generate, recognize, and edit so-

cial and task-oriented motions in response to a human partner. Across these cases, the

emphasis is on how multimodal reasoning, grounded in data from human–robot scenar-

ios, can shape human-centered robot behavior, rather than on training a single monolithic

model that exhaustively covers all tasks, embodiments, and environments. Subsequent

chapters instantiate this agenda in the verbal, non-verbal, and integrated settings intro-

duced above.

1.5 Thesis Outline

This dissertation is organized to move from general foundations to specific instan-

tiations of multimodal reasoning in human-centered robot behavior. As illustrated in

Fig. 1.2, we consider robots that jointly perceive humans and their environment through

language and vision, and respond with both verbal dialogue and nonverbal motion, en-

abling holistic human-centered behavior.

Chapter 2 surveys related work at the intersection of foundation models, robotic

learning, and human-robot interaction. I review large language and vision–language mod-

els, vision–language–action (VLA) policies, and recent motion- and interaction-centric

models, with an emphasis on how they address (or neglect) multimodal reasoning, uncer-

tainty, and human-centered behavior. This chapter situates the proposed agenda within
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Figure 1.2: Overview of holistic, human-centered robot behavior. The robot foundation
model receives linguistic commands and visual observations from humans and the envi-
ronment, and produces both language-based and nonverbal actions.

both the foundation model literature and the broader robotics and HRI communities.

Chapter 3 focuses on verbal interaction. It studies robots that act in response to

natural-language commands under ambiguity, uncertainty, and feasibility constraints. I

first show how large pretrained models can be wrapped to perform failure-aware, language-

conditioned planning in realistic manipulation scenes. I then introduce a framework for

classifying user commands into clear, ambiguous, and infeasible categories, and for us-

ing clarification questions and explanations to negotiate goals with the user. Together,

these case studies illustrate how multimodal reasoning over language and perception can

improve the reliability and transparency of verbal interaction.

Chapter 4 turns to non-verbal interaction and embodied motion. Here, the robot’s

behavior is driven primarily by a human partner’s pose, gesture, and movement rather

than by explicit linguistic commands. I present a model that treats motion as a commu-

nicative signal, learning to generate and adapt robot motions that respond to a partner in
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ways that are physically feasible and socially appropriate. This chapter highlights how

motion-level representations can be used to interpret human behavior and to synthesize

expressive robot behavior in return.

Chapter 5 develops a holistic perspective that unifies language and motion within a

single multimodal model. I introduce a framework that aligns language with interactive

motion trajectories, enabling a robot to understand, generate, and edit complex interac-

tion sequences from textual descriptions and motion queries. The model supports tasks

such as describing what has happened, predicting plausible continuations, and modifying

trajectories to satisfy new relational or stylistic constraints, illustrating how multimodal

reasoning can span verbal and non-verbal channels in a shared space.

Chapter 6 concludes the dissertation. It summarizes the main contributions across

verbal, non-verbal, and integrated multimodal reasoning, reflects on the limitations of

the current instantiations, and outlines open challenges for building broader foundation

models for multimodal reasoning in human-centered robot behavior.

1.6 Contributions

This dissertation investigates how foundation-model principles can be applied to mul-

timodal reasoning in human-centered robot behavior, spanning verbal, non-verbal, and

integrated interaction. Rather than proposing a single monolithic model, it develops and

analyzes a sequence of systems that use and extend large pretrained models in increas-

ingly specialized ways, from language-driven planning to motion-level interaction. The

main contributions are summarized as follows.

1. Problem formulation and design space for multimodal reasoning in human-

centered robot behavior. I formalize the goal of foundation models for human-
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centered robot behavior and articulate key capability axes: multimodal perception

and representation, verbal interaction, non-verbal interaction and embodied mo-

tion, integrated multimodal reasoning and decision-making, learning and adapta-

tion from diverse data, safety, predictability, and user trust. This framing clarifies

how large language, vision–language, and motion-centric models can be repur-

posed or extended for human-centered robots, and it provides a conceptual scaffold

for the subsequent chapters.

2. Verbal interaction under ambiguity, infeasibility, and failure. I investigate robots

that act in response to natural-language commands while respecting the limits of

their perception and capabilities. First, I show how large pretrained models can be

wrapped into failure-aware, language-conditioned planners that use both success-

ful and unsuccessful experience to bias plan selection toward feasible behaviors in

realistic manipulation scenes. Second, I propose a framework for classifying user

commands into clear, ambiguous, and infeasible categories, and for using clari-

fication questions and explanations to negotiate goals with the user, rather than

blindly executing literal parses. Together, these contributions demonstrate how

multimodal reasoning over language and perception can improve the reliability

and transparency of verbal interaction.

3. Non-verbal interaction and expressive robot motion. I turn to settings where

the primary signals are not spoken commands but human pose, gesture, and move-

ment. I develop an interaction policy that treats motion as a communicative chan-

nel, learning to generate and adapt robot trajectories in response to a partner in

ways that are both physically feasible and expressive. By conditioning on inter-

action context and persona-like factors, the method shows how a single motion
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model can produce behaviors that differ not only in task outcome but also in how

the robot is perceived (e.g., more reserved or more proactive). This illustrates how

motion-level representations can support non-verbal interaction beyond scripted or

hand-designed behaviors.

4. Holistic multimodal reasoning over language and interactive motion. Finally,

I present a unified framework that aligns language with interaction-scale motion

trajectories, enabling a single model to understand, generate, and edit complex

human–robot interaction sequences. The model supports tasks such as describing

what has happened, answering questions about past or ongoing motion, predict-

ing plausible continuations, and modifying trajectories to satisfy new relational or

stylistic constraints. This demonstrates that foundation-model style training can

yield a shared space in which verbal and non-verbal channels are treated symmet-

rically, allowing robots to reason about and manipulate behavior at the level of

language and motion together.

1.7 Additional Papers

While this dissertation centers on multimodal reasoning for human-centered robot

behavior, I have also led and contributed to several other lines of work during my Ph.D.

that are not covered in detail here. As the first author, I developed Mixture Logit Net-

works (MLN), an uncertainty-aware robust learning framework that jointly models epis-

temic and aleatoric uncertainty in classifiers and uses these signals to detect and mitigate

noisy labels and corrupted inputs. I then proposed ZAVIS, a zero-shot active visual search

system that combines open-set visual detection, text–image alignment, and uncertainty-

aware planning to locate target objects specified by free-form language in unseen envi-
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ronments. Building on these ideas, SOCRATES extends visual search from objects to

people: it integrates language, vision, and reinforcement learning to find and approach

humans described by textual attributes and roles, generating approach behaviors that are

physically feasible and socially acceptable.

In addition to these first-author works, I have collaborated on a range of projects re-

lated to representation learning and embodied interaction. These include self-supervised

visual representation learning for downstream robotic tasks; semi-autonomous teleopera-

tion of manipulators, including non-prehensile manipulation and LLM-based spatial rea-

soning; tactile human–robot interaction that leverages skin-like sensing; the construction

of mixed-quality autonomous driving datasets for abnormal detection; and representation

learning of robot structure. Although these projects target different application domains,

they share a common theme with this dissertation: extracting useful structure from noisy,

multimodal data to support more interpretable, adaptable, and human-compatible robot

behavior.
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Chapter 2

Related Work

Robotic intelligence increasingly draws from advances in foundation models trained

on large-scale multimodal data. This chapter reviews prior work across five closely linked

research domains: (i) foundation models, (ii) large language models applied to robotics,

(iii) vision–language–action (VLA) models, (iv) non-verbal interaction and persona-driven

robotics, and (v) motion–language models. The relationships among these areas outline

the progress and remaining challenges motivating this dissertation.

2.1 Foundation Models

Foundation models refer to large-scale neural architectures trained on broad, multi-

modal data distributions to acquire general-purpose representations that transfer across

tasks, domains, and embodiments. Their power comes from three properties: (i) scal-

able training that yields emergent capabilities, (ii) shared representations that unify het-

erogeneous modalities, and (iii) versatile conditioning mechanisms that enable down-

stream adaptation with minimal task-specific engineering. These characteristics have

transformed language and vision research and increasingly serve as the conceptual back-

bone for embodied intelligence.

Large Language Models Large language models (LLMs) display strong composi-

tional reasoning and zero-shot generalization [2–5,11,12], with chain-of-thought prompt-
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ing [13] and self-reflection [14] supporting more interpretable step-by-step reasoning.

However, these abilities remain text-centric—LLMs do not account for embodiment,

physics, or the feasibility of executing the decisions they produce.

Vision Language Models Vision–language models (VLMs) couple text with visual

perception through shared representations, typically by aligning an image (or video)

encoder with a pretrained language model. Models in the LLaVA family [6] use a vi-

sion encoder and a lightweight projection layer to map visual features into the language

token space, enabling open-vocabulary grounding, visual question answering, and in-

struction following. Subsequent work extends this paradigm from images to video: for

example, Video-LLaVA unifies image and video features before projection so that a sin-

gle language backbone can reason over both modalities [15]. Recent surveys categorize

such systems into (i) vision–language understanding models (image/video + text input,

text-only output), (ii) multimodal-input text generators, and (iii) fully multimodal in-

put–output models [16]. Despite these advances, most VLMs used in practice operate

in the “understanding” regime: they consume visual inputs and generate text (answers,

descriptions, tool calls), but do not directly output motor commands or continuous trajec-

tories. As a result, they are highly informative for perception and high-level reasoning,

yet remain one step removed from closed-loop embodied control.

Multi-Modal Language Models Multimodal large language models (MLLMs) gen-

eralize this idea by allowing multiple modalities both on the input and, in some cases,

on the output side [17]. One common design uses additional modalities only as condi-

tioning inputs: models such as GPT-4V or Qwen-VL take images or video along with

text and generate text responses, but do not natively produce non-text outputs [?]. A
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second class couples a language backbone with separate generative decoders, enabling

cross-modal generation: for example, Koh et al. [18] map hidden states from an LLM

into the embedding space of a text-to-image model to generate images from arbitrary in-

terleaved image–text prompts, while Transfusion [19] trains a single transformer jointly

with next-token prediction and diffusion to support both text and image generation within

one sequence model. Similarly, the SEED/SEED-X family [20,21] learns visual tokeniz-

ers and multimodal backbones that can comprehend images of varying resolutions and

also generate images, moving closer to unified image understanding and synthesis.

Beyond images, recent models extend the same template to video and speech. Video-

LLaVA and related video-centric MLLMs process sequences of frames as visual tokens

and support video question answering and temporal reasoning using a unified visual

representation [15]. Speech-centric models connect neural audio front-ends or discrete

speech tokenizers to LLMs for end-to-end speech summarization or speech-to-speech di-

alogue [22, 23], and omnidirectional systems such as GPT-4o or Qwen-Omni treat text,

image, and audio as first-class tokens in a single conversational model [12,23]. Together,

these lines of work demonstrate that a single backbone can, in principle, ingest and emit

multiple modalities. However, their outputs are typically optimized for communicative

media (text, images, audio) rather than for physically grounded control; bridging from

such multimodal token spaces to low-level robot action remains an open challenge.

Personas in Language Models Prior studies [24–26] have explored the ability of lan-

guage models to adapt specific personas or personalities. Li et al. [24] introduced Human

Level Attributes (HLAs) based on tropes to create dialogue agents that can mimic the per-

sonalities of fictional characters. Safdari et al. [25] discussed the impact of synthetic per-

sonality in large language models (LLMs) on conversational agents, introducing a method

19



for assessing and validating personality tests on LLMs and for influencing the personal-

ity in LLM-generated text. Lee et al. [26] demonstrated distinct LLM-based behaviors

that enable more authentic and context-aware human-robot interactions by integrating

non-verbal cues. However, the approach has limitations in the latency of requesting API

calls, and the explored persona was dialog-centric rather than the character or style of the

robot.

Tree-based Reasoning in Foundation Models Tree search is a foundational tech-

nique in robotic planning for exploring sequences of actions and their potential out-

comes [27–30]. This principle of structured exploration has been recently adapted for

language models in Tree-of-Thoughts (ToT) prompting, which casts complex reasoning

as a search over branching thought states [31]. In practice, ToT commonly leverages

Monte Carlo Tree Search (MCTS) [32–35], with nodes representing partial reasoning

states and rollouts used to estimate success. Recent work emphasizes the importance of

value guidance; for instance, [36] shows that a PPO-trained value model can guide MCTS

to avoid prematurely pruning useful candidates. For embodied agents, ToT enables the

evaluation of alternative futures to select safer actions, but its effectiveness hinges on

well-calibrated value estimates that success-only data cannot provide.

This body of work illustrates that foundation models excel in abstract and multimodal

reasoning, but they lack mechanisms for grounding decisions in robot embodiment and

for predicting whether planned actions are physically executable. These limitations mo-

tivate research on integrating LLMs into robotics systems directly.
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2.2 Leveraging Large Language Models in Robotics

Planning and Reasoning LLMs have been increasingly used as high-level planners

in robotics, but prior work differs substantially in how language is converted into exe-

cutable plans. Huang et al. [37] showed that an LLM can decompose a natural-language

instruction into a sequence of subgoals using chain-of-thought prompting, allowing the

robot to act step-by-step based on linguistic reasoning. Ahn et al. [38] instead framed

planning as grounding text to a constrained action interface, where each step corresponds

to an API-style call to a controller, improving reliability by limiting the output space

to verifiable skills. Liang et al. [39] proposed program-generation for robotics, where

the LLM produces structured action programs using a predefined skill library, enabling

better safety and interpretability during execution. These approaches collectively enable

robots to translate natural-language goals into ordered action sequences, yet they share

the same structural limitation: the planner can only compose behaviors that exist within

the predefined action library. If a task requires a behavior that is not represented among

the primitives (e.g., a new grasping strategy or an unseen geometric constraint), the LLM

cannot synthesize it—even if the reasoning is linguistically consistent and logically co-

herent.

Challenges and Limitations Real-world instructions are often ambiguous, contradic-

tory, or physically infeasible (“place it over there,” “grab the full cup but not the full

one”), and grounding such language requires understanding not only intent but also em-

bodiment and environmental constraints. Uncertainty quantification in language mod-

els [40–44] has been investigated primarily in QA and machine translation, and fre-

quently depends on token-wise probability distributions unavailable for closed-source
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LLMs such as GPT-4 [45]. Consequently, current LLM robotic planners reason well

about what the user likely means but reason weakly about whether the robot can suc-

ceed.

These observations motivate moving from language-only planning toward models

that integrate perception and control directly, which has led to the emergence of vision–

language–action architectures.

2.3 Vision–Language–Action Model

Datasets The growth of embodied learning has been driven by large-scale demonstra-

tion datasets. The Open-X Embodiment dataset [46] aggregates experience from many

robots and institutions, enabling cross-embodiment generalization and large-scale pol-

icy pretraining. Yet successful interactions vastly outnumber failed ones, leaving models

with limited exposure to failure outcomes that are essential for understanding feasibility

and safety.

Vision–Language–Action Models VLA models unify perception, language, and con-

trol through end-to-end learning [47–51]. RT-1 [47] demonstrated the effectiveness of

Transformers in visuomotor control on a single platform, and RT-2 [48] transferred web-

scale semantic knowledge into actions, enabling conceptual generalization. Follow-up

models such as RT-X [46] and OpenVLA [10] use multi-embodiment data to create

general-purpose control policies. Recent approaches pursue continuous and high-frequency

control beyond autoregressive discretization. !0 [1] and !0.5 [52] eliminate tokenized ac-

tion spaces by representing actions as trajectories in a continuous manifold and learn-

ing them via flow-matching [53], improving smoothness and reducing latency during
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closed-loop control. These models also segment long-horizon demonstrations into short

action chunks [54] to stabilize training and enable higher effective control frequency.

GR00T [9] further demonstrates that real-robot data, human videos, and synthetic data

can be jointly exploited for dexterous manipulation across diverse embodiments, suggest-

ing that continuous-action VLAs benefit from heterogeneous sources of motion supervi-

sion.

In parallel, a complementary line of work integrates more explicit high-level reason-

ing into VLA architectures. Zawalski et al. [55] incorporate textual “reasoning traces”

aligned with actions to improve generalization to novel tasks. Zhao et al. [56] predict

intermediate future images—effectively imagining the scene evolution before perform-

ing the action—to improve robustness under distribution shifts. Li et al. [57] introduce

affordance prediction to bias action selection toward more promising objects or states.

Collectively, these methods aim to enhance interpretability and generalization by making

the policy’s internal decision process more structured and explicit, rather than entirely

implicit within latent representations.

Hierarchical VLA Hierarchical designs seek to separate high-level reasoning from

low-level control within a unified architecture. HiRobot [58] decomposes tasks into atomic

language instructions executed by a low-level policy; HAMSTER [59] predicts 2D end-

effector motion to guide a 3D controller; MolmoAct [60] uses visual trajectory tokens to

support user-steerable manipulation. Although such models improve clarity and control-

lability, they generally assume that planned subgoals are feasible rather than verifying

them explicitly before execution.

The current VLA landscape highlights progress toward general-purpose embodied

models, yet feasibility-aware planning and reasoning under uncertainty remain largely
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missing—especially in settings where demonstrations contain mixed successes and fail-

ures.

2.4 Non-verbal Interaction and Persona in Robots

Persona-Driven Robots Persona and social identity influence user engagement, per-

ceived competence, and cooperation [61–64]. Prior studies have demonstrated robots

expressing extroverted vs. introverted personas [62], socially engaged vs. competitive

personas [63], and receptionist-style interaction with verbal and non-verbal cues [64].

These systems, however, rely on manually scripted behaviors for each character and do

not scale across diverse interaction contexts.

Non-verbal Communication Non-verbal cues play a significant role in conveying emo-

tions and intentions in communications. Non-verbal communication can be composed of

gaze, gestures, or intonation. Pan et al. [65] introduced a system that combines advanced

gaze interaction technology and character animation principles with human-like gaze

behaviors. Ko et al. [66] focused on the motion of the robot to learn and generate the

social behavior given the human pose. Brock et al. [67] presented a real-time hand ges-

ture recognition system to facilitate close-distance non-verbal communication with the

tabletop robot Haru.

Together, these findings suggest that non-verbal communication requires not only

motion generation but motion that is conditioned on context, intent, and persona. This

motivates research on joint modeling of motion and language.
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2.5 Motion–Language Model

Traditional Motion Modeling & Control Text-to-motion synthesis has been advanced

by diffusion-based approaches [68, 69] and transformer models with vector quantiza-

tion [70, 71]. MoMASK [72] captures subtle details via residual tokenization. Motion

editing has explored style transfer [73, 74] and part-specific edits [69, 75]. MEOs [76]

identify editable regions with captions; MotionFix [77] conditions diffusion models on

both source motion and edit text. These systems typically support unidirectional mapping

rather than full bidirectional interaction across modalities.

Motion–Language Models Recent developments in motion-language models have aimed

to achieve versatility across various motion-related tasks. MotionGPT [78] demonstrates

versatility in motion comprehension and generation based on a unified framework. Mo-

tionChain [79] introduces a multi-turn conversational system for interpreting and gener-

ating motions within dialogue contexts, including image inputs. Recent work [80–83] has

explored unified approaches to multi-modal motion generation, including speech, video,

and image. However, these methods focus on the single-person motions, thus, modeling

interactive motions in unified models remains under-explored. Wu et al. [84], address

the interactive motions, but they still lack multi-turn interactions and complex reasoning

abilities.

Existing Dataset Interactive datasets [85–87] have supported human–human motion

understanding, and recent parallel efforts such as Inter-X [88] and InterHuman [89] pair

interaction motions with text annotations for reactive synthesis [90–92]. However, most

existing datasets model a single turn of interaction rather than continuing dialogue with
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adaptation over time.

Current motion–language research emphasizes versatile motion generation, but less

attention is placed on feasibility-aware reasoning or long-horizon social interaction. This

creates a disconnect between expressive behavior and reliable physical execution.

2.6 Summary and Positioning of This Dissertation

Across foundation models, LLM-based planning, VLA models, social interaction,

and motion–language modeling, several limitations consistently emerge: (i) most sys-

tems lack explicit mechanisms for feasibility-aware reasoning and therefore cannot an-

ticipate failure before execution; (ii) large-scale training rarely leverages mixed-quality

demonstration data in which failures are informative; (iii) social expressiveness and task-

level competence are developed in separate model families, rather than within a unified

architecture.

This dissertation addresses these gaps through two complementary directions. First,

we introduce dual-system VLA architectures that jointly train high-level reasoning and

low-level control on a shared backbone using both success and failure trajectories to learn

feasibility-aware value functions, supporting reliable long-horizon planning. Second, we

develop interaction models that integrate language, motion, and persona cues, enabling

robots to express intentions and social identity through both verbal and non-verbal be-

havior in multi-turn settings.

Together, these contributions aim to ground foundation-model principles in robots

that act with people—capable of reasoning under uncertainty, learning from imperfect

experience, and communicating their intentions through legible actions.
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2.7 List of Abbreviations

FM Foundation Model. A large-scale model pretrained on broad data that can be adapted

to multiple downstream tasks.

LLM Large Language Model. A language-only foundation model used for reasoning,

planning, or dialogue.

VLM Vision–Language Model. A model that jointly processes visual and textual inputs

to produce aligned representations.

VLA Vision–Language–Action Model. A model that connects perception, language, and

action to generate robot behaviors.

HRI Human–Robot Interaction. The study and design of interactive behaviors between

humans and robots.

HCI Human–Computer Interaction. The broader field of interaction between humans

and computational systems.

IL Imitation Learning. A paradigm in which policies are learned from example demon-

strations.

RL Reinforcement Learning. A paradigm in which policies are optimized to maximize

cumulative reward.

HRL Hierarchical Reinforcement Learning. A framework that decomposes control into

high-level decisions and low-level skills.

MDP Markov Decision Process. A formal model for sequential decision-making under

uncertainty.
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SMDP Semi-Markov Decision Process. A generalization of MDPs that allows tempo-

rally extended actions or options.

VINE Vision–Language–Action model Integrating Negative Experience. A hierarchical

VLA framework that leverages both successful and failed trajectories for feasibility-

aware planning.

CLARA Classifying and disAmbiguating user Commands for Reliable interactive Agents.

A framework that classifies user commands as clear, ambiguous, or infeasible and

triggers clarification when needed.

MASK A persona-based non-verbal interaction system that endows robots with config-

urable social roles and expressive behaviors.

MoLaM Motion–Language Model. A model that learns a shared representation for lan-

guage and interactive motion to support the generation, understanding, and editing

of motion.

SaGC Situational Awareness for Goal Classification. A dataset for evaluating how well

models classify user commands as clear, ambiguous, or infeasible given robot ca-

pabilities and scene context.

AUROC Area Under the Receiver Operating Characteristic curve. A metric for evaluat-

ing how well a model separates different classes or uncertainty levels.

F1 F1 Score. The harmonic mean of precision and recall, used to evaluate classification

performance.
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Chapter 3

Verbal Interaction

This chapter investigates how robots can reliably act on verbal communication de-

spite the inherent multi-modality of language. A single spoken instruction may map to

many possible behaviors depending on the environment, task context, and the robot’s

own capabilities, making language grounding fundamentally ambiguous. We explore two

complementary strategies for resolving this ambiguity in verbal interaction: selecting

the most feasible action trajectory among multiple candidate behaviors, and determining

whether the instruction itself is sufficiently interpretable to act on in the first place. To-

gether, these perspectives aim to transform natural language from a high-level interface

into a dependable control signal for real-world robotic systems.

3.1 Motivation and Background

Human verbal instructions are one of the most intuitive ways for people to communi-

cate goals to robots. Natural language allows users to request tasks at a high abstraction

level, e.g., “set the table,” “bring me coffee,” “help him”, without manually specifying

motion trajectories or low-level behaviors. This property makes language a promising in-

terface for general-purpose robotic agents. As illustrated in Figure 3.1, the robot receives

a high-level instruction from a human and grounds it into actionable behavior conditioned

on its perception of the environment.
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Figure 3.1: Language-based human–robot interaction. A human provides high-level ver-
bal instructions, which are grounded by the robot through a model that interprets language
and visual observations to produce task-directed actions in the environment.

Natural language offers an intuitive and high-level interface for commanding robots,

allowing users to request tasks such as “set the table,” “bring me coffee,” or “help him”

without specifying low-level motions or action primitives. This capability dramatically

reduces the communication burden for humans and makes language an attractive modal-

ity for general-purpose robotic systems. However, grounding abstract utterances into ex-

ecutable behaviors remains fundamentally challenging. The language–action mapping is

inherently multi-modal: a single instruction may correspond to many different behaviors

depending on the scene, the task context, and the robot’s physical capabilities. As a re-

sult, a reliable language-conditioned robot must determine not only how to act, but also

whether the instruction can be acted on at all.

Progress in language-based robotics has largely focused on translating abstract user

instructions into a single executed behavioral stream. LLMs and VLMs have been used

directly as planners that convert verbal commands into symbolic programs or stepwise

action sequences [37,38,93], while Vision–Language–Action (VLA) models [1,9,10,46]

map multimodal observations to continuous control policies. Many recent VLAs are

trained with distribution-matching objectives such as flow matching or diffusion, en-
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Choosing�the�Most�Reliable�Action�from�Data Clarifying�via�Conversational�Queries

Put�sponge�inside�the�cabinet�and�close�it
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probability�than�picking�the�clock
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Figure 3.2: Overview of the dual pathways in our framework. When the instruction and
scene jointly provide enough information, the robot selects the most feasible action based
on multimodal evidence (left). When the instruction is ambiguous or underspecified, the
robot initiates conversational queries to resolve uncertainty by asking the user (right).

couraging the model to imitate the overall demonstration distribution. However, these

objectives treat all modes of the action distribution equally and do not explicitly identify

which behavioral branch is more likely to succeed. Consequently, when the scene and

instruction admit multiple plausible next actions, the agent does not evaluate or choose

among them: it collapses multi-modality by regressing toward the data distribution rather

than selecting the safest or most feasible trajectory. This limitation is amplified by the

fact that VLAs are typically trained only on successful demonstrations, causing failure

signals to be systematically underutilized. At the same time, instruction-level ambiguity

or infeasibility is often assumed away, and the robot is expected to execute a command

even without fully understanding the user’s intent.
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As a result, current systems fail in two distinct modes. First, when multiple action

trajectories are plausible, the agent may select brittle or failure-prone branches, leading

to execution errors despite having the necessary skills. Second, the robot may misinter-

pret verbal commands that are ambiguous or infeasible given the environment or its own

capabilities, resulting in failure not from poor planning but from misunderstanding the

user’s intent. Addressing both dimensions, identifying which action branch is most likely

to succeed and determining whether the instruction itself should be acted on, is therefore

crucial for reliable and trustworthy human–robot interaction. Figure 3.2 summarizes the

two pathways in our system: feasible actions are inferred directly from mixed quality

data, whereas ambiguous commands trigger an interactive question to the user to deter-

mine the intended task.

To handle the multi-modality of language-conditioned action generation, our ap-

proach is to predict not only which behaviors are possible but also which ones are most

likely to succeed, and to select high-feasibility paths based on both positive and negative

experience. Rather than imitating only successful demonstrations, our framework explic-

itly leverages failure data to learn which behavioral branches tend to lead to dead ends or

risky outcomes, enabling informed pruning during planning. We instantiate this idea with

VINE, a hierarchical VLA framework that learns failure-aware reasoning. VINE builds

on a pretrained VLA policy (the low-level controller, System 1) and augments it with

a high-level reasoning system (System 2) trained offline on both successes and failures.

System 2 performs feasibility-guided tree search by predicting the success probability of

candidate sub-goals and selecting high-feasibility action branches. This hierarchical for-

mulation aligns with classical Hierarchical Reinforcement Learning (HRL) [94]: high-

level planning and low-level control are disentangled, and failure supervision is injected

only into the high-level planner—without requiring online rollouts or modifying the base
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skills of the robot. Through this design, the agent does not simply imitate behaviors that

worked in the past; it actively suppresses brittle action sequences before execution.

While failure-aware planning improves robustness during execution, a complemen-

tary issue arises during human–robot interaction. Even with a strong feasibility-aware

planner, the robot may still receive commands that are underspecified (ambiguous) or im-

possible given its environment or capabilities (infeasible). Importantly, situational aware-

ness determines the interpretation: to the kitchen robot, “help him, he looks tired” implies

make coffee; to a massage robot, it is ambiguous; to a cleaning robot, it is infeasible.

Thus, correctly categorizing user instructions into clear, ambiguous, or infeasible be-

comes essential for reliable interaction.

To address this, we additionally propose CLARA, CLassifying and disAmbiguating

user commands for reliable interactive Robotic Agents. CLARA first estimates predic-

tive uncertainty to determine whether a command is clear or not. Uncertain commands

are further categorized as ambiguous (underspecified) or infeasible (beyond capability

or context). For ambiguous instructions, the system initiates natural-language clarifica-

tion via question generation. CLARA operates largely through prompting, requiring only

lightweight updates (few-shot examples and capability descriptions) to adapt to differ-

ent agents or environments. We also introduce the SaGC benchmark, which evaluates

situational awareness in command interpretation by pairing high-level instructions with

environments, robot capabilities, and uncertainty labels.

Summary of Contributions

This chapter presents two complementary research directions toward reliable and in-

terpretable interactive robotic agents: (i) failure-aware high-level planning for robust

action execution, and (ii) situationally aware command understanding for safe and
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adaptive interaction. Our key contributions are summarized below.

VINE — Failure-Aware Hierarchical Vision–Language–Action Planning

• We introduce a tree-based planner that scores candidate steps using feasibility pre-

dictions learned from offline mixed-quality supervision consisting of both success-

ful and failed demonstrations.

• We propose a hierarchical VLA framework grounded in hierarchical reinforce-

ment learning (HRL), cleanly separating feasibility-aware high-level reasoning

(System 2) from low-level action execution (System 1).

• We present extensive empirical results showing substantial improvements in ro-

bustness and overall success rate over strong VLA baselines on diverse robot ma-

nipulation tasks.

CLARA — Situationally Aware Command Understanding for Interaction

• We develop a predictive-uncertainty estimation method for LLMs to detect whether

user commands are clear or unclear.

• We propose a two-stage classification framework that distinguishes unclear com-

mands as either ambiguous or infeasible, and performs natural-language disam-

biguation on ambiguous ones.

• We conduct comprehensive evaluations on the SaGC benchmark, demonstrating

situational awareness and reliable interactive clarification across diverse environ-

ments and agent capabilities.
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3.2 Failure-Aware Hierarchical Vision–Language–Action Plan-

ning

Having established the motivation for failure-aware hierarchical planning, we now

provide an overview of VINE and its architectural design. The core idea is to treat fea-

sibility as a first-class signal in the planning loop rather than an implicit byproduct of

imitation learning. Concretely, VINE augments a pretrained VLA controller with a high-

level reasoning layer that evaluates and selects sub-goals based on predicted feasibility

before execution. This section describes the overall structure of the system, the interaction

between System 2 and System 1 during inference, and how mixed-quality supervision is

incorporated into the learning process to enable robust decision making.

We hypothesize that by learning not only what works but also what fails, an agent can

better anticipate risky outcomes. Failure data [95–97] is an often overlooked yet essen-

tial element in VLA training. Most robot data for post-training VLAs come from offline

trajectories collected via human teleoperation [1, 9, 10]. Although these collections natu-

rally include failed attempts, e.g., unstable grasps and collisions, such traces are typically

discarded as noise. However, they encode information about infeasible transitions and

unsuccessful behaviors, making them a vital resource for improving robustness.

The challenge lies in effectively integrating this failure signal from existing offline

datasets. In Imitation Learning (IL), while explicitly penalizing failure-prone transitions

is possible, carefully tuning these penalties to avoid distorting the learned policy is a non-

trivial challenge [97–99]. On the other hand, Reinforcement Learning (RL) [100, 101]

offers a natural framework to handle failure data through a reward signal. To utilize

this property, we formulate the overall system as Hierarchical Reinforcement Learning
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(HRL) [94]. We introduce VINE, Vision–Language–Action model Integrating Negative

Experience, a hierarchical VLA framework that integrates negative experience built upon

pre-trained VLA (i.e., !0 [1]), and is formulated through HRL [94]. Our approach sep-

arates high-level planning from low-level control, and injects failure supervision solely

offline to train the planner’s value modules without any online rollouts.

This HRL-inspired separation is embodied in our method’s hierarchical system [9,58]

architecture, inspired by Kahneman’s cognitive process [102]. The high-level System 2

is responsible for reasoning and planning. We cast planning as a feasibility-guided tree

search, scoring each candidate transition by its predicted success probability. In partic-

ular, we construct a tree of a 2D scene graph that abstracts world states (nodes), where

subgoals represent the transitions (edges) connecting them. Crucially, System 2 is fine-

tuned with both success and failure data to learn a feasibility score for each node, gener-

ate options, or generate an estimated next state representation. This allows the planner to

conduct failure-aware reasoning, which preemptively identifies and avoids paths likely to

fail. The optimal sequence of sub-goals and predicted next scene graph is then passed to

the low-level policy, System 1, for execution. This design cleanly slots the learned feasi-

bility signal into the high-level reasoning loop, enhancing robustness without altering the

agent’s fundamental skills.

3.3 Problem Formulation for Failure-Aware Hierarchical VLA

In this section, we formalize instruction-conditioned manipulation with a reach–avoid

objective from mixed-quality demonstrations (successes and failures) as shown in Fig-

ure 3.3. We use a dual-system hierarchy: System 2 performs a shallow look-ahead tree

search over candidate edges with a failure-aware feasibility/value estimator, and Sys-
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Figure 3.3: Standard VLAs trained only on success data may produce infeasible trajecto-
ries. VINE leverages both success and failure trajectories with a failure-aware reasoning
planner, yielding more robust executions.

tem 1 executes the selected path with closed-loop control until termination. Each edge

is grounded as an option, inducing an Semi-Markov decision process (SMDP) over ab-

stract states; the following paragraphs specify the states, options, termination, and suc-

cess/failure conditions.

3.3.1 Hierarchical VLA

We formalize a hierarchical VLA framework where System 2 performs high-level

reasoning and planning, while System 1 executes each selected plan through low-level

control actions. Most VLA policies are trained via imitation learning (IL), which is data-

efficient and stable with strong demonstrations, but provides only limited leverage for
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explicitly using failure data [97–99]. Viewed through the lens of reinforcement learning

(RL) [100, 101], incorporating both successes and failures becomes natural via reward-

based learning, motivating a hierarchical reinforcement learning (HRL) formulation [94].

Accordingly, we adopt HRL as the formal scaffold: System 2 plays the role of the meta-

controller and employs model-based tree search with brief look-ahead over candidate

subgoal transitions to estimate failure-aware value and choose a plan, while System 1

focuses on robust execution of the chosen subgoal sequence.

Data Assumption and Objective

Our dataset D comprises teleoperated trajectories labeled as success (target state

reached) or failure (instruction violation or irrecoverable state). We use a sparse terminal

reward (rt=1 on success, 0 otherwise) and learn from tuples (st ,at ,ε,rt). Given (s0,ε), the

agent plans once by building a budgeted shallow look-ahead tree T over abstract nodes

and subgoal edges, scores transitions with a failure-aware feasibility estimator trained on

mixed-quality data, selects a single root-to-leaf plan %sel, and executes each chosen edge

with System 1 until its termination.

Prerequisites for Tree Search and Execution

To enable hierarchical tree search, System 2 requires three components: (i) a short-

horizon world model to evaluate hypothetical successors offline; (ii) a candidate-proposal

mechanism that expands only instruction-consistent edges, controlling the branching fac-

tor; and (iii) a failure-aware value estimator to score edges and back up returns. System 1

employs an option-conditioned, closed-loop policy to execute each selected edge and a

termination detector to signal arrival at the successor state.
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Bridge to HRL

Interpreted in HRL [94] terms, the chosen route can be viewed as a sequence of op-

tions. System 2 plays the role of a meta–controller that chooses among high-level options

aligned with edges in our abstract graph. Each edge corresponds to an option with three

parts: an initiation set (states consistent with the current node), an intra-option policy

carried out by System 1 (a low-level controller conditioned on the selected options), and

a termination rule that triggers when the successor node is reached or a failure condition

is met. Because options unfold over a variable number of primitive steps, the induced

high-level process can be viewed as semi-Markov decision process (SMDP). Decisions

are taken only at option termination, and the time between decisions equals the option’s

duration. We formalize this connection next.

3.3.2 SMDP Formulation

Let the low-level interaction of the robot be an Markov decision process M =(S ,A ,T,&)

under an instruction ε, with states s ↔ S including images and proprioception observa-

tions, actions a ↔ A , transition kernel T (· | s,a), and initial distribution & . A node is

a compact abstraction of the robot/world state: n = ∋(s) ↔ N , where ∋ : S ↓N ex-

tracts scene/plan tokens, spatial relations, etc. An edge e ↔ E is a temporally extended

subgoal executed by a closed-loop controller (System 1) until a termination condition is

met. At decision epochs (the sequence of nodes (nk)), the induced process over N is a

semi-Markov decision process (SMDP). In this view, each transition between nodes (an

edge) can be naturally modeled as an option in the SMDP framework, linking symbolic

reasoning with executable policies.

We distinguish between the symbolic form of an edge and its option grounding. An
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edge e ↔ E is a subgoal token (e.g., “pick up spoon”), which specifies the intended tran-

sition at the abstract reasoning level. For execution, each edge e is associated with an

option

oe =
(
IN
e , !e, (e, !e

)
,

where (i) Initiation set) IN
e ↗ N specifies the nodes at which e is admissible. Execution

at node n is feasible only if n ↔ IN
e , (ii) Intra-option policy) !e(a | s,ε), (iii) Termination

rule) (e : S ↓ [0,1], and (iv) Projection) !e : S ↓ N . Thus, e denotes the symbolic

subgoal, while oe denotes its formal, executable grounding as an option.

3.3.3 Option-Level Representation: Nodes, Edges, and Data

The option view above specifies what is executed at the high level; next we spec-

ify how these objects are realized from data. Concretely, mixed–quality demonstrations

provide supervision to learn (i) the abstraction that maps raw states to nodes, enabling

edges to be instantiated as options, and (ii) the signals needed to train the world model,

proposal, policy, and termination components.

Nodes as Abstract State Representations

A node nk = ∋(stk) denotes an abstract, grounded representation of the world at

keyframe time tk. We instantiate each node as a 2D scene graph [103–105] to encode

not only objects but also their spatial and semantic relations. This representation lets the

planner reason about consequences: by inferring how a proposed subgoal will alter rela-

tions in the current scene graph, it can anticipate the next abstract state nk+1. Concretely,

∋ is realized via a two-stage pipeline: an object detector (e.g., Grounding DINO [106])

proposes candidate boxes, and a vision–language model (e.g., Gemini-2.5-Flash [2]) fil-
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ters them and predicts the relational structure, yielding a scene graph serialized in text.

Edges as Transitions Between Nodes

We model high-level plans as sequences of abstract states (nodes) connected by

transitions (edges). Each transition is treated as a subgoal—an edge ek—executed over

[tk, tk+1). Keyframes {tk} are detected from consistent gripper-state events (e.g., closed↓open

ending grasp/insert; open↓open after place/push). With this view, planning reduces

to explicit edge selection: choosing an edge commits to a specific state transition, which

is verifiable at the subsequent keyframe.

Constructing Datasets for Hierarchical Learning

From this decomposition, we build Dsys2 for the system 2 and Dsys1 for the sys-

tem 1. Dsys2 contains tuples (nk,ek,nk+1,z0:k↘1,ε,s0,rk) with history context z0:k↘1 =

[n0,e0, . . . ,nk↘1] and sparse rewards (rk=0 for k<K, rK↔{0,1}). Dsys1 uses continu-

ous control data conditioned on (ek,nk+1,ε), i.e., (ek,nk+1,st ,at ,ε), so that the low-level

policy is guided by the intended transition (edge) and the predicted next state (node).

This tight coupling, edge-shaped transitions as node transitions, and nodes as predictive,

goal-like abstractions, enables tractable planning over feasible paths directly grounded in

demonstrations.

3.3.4 Option-Level Feasible Decision Making Formulation

Conceptually, our option-level formulation is semantically similar to prior reach–avoid

frameworks [107, 108]: by identifying reach and avoid sets from mixed success/failure

data and delineating the feasible decision space. The process terminates upon first entry
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into either a target set G (the success or goal set to be reached) or a failure set F (the

unsafe set to be avoided), with G ≃F =⊋.

Formally, define the hitting times

%G := inf{t → 0 : st ↔ G },

%F := inf{t → 0 : st ↔ F},

% := %G ⇐ %F .

An episode terminates at % with outcome s% ↔ G ⇒F .

The set G is a target set defined by design: the task is considered successful as soon

as the process reaches any state in G , and the episode is terminated at that point. In

particular, it suffices that there exists at least one option or policy that enables reaching

G . In contrast, the failure set F is a critical set closed under options: once the process

enters F , no admissible option can lead it outside. Formally,

⇑s ↔ F , ⇑o admissible at s : suppPo(· | s)↗ F ,

where Po(· | s) denotes the state distribution upon termination of option o starting from

s. Thus F is absorbing at the option level. This induces a sparse entrance reward rt :=

1{st+1 ↔ G }, so that the undiscounted return R = ∀%↘1
t=0 rt equals 1 if %G < %F and 0

otherwise.

3.3.5 Value as Success Probability

To operationalize failure-aware reasoning within the tree-search, the planner needs

a principled node score. We define this score as the probability of reaching a successful
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goal state from any given node n. To estimate this probability, we cast the problem as

learning a value function, V (n), which allows us to leverage both success and failure

trajectories from our dataset. This equivalence between the value function and the reach-

avoid success probability is formally stated in Proposition 1 below.

Proposition 1 (First-exit value equals reach–avoid success probability). Assume the tree

search process (node and edges) is Markov, and the sets G ,F are absorbing (first visit

terminates). Then the value function equals the probability of reaching G before F ,

where % is a hitting times:

V (n) = Pr
(
%G < %F

∣∣n
)
. (3.1)

Consequently, high–value nodes approximate the probabilistic reachable set to G .

Proof sketch. Under the first-exit formulation with absorbing GN ,FN , the return equals

the success indicator; hence V µ = E[R] = Pr(%G < %F | ·). See Appendix for detailed

derivation.

3.4 Failure-Aware Hierarchical VLA Integrating Negative Ex-

perience

In this section, we introduce VINE, Vision–Language–Action model Integrating

Negative Experience, a hierarchical VLA framework that integrates negative experience

into both reasoning and action. Our method is formulated within a hierarchical reinforce-

ment learning [94] framework consisting of two coupled systems. System 2 (Reasoning

and Planning) conducts tree search: proposes candidate reasoning paths, estimates their

success probabilities, and selects the most feasible plan. System 1 (Action Modeling)

then executes the next subgoal from the chosen plan with low-level actions.
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3.4.1 Overall Pipeline

At inference time, the proposed framework follows a plan–execute procedure, illus-

trated in Figure 3.4. Before acting, System 2 conducts a model-based tree search over

candidate options (edges) and their predicted successor states (nodes). Each candidate

step is scored by how likely it is to succeed given the current scene and instruction, and

the agent selects the highest-scoring overall path through the tree. System 1 then exe-

cutes the current edge on that path with low-level actions until a termination condition
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indicates that it is complete. If execution matches the predicted successor state, the agent

advances to the next edge on the chosen path. To meet real-time constraints, the tree is

constructed before the execution starts in the initial state.

3.4.2 Architecture

Because System 2 performs model-based planning over the abstract graph, it needs

(a) a proposal mechanism for candidate edges, (b) a transition model to predict successor

nodes, and (c) value heads to score lookahead, including failure awareness. Concretely,

System 2 couples (i) an option generator P̂) (e | n,z,ε,s0), (ii) a learned world model

P̂) (n⇓ | e,n,z,ε,s0) and a value predictor V (n) := V) (n|z,ε,s0), and (iii) a failure-aware

value estimator V (n) := V) (n|z,ε,s0) , yielding the high-level option policy. At the low

level (System 1), the intra-option execution is parametrized by the intra-option policy

!e(a | s,ε) := !) (a | s,ε,e,n⇓) and termination rule (e(s) := () (s,ε,e,n⇓).

We build the model upon !0 [1] as a multimodal backbone that encodes (s,ε,a) into

a unified token sequence. Because !0 targets action generation rather than text, we merge

its shared layers with a PaliGemma [7] language–vision trunk, yielding strong text gen-

eration for tree-search steps while preserving !0’s action priors [109]. Both systems add

LoRA [110] adapters to this shared backbone. System 1 feeds adapted features to (i)

an action expert for low-level motor chunks and (ii) a done expert that detects subgoal

completion. System 1 has a shared attention layer between the language block and ex-

perts, where the done expert and the action expert do not attend to each other. System 2

uses (i) a language-modeling head to autoregress node/edge text and (ii) a scalar value

head to predict leaf value based on the last layer feature of the language backbone. Each

system is trained independently with seperate dataset Dsys1 and Dsys2. This shares per-

ception–language representations while keeping reasoning and control decoupled.
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3.4.3 System 2

System 2 is in charge of high-level tree-based planning, which is formulated as a

meta-controller in HRL. Concretely, we instantiate it as a tree–search planner operat-

ing on a lookahead tree T = (N ,E ), where each node n ↔ N is a 2D scene graph

and each edge e ↔ E denotes a verifiable subgoal that induces a transition nk
ek↘↓ nk+1.

Thus, the abstract option–selection in HRL is realized by (1) successor–state (node) pro-

posal, (2) subgoal (edge) candidate proposal labeling the transition nk ↓nk+1, (3) leaf

evaluation with a value function V) , and (4) tree search to pick a feasible high-level

plan. Given the initial scene s0 and an instruction ε, System 2 outputs a reasoning path

%sel = (n0,e0, . . . ,nK) to hand over to System 1 for execution.

Node and Edge Generation

Edge proposals and next node transitions are generated autoregressively by the LM

head, P̂) . The model first samples a candidate node string nk+1, representing the next

scene graph state, and then an edge string ek+1, describing the subgoal transition lead-

ing there. This process follows the standard language modeling objective, factorizing

the probability into token-level likelihoods: node P̂) (nk+1 | z0:k,ε,s0) = #Nc
j=1 P̂) (w j |

w< j,z0:k,ε,s0) and edge P̂) (ek+1 | nk+1,z0:k,ε,s0) = #Ne
j=1 P̂) (w j | w< j,nk+1,z0:k,ε,s0),

where Nc and Ne denote the number of tokens for the node and edge string. In practice,

we apply beam search or top-k sampling to obtain multiple diverse candidates, and filter

them with syntactic templates and scene-graph consistency checks (e.g., whether refer-

enced objects exist in the current graph). This ensures that generated subgoals remain

both linguistically valid and grounded in the task context.

We train with the standard LM loss over high-level tree-search step traces
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(nk,ek,nk+1,z0:k↘1,ε,s0)⇔ Dsys2:

LLM =↘EDsys2

[
log P̂) (nk | z0:k↘1,ε,s0)

+ log P̂) (ek | nk,z0:k↘1,ε,s0)
]
.

Node Evaluation

We aim to estimate, at each search node, a calibrated first-exit success probability

that steers expansion and pruning during tree search. Each edge ek yields the successor

node nk+1 = ∋(stk+1); we label the transition success if stk+1 ↔ G , failure if stk+1 ↔ F , and

continue otherwise, updating the context to (nk+1,z0:k).

To define the training target, we use first-exit bootstrapping. For each transition (nk,ek,nk+1,rk+1)

we set

yk =






1, terminal in G
(

ek = ↖done↙
)

0, terminal in F at step k+1

∗ V) ⇓(nk+1 | z0:k,ε,s0), otherwise,

Here ∗ ↔ (0,1) is the discount factor and ) ⇓ is a target network updated by an exponential

moving average (EMA).

Based on Proposition 1, the estimated value becomes the success probability of the

node,

V) (nk | z0:k↘1,ε,s0) = Pr
(
%G < %F

∣∣nk,z0:k↘1,ε,s0
)

, where % is the hitting time of the success and failure set.

To handle offline data with many failures, we replace L2 with an asymmetric expec-
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tile loss (cf. IQL [111]) that discourages overestimation:

Lval = EDsys2

[
L%e

2 (yk ↘V) (nk | z0:k↘1,ε,s0))
]

with L%e
2 (u) =

∣∣%e ↘ (u < 0)
∣∣u2 and %e = 0.7, which yields a conservative yet effective

value from static datasets.

Tree Search Algorithm

We run a batched MCTS-style planner over abstract nodes (world states) and edges

(subgoals). At each iteration, the planner selects promising frontier nodes by their running

mean value Q, proposes and scores candidate edges, evaluates the resulting children with

a learned state-value V , and backs up values along the path. After T iterations, we return

the plan traced from the highest-valued leaf, and execute the next edge of that plan.

Our search strategy is based on Monte Carlo Tree Search (MCTS) but replaces ran-

dom rollouts with a learned state-value function V (n). The algorithm builds a looka-

head tree where nodes are world states and edges are subgoals, and it is accelerated

via batched GPU computation. This procedure repeats for a fixed number of iterations

T . Finally, we select the solution as the path leading to the leaf with the highest value,

%sel = (n0,e0, . . . ,nK).

3.4.4 System 1

System 1 focuses on action execution: in our HRL formulation, it implements both

the intra-option policy and the termination rule, learned jointly by a single network. It

receives as input the selected high-level plan %sel = (n0,e0, . . . ,nK) from System 2, and

is responsible for grounding each symbolic edge into continuous control. Given the cur-
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Algorithm 1: VINE: Batched Tree Search with Learned V
Input : Root n0, batch B, proposals k, mix + , steps T
Output: Plan (edge sequence) from the best frontier node

1 Initialize tree T ={n0}; for all n: N(n)=0,W (n)=0, Q(n)=0;
2 for t=1 to T do
3 F ∝ frontier leaves; S ∝ Top-B of F by Q;
4 foreach np↔S do
5 Propose k edges {ei} (beam search decoding [112]); compute

S(np,ei)=+Q(np)+(1↘+)P̂(ei |np); keep tops;

6 For kept (np,e): create child nc (greedy); predict V (nc) (batched on GPU);
7 For path nodes na to nc: W (na)+=V (nc), N(na)+=1, Q(na)=W (na)/N(na);

8 return plan traced from argmaxn↔F Q(n)

rent low-level state st , instruction ε, the active edge ek, and its successor node nk+1 from

%sel, System 1 executes the corresponding option with a unified policy–termination pair

!) (a | st ,ε,ek,nk+1) and () (st ,ε,ek,nk+1). System 1 is trained only on successful demon-

strations. Both the action and termination heads read from the shared backbone, without

cross-attention or feature exchange.

Training

The intra-option policy !) is parameterized by a flow–matching model. We denote

the low–level action chunk at control time t as At = {at , · · · ,at+H}↔R
H′da . Let % ↔ [0,1]

denote the interpolation time, and ∃ a Gaussian noise variable. The noisy action is A%
t =

% At +(1↘ %)∃ . The policy !) predicts the flow, Ȧ) (A%
t ,st ,ε,ek,nk+1), and is trained to

match the oracle velocity u(A%
t | At):

Lflow = EDsys1

∥∥∥Ȧ) (A%
t ,st ,ε,ek,nk+1)↘u(A%

t | At)
∥∥∥

2

2
.

The done expert () predicts the probability of end–of–edge, pdone
) = () (st ,ε,ek,nk+1),
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trained with focal loss

Ldone = EDsys1

[
↘+d (1↘ pdone

) )∗d log pdone
)

]
.

The joint system 1 objective is LS1 = ∀flowLflow +∀doneLdone.

Inference

Given the active pair (ek,nk+1) from %sel, we initialize A0
t ⇔N (0,#2

0 I) and integrate

the learned flow along the interpolation path:

A%+,
t = A%

t +, Ȧ) (A%
t ,st ,ε,ek,nk+1)

where % ↔ {0,, , . . . ,1↘ ,}. After sweeping to % = 1, we obtain the predicted action

chunk Ât = A1
t .

In parallel, the termination head outputs the end-of-edge probability pdone
) = () (st ,ε,ek,nk+1).

We advance to the next symbolic step when this probability exceeds a threshold −done:

k ∝ k+1
{

pdone
) → −done

}
,

(ek,nk+1)∝ next pair from %sel.

If k > K, the option sequence terminates; otherwise, System 1 repeats the procedure for

the updated pair.

50



Unseen�
Placement

Unseen�
Color

Unseen�
Shape

Data�Collection

Seen

Assets
Seen Unseen

Leader�arm

Seen
Unseen�
Shape

Unseen�
Color

Unseen�
Shape

Plug�Insertion�Environment

Drawer�Packing�Environment

Figure 3.5: Plug insertion and drawer packing environment. We evaluate in both seen and
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setup.

3.5 Experimental Evaluation of Failure-Aware Hierarchical VLA

In this section, we present experiments designed to validate our framework. We eval-

uate whether explicitly leveraging failure data improves reliability by biasing plan selec-

tion toward paths with higher success probability. Our study spans three settings: (i) Tele-

operated failure-data environments, where we collect mixed-quality demonstrations

and test generalization under seen/unseen perturbations in Section 3.5.2; (ii) Inference-

time scalability, where we hold model parameters fixed and scale the planner’s per-step

expansion width K to test whether allocating additional reasoning compute at deployment

improves generalization; (iii) Bootstraping pretrained models, where rollouts from a

strong pretrained model provide additional (often noisy) successes/failures that we re-

train with our failure-aware method (Section 3.5.4); and (iv) Real-world deployment,

where the selected high-level chain is executed on a physical robot (Section 3.5.5). We
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report success rate as the primary metric and compare against imitation- and VLM-based

baselines that do not use failures explicitly.

3.5.1 Teleoperation Data Environments

To the best of our knowledge, there is no widely adopted benchmark that makes

failure-aware evaluation of spatial reasoning straightforward; most existing resources

only provide success demonstrations. We therefore introduce a new environment suite,

where plug insertion and drawer packing are illustrative instances, with controlled geom-

etry, contact, and placement variations under explicit seen/unseen splits.

Environment Setup

The environment is built upon a MuJoCo simulator, as illustrated in Figure 3.5. Plug

insertion (seen: 9 configs) combines three table placements with 2- or 3-socket strips

and orientation variants; unseen splits introduce novel charger placement, unseen strip

color, and unseen charger shape. The strip collision margin is slightly relaxed to reduce

teleop burden. Drawer packing (seen: 12 configs) pairs four table placements with two

distractor types (a box and a can) placed inside the drawer; unseen splits (4 configs) alter

distractor color and type. Unlike plug insertion, which is mostly constrained by insertion

order, drawer packing admits multiple feasible behaviors (push the distractor aside, pick

and remove it, or leave it), making contact outcomes highly stochastic. Small variations

in contact geometry, stick–slip, and drawer clearance lead to large success variance even

under near-identical initial states. Control runs at 20 Hz with joint-position actions.
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Data collection

We gather human teleoperation trajectories via a leader–follower setup (Fig. 3.5).

For plug insertion, we collect 450 demonstrations over predefined insertion orders (six

paths for 3-socket, two for 2-socket), balanced per path. Each trajectory is labeled suc-

cess/failure; outcomes are naturally stochastic but show clear mode structure: PlugStrip-3

Fail dominates (38.9%, 175/450), followed by PlugStrip-2 Success (30.4%, 137), PlugStrip-

3 Success (21.1%, 95), and PlugStrip-2 Fail (9.6%, 43), yielding a multi-modal dataset

whose success rate varies with insertion order. For drawer packing, we collect 240 demon-

strations in total—120 per distractor type (box/can)—covering three strategies (PICK,

PUSH, LEAVE). Compared to plug insertion, outcomes are strongly stochastic: success

probabilities depend sharply on both strategy and distractor identity (e.g., LEAVE is often

brittle when the can closely occludes the handle, whereas PICK/PUSH are more reliable

but still contact-sensitive). This task, therefore, provides diverse, multi-modal successes

and failures arising from real-world manipulation affordances rather than a single fixed

plan. The detailed statistics of the dataset are shown in the Appendix.

Baselines

To assess our two-system framework, we compare against three groups: (i) unified

VLA models, (ii) VLM-as-planner baselines that replace System2 while keeping Sys-

tem1 fixed, and (iii) our System 2 variants (Chain/Tree/Full) to isolate branching and

failure-conditioned value. Since our environment operates at 20Hz in a joint-position ac-

tion representation, we select baselines that can be executed under this control frequency

and action format.

• Unified VLA models. OpenVLA-OFT [113], GR00T N1.5 [9], and !0 [1], plus a
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Table 3.1: Simulation Results in plug insertion and drawer packing environments, show-
ing the success rate.

Models Failure Data
Plug Insertion Drawer Packing

Seen Unseen Average Seen Unseen Average

Unified Model

OpenVLA-OFT [113] ′ 0.244 0.044 0.144 0.637 0.283 0.485

GR00T N1.5 [9] ′ 0.422 0.244 0.333 0.704 0.600 0.669

!0 [1] ′ 0.689 0.267 0.477 0.735 0.575 0.675

!0+ Reward Cond. [114] ↭ 0.489 0.111 0.300 0.550 0.425 0.508

SOTA VLM as System2

GPT-4o [115] ′ 0.733 0.311 0.522 0.650 0.475 0.591

GPT-4o [115] ↭ 0.711 0.333 0.488 0.738 0.575 0.683

Gemini-2.5-Flash [2] ′ 0.756 0.200 0.522 0.637 0.450 0.575

Gemini-2.5-Flash [2] ↭ 0.711 0.289 0.500 0.713 0.525 0.650

Role of failure data in Our System2

VINE-Chain ′ 0.733 0.244 0.488 0.700 0.450 0.616

VINE-Tree ′ 0.711 0.289 0.500 0.732 0.525 0.663

VINE-Full (Ours) ↭ 0.800 0.422 0.611 0.800 0.675 0.752

reward-conditioned !0 variant using failure data [114].

• VLM-as-System 2. Replace our planner with SOTA VLMs (e.g., GPT-4o [115],

Gemini-2.5-Flash [2]) using few-shot prompting to propose subgoals/next scene

graphs, with and without failure examples; System 1 (our action executor) is fixed.

• Our System 2 variants. VINE-Chain (no branching without failure data), VINE-

Tree (tree search without failure data, scoring with confidence), and VINE-Full

(tree search + failure-conditioned value).

3.5.2 Main Results

We evaluate all models on success rate across both seen and unseen configurations

of the plug insertion and drawer packing tasks. The results, summarized in Table 3.1,
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demonstrate that our proposed model, VINE-Full, consistently and significantly outper-

forms all baselines. Our analysis delves into the performance comparison against state-

of-the-art models and investigates the impact of failure data by comparing variants of our

own system that share the same underlying architecture.

Comparison with Unified VLA Models

Unified VLA models, which operate as end-to-end reactive policies, demonstrate a

critical weakness in generalization. While some models like !0 [1] achieve reasonable

performance on seen configurations (0.689 in plug insertion), all unified VLAs experi-

ence a severe performance degradation when faced with novel scenarios. For instance,

!0’s success rate plummets from 0.689 to 0.267 in the unseen plug insertion task. Simi-

larly, OpenVLA-OFT [113] drops from 0.244 to a mere 0.044, and GR00T N1.5 [9] falls

from 0.422 to 0.244. This consistent trend highlights their difficulty when learning long-

horizon tasks from multi-modal demonstration data: they struggle to discern which of the

many possible paths is most feasible. Lacking a mechanism for deliberation, they cannot

effectively weigh alternative strategies, a challenge that our two-system architecture is

designed to overcome.

Comparison with VLM-as-Planner Baselines

The VLM-as-planner baselines confirm the benefit of separating planning and con-

trol, as they consistently outperform unified VLAs in average performance. However,

they are still surpassed by VINE-Full, particularly in novel situations. In the highly

stochastic drawer-packing task, our model attains 0.752— a 10.1% relative gain over

the best VLM baseline (failure-prompted GPT-4o [115], 0.683)—and 0.675 in the un-

seen split vs. 0.575. In plug insertion, we reach 0.611 vs. 0.522 for GPT-4o/Gemini-
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2.5-Flash [2] (+17.1%), with the unseen split at 0.422 vs. 0.333 (+26.7%). While failure-

augmented prompts improve VLMs (e.g., GPT-4o unseen drawer: 0.475→0.575), ground-

ing remains limited. The VLM approach relies on in-context learning to adapt its gen-

eral knowledge from a few textual examples, which provides strong reasoning but is not

deeply grounded in the task’s specific physical realities. This can lead to conceptually

sound plans that overlook subtle failure modes, a vulnerability particularly exposed in

novel settings. In contrast, our method’s components are trained directly on demonstra-

tion data, creating a more grounded signal for a tree search. This allows our planner to

assess a plan’s feasibility by exploring its predicted consequences, making it more robust

in novel scenarios.

Role of Failure Data and Tree Search

Our component analysis reveals that both tree search and failure-conditioning are crit-

ical to our model’s success. The VINE-Chain model, a linear planner using only success

data, struggles to generalize (0.244 unseen success). While leveraging tree search (VINE-

Tree) improves unseen performance by allowing the model to explore alternatives, which

is especially valuable in the multi-modal drawer packing task (unseen success jumps

from 0.450 to 0.525). However, the most significant improvement comes from training

the value function with failure data, which provides a signal to judge a plan’s feasibility.

VINE-Full boosts unseen success rates to 0.422 in plug insertion and 0.675 in drawer

packing. This result decisively shows that a value function that internalizes the dynam-

ics of failure provides a more reliable planning signal than the generalized confidence of

system 2, making it key to robust performance in novel scenarios.
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Figure 3.6: Qualitative results. System2 builds a failure-aware planning tree with feasibil-
ity scores, and System1 executes the selected subgoals, producing successful trajectories.

Qualitative Results

Figure 3.6 shows qualitative results of our model’s planning and execution capabil-

ities on two distinct, complex tasks. In the plug-initiation task (a), it successfully de-

termines the correct multi-step sequence for inserting various chargers into their corre-

sponding slots. For the Drawer Packing task (b), it demonstrates strategic reasoning by

first pushing an obstacle to make space before placing the target object. The successful

roll-out trajectories for each task validate that our system can effectively execute these
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Figure 3.7: Trajectory Comparison with baselines. The figure shows the trajectory gen-
erated by !0 [1], VLM as system 2, i.e., Gemini-2.5-flash [2] (Gemini), and with failure
examples (Gemini fail), VINE-Chain (chain), and VINE-Full (Ours) in an unseen drawer
packing environment.

complex, long-horizon plans. Furthermore, Figure 3.7 contrasts trajectories on drawer

packing. Reactive baselines,!0 [1] and Gemini-2.5-Flash [2] as System 2, ignore the ob-

structing bowl and attempt a direct placement, leading to collisions. An ablation using

only success data without tree search (“chain”) merely tries to shove the obstacle aside.

In contrast, our model plans a feasible, multi-step solution: first relocate the bowl to the

table, then place the salmon in the drawer, demonstrating stronger strategic reasoning and
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Figure 3.8: Tree Analysis for test time scaling across per-step expansion. In the unseen
plug-insertion setting, increasing the search width K consistently improves success while
increasing inference time, demonstrating a test-time scalability.

execution.

3.5.3 Test-Time Scalability

Humans naturally allocate more time to difficult problems, adjusting their reasoning

effort to the complexity of the situation. In contrast, most VLA models commit to a

single forward pass per observation, applying a fixed amount of computation regardless

of task uncertainty. We hypothesize that allocating additional inference-time reasoning,

by expanding and verifying multiple subgoal hypotheses, can improve robustness without

retraining. This setting allows us to study whether compute adaptivity at deployment can

serve as an additional axis of generalization.

To evaluate this, we vary the planner’s per-step expansion width K, which controls

how many candidate subgoal branches are explored and scored before acting (Figure 3.8)

in unseen configurations of plug-insertion environment. Increasing K expands the search

tree and enables broader reasoning over plausible alternatives, while keeping model pa-

rameters fixed. As K increases, unseen success improves 28.9%↓ 37.8%↓ 42.2%↓

44.4%↓40.0% for K=1,2,3,4,5, with a near-linear latency growth of 23.9s↓26.2s↓
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Table 3.2: Results from Simpler Environment. Carrot. denotes carrot on plate, eggplant.
denotes eggplant in basket, and spoon. for spoon on towel.

Method carrot. eggplant. cube. spoon. Average

!0 (Finetuned) 0.236 0.791 0.139 0.388 0.389

VINE (Ours) 0.375 0.708 0.145 0.395 0.406

Grasp carrot 
[333,360] Grasp carrot 

[363,365]

Grasp carrot 
[364,365]

Place carrot 
on plate 

[478,279]

Place carrot 
on plate 

[475,255]

Place carrot 
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Place carrot 
on plate 

[472,261]

Trajectory
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1.122

Tree Generation & Search

Place carrot 
on plate 
[471,263]

Carrot
Plate

On plateOn plate On plate On plate On plate

Grasp carrot [363,365] Place carrot on plate [471,263]

Figure 3.9: Generated tree and trajectories in Simpler environment.

28.4s↓30.8s↓32.5s. These results demonstrate that modest increases in test-time rea-

soning yield measurable improvements in success under distribution shift, reflecting a

favorable accuracy–latency trade-off and diminishing returns beyond K=4.

3.5.4 Bootstrapping Pretrained Models

In this experiment, we bootstrap a pretrained policy by rolling out a Bridge v2 [116]–fine-

tuned !0 to collect 600 additional raw trajectories, then re-train with our failure-aware
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procedure and merge the adapted weights (PaliGemma backbone + finetuned !0). We

evaluated the proposed method in Simpler environment [117] with the Widow-X robot in

four different tasks: carrot. (carrot on plate), eggplant. (eggplant in basket), cube. (stack

cubes) and spoon (spoon on towel). In this environment, we define edge as a subgoal

with a 2D end-effector position in the image, as there does not exist multiple available

subgoals to succeed the tasks. To balance the dataset between four tasks, we collected

more data on lower success rate tasks like stack cubes or carrot on plate.

As summarized in Table 3.2, our method yields a modest but consistent gain in aver-

age success rate on the Simpler tasks (from 0.389 to 0.406), with clear improvements on

carrot on plate (0.236 to 0.375), stack cubes (0.139 to 0.145), and spoon on towel (0.388

to 0.395). The only regression appears on eggplant in basket (0.791 to 0.708), where

the baseline already exhibited a very high success rate, suggesting diminishing returns

and occasional overfitting or value recalibration when bootstrapping in near-saturated

regimes. Overall, the results indicate that rolling out a trained policy and re-training

it with our failure-informed updates can improve robustness and transfer to previously

weaker objects while preserving strengths elsewhere. The example of a generated tree

and accompanying trajectory is illustrated in Figure 3.9.

3.5.5 Real-world Demonstration

Environment Setting and Tasks

Our experiments are conducted using a 6-DoF robotic arm controlled at a 20Hz fre-

quency with joint position actions, receiving visual input from both a wrist-mounted and

a fixed third-person camera. We introduce two multi-modal, long-horizon tasks that re-

quire placing an object into a container and subsequently closing its lid. The environment
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(a) Real-world workspace and setup.
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(b) Tasks used in evaluation.

Figure 3.10: Real-world environment and tasks. (a) Setup with a 6-DoF arm (joint-
position control, wrist + external cameras). (b) Tasks: sponge and towel packing in the
cabinet, with distractors and folding strategies. Generalization is tested from seen to un-
seen color configurations.

Table 3.3: Real-world success rates on sponge and towel packing tasks. Our method
(VINE) outperforms the !0 baseline in both seen and unseen settings.

Method
Seen Unseen

sponge towel sponge towel

!0 [1] 0.60 0.45 0.55 0.30

VINE (Ours) 0.75 0.55 0.65 0.55

contains two different language instructions. The first task, sponge placement, involves

placing a sponge inside a container already occupied by a clock, which admits three dis-

tinct solution strategies: pushing the clock aside, removing it from the cabinet entirely,

or placing the sponge directly into the available free space. The second task, towel place-
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Figure 3.11: Real-world demonstrations with planning and execution. (a) Towel–unseen:
the search tree selects fold ↓ put in cabinet ↓ close, then System 1 executes the chosen
path. (b) Sponge–unseen (clock distractor): the planner chooses push clock ↓ put sponge
↓ close and the trajectory follows accordingly.

ment, involves placing a towel, which can be completed with or without an optional

intermediate folding step. To evaluate generalization, we define seen configurations us-

ing a pink sponge and a yellow towel, and test on unseen configurations that introduce

a domain shift via a yellow sponge and a green towel, as depicted in Figure 3.10. We

collect 20 expert demonstrations for each of the five distinct strategies, for a total of 100

trajectories.
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Results

We evaluate our method, VINE, against the baseline on the real-world manipula-

tion tasks, with quantitative results presented in Table 3.3. For seen objects, our model

achieved success rates of 75% (sponge) and 55% (towel), compared to the baseline’s 60%

and 45%. The performance gap was larger for unseen objects, where our model succeeded

65% (sponge) and 55% (towel) of the time, while the baseline dropped to 55% and 30%,

respectively. This improvement comes from our model’s ability to choose the most fea-

sible strategy in a given situation. Figure 3.11 showcases planning and action generation

on unseen tasks. In towel placement (a), the model prefers a three-step plan—Fold towel

→ Put in cabinet → Close cabinet—because it predicts a higher success value than plac-

ing it directly. In sponge placement (b), with a clock blocking the cabinet, it first pushes

the clock aside before placing the sponge, again selecting the most feasible path. System

1 then executes the chosen sequence to produce the shown trajectories, demonstrating

practical effectiveness on a physical robot.

3.5.6 Plug-in Module for Replanning

To mitigate drift arising from executing long action–chunks without feedback, we

attach a lightweight uncertainty monitor [118] that enables test-time replanning without

retraining. When the within–chunk variance becomes high, the monitor down-weights

the currently committed branch and triggers a switch to the next best alternative in the

search tree. This converts our quasi-static, open-loop execution into an instance-adaptive

procedure that can abandon deteriorating motions. In the unseen drawer packing set-

ting, this mechanism improves success from 67.5% (no replanning) to 74.0% (with re-

planning), exceeding the !0 baseline’s 57.5% while leaving all learned parameters un-
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Figure 3.12: Success rates in the unseen drawer packing environment with and without
replanning. A lightweight uncertainty-triggered replanning module, which down-weights
uncertain branches and switches to alternatives, boosts success in drawer packing without
retraining.

changed (Figure 3.12). Although task-specific calibration remains, these results indi-

cate that uncertainty-triggered replanning partially closes the gap introduced by Limi-

tation 1. Figure 3.13 illustrates test-time replanning, where the model first chooses the

green path—pushing the obstructive box aside—but, upon detecting high uncertainty,

it switches (yellow background) to the second-best plan: placing the box on the table.

Despite the benefits, the current uncertainty calibration is manual and task-specific, and

the added computation limits real-time use. We view data-driven calibration and learned

failure signals (e.g., extending the done-expert dimension) as promising next steps. These

replanning results are orthogonal to our main contributions but suggest a practical path

to improve robustness at test time.

3.5.7 Limitations

Despite the advantages, we have three main limitations. First, planning occurs at

subgoal granularity without real-time, within-chunk feedback. We deliberately avoid a
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Figure 3.13: Qualitative Results for replanning. Planner first selects the green plan (push
box→place item→close), then detects high uncertainty during the first step and switches
to the yellow alternative (place box on table→place item→close), successfully complet-
ing the task. Shaded panels indicate the uncertainty trigger and the plan switch; bottom
rows show the executed trajectories.

stop-and-replan loop because it effectively enforces a quasi-static assumption and inter-

rupts continuous motion; in dynamic scenes, small pose errors, sensor latency, or contact

disturbances can therefore accumulate between replans, leading to drift in the predicted
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successor state and occasional divergence between the planned path and what the robot

can stably execute.

Second, the low-level controller (System 1) is trained solely from successful execu-

tions. Lacking failure-conditioned gradients, it tends to overfit nominal trajectories and

shows limited ability to self-correct once perturbed off the known distribution. Third, the

state abstraction relies on a 2D scene graph that omits metric geometry, contact cues,

and short-horizon dynamics that are critical in contact-rich manipulation. This can mis-

calibrate feasibility estimates when objects are partially occluded, slightly mislocalized,

or when frictional effects dominate. The resulting gaps increase sensitivity to calibra-

tion drift and viewpoint changes, and can cause the search to misrank otherwise viable

branches or prune plans that would succeed under the true physical dynamics.

3.6 Handling Uncertain User Commands through Human In-

teraction

Even with a failure-aware planning framework such as VINE, reliable execution

alone does not guarantee reliable interaction. A robot may correctly anticipate and avoid

risky action sequences, yet still receive verbal instructions that are incomplete, ambigu-

ous, or entirely infeasible given the scene and its own capabilities. In such cases, fail-

ure does not arise from poor planning but from misunderstanding the user’s intent. This

makes language interpretation—specifically, determining whether a command is clear,

ambiguous, or infeasible within the current environment—an essential component of

robustness. The meaning of the same instruction can vary drastically across contexts,

and the robot must decide not only how to act but also whether it can or should act.

Therefore, handling uncertainty in user commands becomes a necessary complement to
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failure-aware action planning.

User instructions to robots are often incomplete, ambiguous, or even infeasible, and

their correct interpretation depends strongly on the surrounding environment and the

robot’s capabilities. The same command may lead to different meanings across contexts,

making situational reasoning essential for reliable interaction. In this section, we address

the problem of identifying whether a user command is clear, ambiguous, or infeasible

within a given scene, and outline an approach that allows the robot to recognize uncer-

tainty in language and seek clarification when needed.

We aim to classify user commands into clear, ambiguous, and infeasible ones with

the awareness of robotic situations and process disambiguation on ambiguous commands.

Situational awareness is required for this problem, as even the same command can have

different meanings for different situations. For instance, when the user command is ”he

looks tired, can you help him?” with an environment containing coffee, a coffee machine,

water, and bread, there can be different interpretations among robot agents. It is certain

that the cooking robot, which can only cook food or beverages with a fixed base in the

kitchen, should make coffee. While for the cleaning robot, the goal may be categorized

as infeasible. This command may be ambiguous for the massage robot, and the robot

may ask back to gain further information to disambiguate the lack of information on the

command.

To this end, we propose CLassifying and disAmbiguating user commands for reliable

interactive Robotic Agents (CLARA) to enhance the reliability of the interactive system.

The proposed method is composed of two parts: distinguishing a command between clear

and not (i.e., ambiguous or infeasible) and classifying ambiguous or infeasible commands

for unclear ones. As uncertainty can arise due to both incomplete information or limita-

tions in the agent’s capabilities, we first present a method to estimate predictive uncer-
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Figure 3.14: Proposed Method. Our method involves estimating uncertainty with LLMs
via context sampling to distinguish between certain and uncertain commands. We then
leverage situational awareness to classify uncertain commands into ambiguous and infea-
sible categories, followed by a disambiguation process for ambiguous commands. The
number (1) (2), etc., denotes the index of the context from the context set (C). # denotes
predictive uncertainty, and ∃ is an uncertainty threshold.

tainty for LLMs. Then, we introduce an approach to check feasibility in uncertain com-

mands with situational awareness built upon the zero-shot capability of LLMs to distin-

guish between infeasible and ambiguous commands. Interacting with users in free-form

texts via question generation (i.e., disambiguation) is also conducted on the commands

classified as ambiguous. The proposed method can reuse most of the prompts and the

structure when the environment changes, with modifications to the few-shot demonstra-

tions and the robot capability description. We also designed a benchmark dataset called

Situational awareness for Goal Classification in robotic tasks (SaGC), containing pairs

of high-level user commands, environments including objects and robot capabilities, and

uncertainty types to capture situational awareness in robotic tasks.
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3.7 Problem Formulation: Recognizing and Categorizing Com-

mand Uncertainty

We focus on capturing and classifying uncertain user commands in the context of

interactive agents via large language models (LLMs). We assume that the high-level goal

command may lack sufficient clarity to execute a task properly, or it may be vague or even

an infeasible goal due to users’ lack of situational understanding. Our objective is to pre-

dict the uncertainty in the LLM’s predictions and then predict the type of uncertain goals,

i.e., ambiguous or infeasible. If the goal is feasible but ambiguous, we disambiguate the

command by generating questions for the user to gather additional information. The input

of the system is the high-level goal (xg) and lists of objects in the environment (xs), along

with few-shot contexts (c). LLM then either generates low-level short-horizon skills (y),

which can be easily interpreted into a robotic action with uncertainty (# ), or an explana-

tion of the uncertainty via text.

3.8 Proposed Method for Handling Uncertain Commands with

User Interaction

In this section, we outline our approach to handling uncertain user commands with

situational awareness. We begin by presenting a method for estimating uncertainty from

large language models. Once uncertainty is estimated, we can distinguish the certain and

uncertain inputs with thresholds. We introduce the zero-shot approach to check the feasi-

bility of the uncertain commands, which can classify them into ambiguous and infeasible

ones. We present a disambiguation approach to predicted ambiguous inputs in a zero-shot
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manner. The proposed method is illustrated in Figure 3.14.

3.8.1 Uncertainty Estimation of LLMs via Context Sampling

Large Language Models (LLMs) operating in an in-context learning (ICL) setting [11]

exhibit prediction variability depending on the ordering and selection of contextual demon-

strations. Recent theoretical work shows that demonstration tokens induce implicit pa-

rameter updates to the underlying transformer [119], suggesting that modifying context

examples corresponds to drawing different effective models. Leveraging this observa-

tion, we introduce a method to estimate epistemic uncertainty in LLMs using context

sampling, without requiring model gradients, logits, or weights—making it directly ap-

plicable to closed-source APIs such as ChatGPT.

Setup. Let C = {C1, . . . ,Cm} denote a set of demonstration examples. Given a goal

description xg and scene observation xs, the LLM produces a structured output:

y = f (xg,xs,C). (3.2)

To induce stochasticity analogous to Bayesian posterior sampling, we draw H context

samples ci from a distribution p(C,xs) defined by (i) randomly subsampling k elements

from C, and (ii) randomly shuffling their order. Each sampled generation is:

yi = f (xg,xs,ci), ci ⇔ p(C,xs). (3.3)

Keyword-Level Representation. Each generated output yi is decomposed into a set

of K task-relevant keywords {y1
i , . . . ,yK

i } (e.g., the target object in a low-level pick-and-
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place instruction). We embed these keywords using a pretrained model g(·):

zk
i = g(yk

i ) ↔ R
d . (3.4)

Template text such as robot.pick is removed prior to embedding so that variability

reflects task-relevant content.

Uncertainty via Pairwise Dispersion. We quantify epistemic variability by computing

normalized pairwise distances across all sampled generations:

# =
1
K

K

∀
k=1

2
H(H↘1) ∀

1∞i< j∞H

∥∥zk
i ↘ zk

j
∥∥

2 . (3.5)

When the goal is well-specified, perturbations to the context yield consistent predic-

tions and # remains low. When the goal is ambiguous or under-specified, predictions

become more sensitive to the sampled contexts and # increases.

Uncertainty-Aware Prompting. To further amplify this sensitivity, we prepend the

following meta-instruction:

‘‘Considering ambiguity of a goal, [xg
]’’,

encouraging the LLM to reflect explicitly on possible uncertainty. Following [120], we

compute the empirical CDF of # for a set of “clear” samples and use the 80th percentile

as a threshold to classify certain vs. uncertain predictions.

Illustrative Example. Consider the goal “pick a block” and four few-shot demonstra-

tions C = {C1,C2,C3,C4}. Sampling different subsets and shuffle orders yields:
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• Sample 1: {C1,C3,C4} → robot.pick(yellow block)

• Sample 2: {C2,C4} → robot.pick(red block)

• Sample 3: {C3,C2} → robot.pick(blue block)

With K = 1 keyword per output, the embedding distances form:

 0 2.5 1.7
2.5 0 2.3
1.7 2.3 0


,

yielding a total uncertainty score of # = 2.1 based on Eq. (3.5). A rigorous derivation

showing that context sampling in ICL yields Monte Carlo draws from a dropout-style

variational posterior is deferred to Appendix A.

3.8.2 Classification and Disambiguation

As quantifying uncertainty can only determine whether the given command is certain

or not, we present a method to analyze and explain the uncertainty. It is composed of

three parts: feasibility check, reason generation, and question generation, where all of the

procedure is based on prompting LLMs while expanding the previous prompts. Although

the proposed method requires few-shot prompts to generate robotic action, we call this

classification and disambiguation zero-shot because the prompts provided do not encom-

pass any instances of classification or disambiguation progress. Initially, we perform a

feasibility check to assess the viability of the goal in relation to situational awareness by

crafting the last line of the prompt with the robot’s capability. We first add robot types

and the possible actions that the robot can do into a prompt to ensure the agent is aware of

their situation; then we force the large language model to conduct a binary classification

if a robot can perform the task with answer "yes" or "No". With the generated answer,
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we use a heuristic parser to distinguish commands from infeasible and ambiguous based

on the keyword (i.e., yes); if the generated sentence contains the keyword "yes", we de-

note the corresponding command as ambiguous. Continuing from the previous example,

the prompt is as follows:
(Continue from previous prompts)

robot thought: I am a robot that can pick an object.

Considering the action set, pick, can I pick a block ? Answer in yes or no

answer: Yes, I can pick a block given more information.

If the robot is deemed capable of performing the task, we proceed to disambigua-

tion by generating the reason for the uncertainty and posing a question to the user to

gather additional information. The reason for the uncertainty and question is generated

by prompts like "This code is uncertain because" and "What can I ask the

user? Please " to the prompt respectively. Again, from the previous example, the

prompt for generating an explanation for uncertainty and question are as follows:
(Continue from previous prompts)

robot thought: this code is uncertain because the task does not specify any specific criteria

for selecting the block

robot thought: what can I ask to the user?

question: Please provide more information about the criteria for selecting a block

After obtaining an answer from the user, the system goes back to the uncertainty

estimation step with extended prompts with the disambiguation process.

3.9 Experimental Evaluation of Interaction-Based Resolution

In our experiments, we aim to address the following research questions with re-

spect to uncertainty with situational awareness: (1) How does the efficacy of our pro-
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posed CLARA, contrast with previous approaches employed for uncertainty quantifica-

tion across diverse environments? (2) To what extent can our proposed method accurately

identify the user commands that are clear, ambiguous, or infeasible? (3) What role does

the uncertainty-aware interaction module play in clarifying ambiguous commands? (4) Is

it viable to deploy the proposed method in real-world human-robot interaction scenarios?

3.9.1 Baselines

Regarding uncertainty quantification, we compare the proposed method with four

previous approaches: entropy, normalized entropy, semantic uncertainty, and lexical sim-

ilarity. The predictive entropy, widely recognized as a baseline for uncertainty estima-

tion, is represented as H =↘∀T
t=1 ∀V

v=1 p(yv
t |x) log p(yv

t |x), where V is vocabulary size,

and T is the sequence length. Normalized entropy [40] is predictive entropy normalized

by sequence length (NE), Hnorm = ↘ 1
T ∀T

t=1 ∀V
v=1 p(yv

t |x) log p(yv
t |x). Semantic entropy

(SE) [41] estimates the entropy of the random variable representing the output distri-

bution in the semantic event space, as SE(x) ∈ |L|↘1 ∀L
i=1 log p(Li|x), where semantic

equivalence classes are represented as Li. Lexical similarity (LS) [121] uses the average

similarity of the answers in the answer set, A= 2
|H|·(|H|↘1) ∀|H|

i=1 ∀|H|
j=1 ∀dist(yi,y j), where

the answer set is sampled by beam search of the multinomial distribution.

Furthermore, we validate the effectiveness of the proposed classification and dis-

ambiguation method; we compared the proposed method with two different approaches

that utilize zero-shot or few-shot capabilities. First is Inner Monologue [37], which gen-

erates questions and explanations based on the few-shot prompts containing feasibility

checks and question generations. In addition, we also compare the proposed method with

CLAM† [122], which requests input that asks if the goal is certain, ambiguous, or in-
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feasible to the large language model and then further processes disambiguation 1. We

test the method on three different LLMs; LLaMA [123], ChatGPT (GPT3.5-turbo),

and InstructGPT (text-davinci-003) models via the OpenAI API2. Inst. GPT de-

notes InstructGPT in the following tables. In the pick-and-place simulation, we utilize

the LLaMA 30B; on the collected dataset, we utilize LLaMA 7B. Due to a lack of com-

puting power, we did not test LLaMA in a real-world environment.

3.9.2 Situational Awareness for Goal Classification in Robotic Tasks

In this section, we assess the classification performance with situational awareness of

the proposed method. In particular, we aim to evaluate the ability to classify the type of

the user’s command, e.g., clear, ambiguous, or infeasible, while considering the robotic

capabilities and environments. We first introduce a dataset specifically designed to eval-

uate uncertainty in uncertain goals for robotic tasks. Then, we measure the method’s

performance in accurately identifying uncertain commands and categorizing the specific

type of uncertainty present in the robot’s situation.

Dataset Formulation

We first present a dataset called Situational Awareness for Goal Classification in

Robotic Tasks (SaGC), curated to evaluate the situation-aware uncertainty of the robotic

tasks. We collected a dataset consisting of high-level goals paired with scene descriptions

annotated with three types of uncertainties inspired by previous work [124, 125] on col-

lecting data via LLM. The primary aim of this dataset is to evaluate whether the language

model can effectively distinguish between the three types of goals. The dataset consists
1†Denotes CLAM [122] modified to zero-shot instead of few-shot.
2https://platform.openai.com/docs/model-index-for-researchers
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1,765

1,746

1,711629
626

510

643298 805

641

636
434

Cook - Clear. Cook - Amb.
Cook - Inf. Clean - Clear
Clean - Amb. Clean - Inf.
Mass. - Clear Mass. - Amb.
Mass. - Inf.

Cook

Clean

Massage
Clear: Cook and serve bacon and toast. 
Amb.: Make something delicious. Inf.: I 
want to go for a walk, Bake buns and repair 
the desk 
Clear: Clean the living room. Amb.: Clean 
the living room and wipe all surfaces Inf.: 
Play with the person in the living room, 
Cook Breakfast and clean the kitchen 

Clear: Give a massage to the person 
wearing blue shirt. Amb.: Someone in the 
house needs a relaxing massage. Inf.: 
Make a coffee, Make coffee and give 
massage to the person wearing gray shirt 

Cooking 

Robot

Cleaning 

Robot

Massage 

Robot

Figure 3.15: Statistics and Examples of the Dataset. Cer. denotes certain, Inf. denotes
infeasible and Amb. denotes ambiguous

LLaMA [123] GPT3.5-Turbo Inst. GPT

Quantification

Entropy 0.714 - 0.861

Normalized Entropy [40] 0.736 - 0.867

Semantic Entropy [41] 0.700 - 0.862

Lexical Similarity [121] 0.690 0.628 0.852

CLARA (Ours) 0.725 0.710 0.870

Classification
Inner Monologue [37] 0.368 0.480 0.513

CLAM† [122] 0.362 0.376 0.532

CLARA (Ours) 0.447 0.556 0.710

Abla. Inst. GPT
w/o UAP. w/o CS. Ours

0.861 0.852 0.870

Table 3.4: Results on SaGC Dataset. Quanantification denotes the uncertainty quantifica-
tion part, where we measured AUROC, and Classification denotes the classification part
where we measured accuracy. Abla. is an ablation study on uncertainty estimation, where
CS. denotes context sampling and UAP. denotes uncertainty-aware prompt.

of 15 different scenes, encompassing three different robot categories: cooking, cleaning,

and massaging. To construct the dataset, we initially created three certain high-level goal
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examples for each scene and robot, resulting in a total of 105 crafted goals. Crafted ex-

amples are formatted into a prompt with the scene description and a type of robot, to be

expanded with LLM, i.e., gpt-3.5-turbo. We employed three different prompts to gen-

erate goals of varying uncertainty types, which automatically generate the goal based on

the given uncertainty label. Furthermore, we also added more complex infeasible com-

mands into the dataset where it is partially feasible, such as "bake buns and repair

the desk". The four validators were then asked to validate the corresponding generated

pairs. They were asked to discard the sample, change the label of the sample, or accept

the sample. The dataset comprises 5,222 pairs in total, 1,749 certain, 1,560 ambiguous,

and 1,917 infeasible goals. The overall statistics and the examples of the dataset are il-

lustrated in Figure 3.15.

Results

We evaluate the proposed method on the dataset by two different measures. First, we

measure area under the ROC curve (AUROC) between certain and uncertain high-level

goals with the uncertainty quantification baselines. We aim to see how the uncertainty

estimation method can separate certain goals from uncertain goals, as shown in Table

3.4. The proposed method with IntructGPT outperforms the compared baselines with a

minor gap of 0.003 and is second-best on LLaMA 7B model. We observe that selecting

InstructGPT or GPT3.5 would be a better choice in the proposed method. We would

like to emphasize that the proposed method can work compatible with previous methods

without the access of token-wise probability. In addition, compared to Lexical Similarity

[121], enforcing the stochastic in the prompts leads to diverse generations in uncertain

inputs, as LLM is known to be fragile to recency bias. Furthermore, we have conducted

ablation studies to further analyze the two hypotheses: context sampling and uncertainty-
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aware prompting. We observe that the performance drops by 0.018 and 0.09 without

utilizing those modules.

Furthermore, we measure the classification accuracy of the whole system in Table

3.4, where the proposed method with IntructGPT outperforms the previous method with

a gap of 0.158. We also observe that the proposed method outperforms the baselines

in three different large language models. We posit that the ability to understand both

robotic situations and uncertainty improves accuracy. We observe that a few-shot-based

method [37] can have its weakness in generalization to unseen uncertain commands, and

naively asking LLM to conduct a three-way classification has its weakness due to the

hallucination issue of LLM and not being fully aware of the situation. We believe that

leveraging uncertainty to filter out certain goals and addressing the situational awareness

in-context approach afterward improves classification accuracy, making the model easier

to predict. Although the dataset is formulated by gpt-3.5-turbo, the performance using

text-danvici-003 (instruct GPT) recorded higher classification accuracy, showing a

stronger correlation in the model size of LLMs. The illustrations of generated responses

are shown in Figure 3.16.

3.9.3 Pick and Place Simulations

In this section, we evaluate the effectiveness of the proposed method on tabletop

pick and place simulation. We first aim to observe if the uncertainty estimation method

can discriminate certain tasks between ambiguous tasks. In addition, we explore the effi-

ciency of the proposed disambiguation module. We followed the task presented on Inner

Monologue (IM) [37], which contains eight different types of goals. As these tasks lack

the number of ambiguous scenarios, we added three different types of ambiguous goals

and divided certain and ambiguous commands. We define an ambiguous task as a goal
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Infeasible Goal - SaGC DatasetAmbiguous Goal - SaGC Dataset
Create a delicious meal Serve coffee and repair the coffee machine

Cook breakfast bacon and eggs

Person wearing blue shirts wants a cup of coffee

Clean the living room and wipe down any surfaces that need it

Give a relaxing massage to someone in the living room

     F: Yes, the robot can create a delicious meal by following the action set.      R: It is 
not clear what type of meal is desired.      Q: Specify what type of meal you would like 
to have.

     F: Yes, you can clean the living room and wipe down any surfaces that need it.      R: 
There are multiple objects in the living room. I will need to identify the surfaces that need 
wiping first.       Q: Specify which surfaces need to be wiped in the living room.

     F: Yes, you can. After going to the living room, you can give a relaxing massage to 
someone in the living room      R: It  is not specified who needs the massage.     Q: Specify 
who needs the massage in the living room room.

     F: No, the robot cannot do Serve coffee and repair the 
coffee machine as it is not a relevant task for a cooking robot

     F: No, as a cleaning robot, you cannot cook breakfast 
bacon and eggs. Your possible action is to clean and wipe

     F: No, the robot cannot fulfill the goal of providing a cup 
of coffee to the person wearing blue shirt. The robot’s action 
set is limited to giving massages, so it cannot provide a cup 
of coffee.

Cooking

Robot

Cleaning 

Robot

Massage 

Robot

User

User

User

Cooking

Robot

Cleaning 

Robot

Massage 

Robot

User

User

User

Ambiguous Goal - Pick and Place Environment 

put the block that user wants in red bowl

Robot action: robot.pick_and_place(red bowl, red bowl)

Uncertainty: 5.24

Objects: purple block, red bowl, red block, blue block

User

Scene

Robot

Purple block

Robot action: robot.pick_and_place(purple bowl, red bowl)

     R: It is unclear which block the user wants to put in the red 
bowl.     Q: specify which block do you want to put in the red bowl.

User

Robot

Robot

Figure 3.16: Examples of generated explanation and question from the proposed method.
F, R, Q means Feasibility, Reasoning, and Question, respectively.

Categories Tasks

Clear

pick [x] and put on [x] bowl

place all blocks on [x] corner

place all blocks on [x] bowl

put all blocks on different corners

place blocks on matching color

place blocks on mismatching color

stack all blocks on [x] corner

Ambiguous

pick block that user wants and place on [x] bowl

pick [x] block and put on the bowl that the user wants

pick the block and put in the bowl

stack all blocks

Table 3.5: Task explanation in Pick-And-Place Environment

that does not specify the exact position or name for either pick or place object, as shown

in Table 3.5. We utilize the ViLD [126] for scene description, and Cliport [127] for text-

to-robotic policy. We evaluated the proposed method on 108 certain configurations and
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LLaMA [123] GPT-3.5 Inst. GPT

Quantification

Entropy 0.725 – 0.819

Normalized Entropy [40] 0.642 – 0.839

Semantic Entropy [41] 0.688 – 0.620

Lexical Similarity [121] 0.580 0.623 0.762

CLARA (Ours) 0.602 0.731 0.864

Ablation Inst. GPT
w/o UAP. w/o CS. Ours

0.801 0.762 0.864

Table 3.6: Uncertain Task Detection in the pick-and-place environment. The Quantifica-
tion block reports AUROC for different uncertainty measures; the Ablation block varies
CLARA’s components on Inst. GPT (CS = context sampling, UAP = uncertainty-aware
prompt).

LLaMA [123] GPT3.5 Inst. GPT

F1 Gap. F1 Gap F1 Gap

Inner Monologue [37] 0.12 0.06 0.60 0.49 0.49 0.26

CLAM† [122] 0.49 0.22 0.48 0.24 0.41 0.30

CLARA (Ours) 0.33 0.07 0.49 0.24 0.64 0.39

Table 3.7: Disambiguation on Pick-and-Place Environment. Gap denotes the success rate
gap after interaction on ambiguous commands.

60 ambiguous configurations, 188 in total. In the interaction phase, we assume that the

system can request a question from the user only once.

We first assess the efficacy of our proposed method for uncertainty estimation by

measuring the area under the ROC curve (AUROC) between certain and uncertain com-

mands, shown in Table 3.6. The proposed method with the IntructGPT model outper-

forms the compared method with margins of 0.025. In addition, by ablation studies, we

observe that the uncertainty-aware prompt showed improvement of the AUROC with a
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0.063 gap, and AUROC increased 0.102 with context sampling. This leads us to posit that

applying both stochastic context and uncertainty-aware prompting enhances the LLM’s

ability to estimate uncertainty.

Furthermore, we validate the effectiveness of disambiguation in Table 3.7. We have

evaluated two main factors in disambiguation progress: the success rate gap after the in-

teraction on ambiguous commands set and the F1 score of the interaction. The F1 score

shows the ability of the robot to generate questions only in ambiguous scenarios, where

asking for additional information is not necessarily in certain scenarios. For calculating

the F1 score, we divided the commands into two categories: unambiguous (labeled neg-

ative) and ambiguous (labeled positive). Although the proposed method had the second-

best performance on the success rate gap among baselines, we observe that the proposed

method outperforms the previous method in the F1 score metric. We posit that the pro-

posed method generates more questions only when the robot lacks the information while

generating appropriate questions to increase the success rate after the interaction. The

illustration of the interaction with users is shown in Figure 3.16.

3.9.4 Real-World Demonstrations

In this section, we explore the applicability of the proposed method in real-world

human-robot handover scenarios. We utilize the OWL-VIT [128] for scene description

and grounding translator [129] to map the output of LLM to a feasible action set. Again,

We investigate three cases of goal information: clear, ambiguous, and infeasible. We con-

duct six different configurations for each label, leading to 18 environments in total. The

detailed goals are illustrated in Table 3.8.

We first measure the AUROC between clear and uncertain commands, i.e., a combi-

nation of ambiguous and infeasible, as shown in Table 3.9. The proposed method with the
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Categories Tasks

Clear give [x] to [y]

Ambiguous
give [x] to someone

give something to drink to [y]

give something to drink to someone

Infeasible
wipe the desk

smash the [x]

put [x] on the ground

Table 3.8: Task explanation for the real-world experiment.

GPT-3.5 Inst. GPT

Quantification

Entropy – 0.958

Normalized Entropy [40] – 0.972

Semantic Entropy [41] – 0.847

Lexical Similarity [121] 0.847 0.951

CLARA (Ours) 0.903 0.986

Table 3.9: Uncertain Task Detection in Real-World Environment (AUROC).

IntructGPT model outperforms the compared method with a gap of 0.018. Furthermore,

we measure the classification accuracy uncertainty labels in Table 3.10. The proposed

method outperforms the classification accuracy on other baselines, with a gap of 0.17 on

both types of LLMs. In addition, we measured the success rate gap after disambiguation

and F1 score, which is the same metric used in the previous section. The proposed method

reported the best success rate increase and appropriate timing for interaction compared

to baselines, with an average gap of 0.05 and 0.23, respectively. In the real-world envi-

ronment, the interaction via the GPT3.5-turbo model had a higher success rate than the
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Model Method
Cls. Disamb.

Acc. F1 Gap

GPT3.5
Inner Monologue [37] 0.44 0.36 0.17

CLAM† [122] 0.44 0.67 0.28

CLARA (Ours) 0.67 0.75 0.33

InstructGPT
Inner Monologue [37] 0.72 0.66 0.17

CLAM† [122] 0.55 0.61 0.06

CLARA (Ours) 0.89 0.83 0.28

Table 3.10: Classification and Disambiguation in Real-World Environment. Cls. denotes
uncertainty type classification and Disamb. denotes the disambiguation progress.

IntructGPT. We found that the GPT3.5 model generated more questions both on ambigu-

ous and unambiguous commands, leading to a larger success rate gap. Although asking

for user feedback can help increase the success rate gap, a trade-off exists between F1

score measures. Requiring too much user feedback, even on clear commands, may be

undesired behavior depending on the user preference [130].

Figure 3.17 illustrates the demonstrations of the proposed method in the real-world

environment on clear, ambiguous, and infeasible goals using gpt-3.5 turbo. We also

tested the system on vague and raw input like ”he looks sleepy”, with giving only

partial information during the first disambiguation progress. We observe that the pro-

posed method successfully understands the raw text inputs and can progress disam-

biguation iteratively when a user is not giving sufficient information. We also demon-

strated the proposed method under the referential ambiguous scenario, with command

"give Coca-Cola can to a person wearing a black shirt", where two peo-

ple are wearing black shirts in the scene. The robot explains that two people are wearing

black shirts and further asks the user to specify the position (left or right). Throughout
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Give a person wearing a green shirt a monster can

Robot action: robot.pick_and_give(monster can, 
person wearing green shirt ) Uncertainty: 0.0

Object: [‘orange’, ‘coca cola can’, ‘monster can’, 
’starbucks can’]
Person: [‘person wearing green shirt’, ‘person wearing gray 
shirt’, ‘person wearing black shirt’, ’person wearing yellow 
shirt’]

Clear

Ambiguous 1
Object: [‘orange’, ‘coca cola can’, ‘monster can’, ’starbucks can’]
Person: [‘person wearing green shirt’, ‘person wearing gray 
shirt’, ‘person wearing black shirt’, ’person wearing yellow shirt’]

He looks sleepy

Robot action: robot.pick_and_give(monster can, )

Uncertainty: 1.73

He is wearing a gray shirts and he looks sleepy
Robot action: robot.pick_and_give(coca cola can, person 
wearing gray shirt ) Uncertainty: 0.94

Starbucks coffee

     F: Yes, I can do this.     R: I should clarify the task and 
ask for more information about the person's preferences 
or intentions.    Q: specify which object you would like me 
to pick and which person you would like me to give it to.

    R: The user did not specify which object they want me to 
use.I will ask for clarification.    Q: specify which object you 
would like me to pick.

Robot action: robot.pick_and_give(starbucks can, 
person wearing gray shirt ) Uncertainty: 0.0

Robot action: robot.pick_and_give(coca cola can, )

Uncertainty: 0.74

Throw the coca cola can

Object: [‘orange’, ‘coca cola can’, ‘monster can’, ’starbucks can’]

Person: [‘person wearing green shirt’, ‘person wearing gray shirt’, 
‘person wearing black shirt’, ’person wearing yellow shirt’]

CAN NOT DO THIS

     F: As a robot, I should prioritize safety and 
avoid throwing objects that could potentially harm 
someone or damage property. Therefore, I will not 
throw the coal cola can.

Infeasible

Robot action: robot.pick_and_give(coca cola 
can, right person wearing black shirt) 
Uncertainty: 0.767

She is on the left
Robot action: robot.pick_and_give(coca cola can, 
left person wearing black shirt) Uncertainty: 0.0

Object: [‘apple', 'pepsi can', ‘coca cola can', 
‘monster can’]
Person: ['person wearing green shirt', 'left person 
wearing black shirt', 'right person wearing black shirt', 
'person wearing blue shirt']
Give coca cola can to a person wearing black shirt

     F: Yes, with the given scene and people, it is 
possible to give a coca cola can to a person wearing a 
black shirt.     R: There are two people wearing black 
shirts. The robot is unsure which person to give the 
coca cola can to.    Q: Specify the position of the 
person wearing a black shirt.

Ambiguous 2

Execution

Pick Starbucks can

Give it to a person wearing gray shirts

Scene Description
Person wearing 

black shirtPerson wearing 
green shirtPerson wearing 

yellow shirt

Person wearing 
gray shirt

Monster can
Coca Cola can

Starbucks can

Orange

Scene Description & Execution
Person wearing 

green shirt
Person 
wearing 

gray shirtPerson wearing 
yellow shirt

Person wearing 
black shirt

Coca Cola can

Starbucks can
Banana

Pepsi can

Apple

Infeasible

Person wearing 
green shirt

Person wearing 
blue shirt

Monster can

Coca Cola can

Pepsi can

Apple

Scene Description

Execution

Pick Coca cola can and give it to a 
person wearing black shirts on the left

Pick monster can and give it to a 
person wearing green shirts

Execution

Person wearing 
black shirt

Person wearing 
black shirt

Figure 3.17: Real-world demonstrations. F, R, Q means Feasibility, Reasoning,
and Question, respectively.

the demonstrations, we observed that the proposed method could be successfully applied

to a real-world environment.

3.9.5 Limitations

The proposed method has its lThe proposed method has its limitation of solely relying

on the zero-shot capability of the LLM, which can be improved via fine-tuning. However,

it becomes orthogonal to the contributions we have presented, as the proposed method

can be applied without additional models or fine-tuning. In addition, as the proposed

method is a sampling-based approach, we have limitations on speed and computational

cost. In practice, the total inference time depends on the model latency and the number

of samples; for instance, with 10 samples and an LLM that requires roughly 2 seconds

per query, one decision can incur about 20 seconds of additional inference time, which
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is non-trivial for interactive robotic systems. In addition, on utilizing the uncertainty, cal-

ibration to estimate the threshold requires a subset of the clear samples. Finally, as the

proposed method focuses on uncertainty from the language commands, it has its weak-

ness under a partially observable environment. For example, when the robot needs to find

an object that is not yet seen in the environment, the robot regards this planning uncer-

tainty as ambiguous commands and asks for user feedback. For future work, classifying

fine-grained uncertainty types (e.g., ambiguity in commands, ambiguity in planning, in-

feasibility from the environment, or infeasibility from the agent’s capability) is needed.

3.10 Discussion

In this discussion, we reflect on the two contributions presented in this chapter through

a unified lens and examine their implications for reliable language-conditioned robotics.

We begin by summarizing how VINE and CLARA, respectively, address the two major

failure modes of multimodal instruction grounding—action-level feasibility and instruction-

level clarity. We then outline promising research directions, including the integration of

planning- and communication-oriented uncertainty reasoning and the incorporation of

additional sensory modalities for richer grounding. Finally, we discuss the broader im-

pact of this work on the development of trustworthy human–robot interaction and moti-

vate the transition toward non-verbal communication, which forms the focus of the next

chapter.

3.10.1 Summary

This chapter addressed two complementary failure modes that hinder reliability in

language-conditioned robotics: selecting brittle or failure-prone action trajectories and
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misinterpreting ambiguous or infeasible user commands. To mitigate the first failure

mode, we introduced VINE, a hierarchical VLA framework that incorporates both suc-

cess and failure experience into high-level planning. By learning a feasibility-aware value

model that prunes risky action branches during tree search, VINE converts the broad

competence of VLA models into robust execution. To mitigate the second failure mode,

we proposed CLARA, which detects when an instruction is unclear or impossible, clas-

sifies the type of uncertainty, and interacts with the user through targeted clarification

when necessary. Together, VINE and CLARA demonstrate that robustness in interactive

robotics requires both feasibility-aware planning and intent-aware command interpreta-

tion.

3.10.2 Future Directions

Although VINE and CLARA target different stages of the perception–language–action

pipeline, their underlying principles are deeply compatible: both systems view uncer-

tainty not as noise to ignore but as a signal to reason about and act upon. A promis-

ing direction for future work is a unified architecture in which action-level feasibility

estimation and language-level ambiguity estimation mutually inform each other. For

example, knowledge of failure-prone manipulation states could guide question genera-

tion during disambiguation, while clarified user intent could restrict the planner’s search

space to safer subgoal sequences. Another avenue involves extending grounding beyond

visual–language input to richer modalities—such as touch, speech prosody, affective

cues, or spatial attention—to better model how humans naturally communicate intent.

Finally, deploying the proposed frameworks in open-ended human-in-the-loop settings,

rather than scripted teleoperation environments, presents important opportunities and

challenges for scaling reliability in real-world interactive robotics.
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3.10.3 Future Directions

While this chapter focused on verbal interaction with robots, human communication

extends far beyond spoken language. In natural settings, people convey intent, preference,

confidence, and affect through gaze, gesture, prosody, body posture, and other non-verbal

cues. If robots are to reliably operate alongside humans, they must be able not only to

understand language but to interpret these additional channels as well. In the next chapter,

we broaden our investigation to non-verbal communication, examining how embodied

signals can be modeled, generated, and leveraged to achieve more expressive, socially

aligned human–robot interaction.
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Chapter 4

Non-verbal Interaction

This chapter investigates how robots can leverage non-verbal behaviors—such as ges-

ture, gaze, and facial expression—to enrich social interaction and help users form more

engaging and emotionally resonant connections with robots.

4.1 Motivation and Background

Human Robot

Gesture Gesture

Facial��
Expressions

Distance

Gesture

Model

Gaze

Persona

Figure 4.1: Overview of non-verbal human–robot interaction. Human social signals
such as gestures, gaze, and interpersonal distance are interpreted by the model and re-
expressed by the robot according to a selected persona, enabling socially meaningful
non-verbal communication.

Non-verbal communication plays a central role in shaping how humans perceive and

relate to others. People infer intent, emotion, and personality not only from what is said

but from how it is expressed; through gaze, gesture, posture, and facial expression. For

robots operating in human-centered environments, relying solely on verbal interaction
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limits their ability to convey social intent or form emotional connections. Interactive

robots that leverage non-verbal cues can foster engagement, relatability, and memorable

experiences, which are critical in domains such as hospitality, education, companion-

ship, and entertainment. The conceptual overview of this idea is illustrated in Figure 4.1,

where the robot interprets non-verbal cues from the human and responds with persona-

consistent expressive behaviors.

Interactivity in robots [62,63,65] can establish meaningful connections with humans,

thereby greatly improving the user experience by creating engaging relationships. Inte-

grating character-like attributes into these robots makes interactions more human-like and

relatable, enhancing emotional connections and creating memorable experiences. Inter-

active robots embedded with customizable personas can offer companionship for combat-

ing loneliness or deliver standout performances in the entertainment sector. Leveraging

this potential, we focus on building an interactive robotic system that takes a step towards

adapting flexible personas that can take on the likeness of personalities or film characters.

Building character-like or persona-driven dialog agents [63, 131] have been actively

studied to provide users with agents that experience events, express emotions, and interact

with people. We believe interactive robotic agents could bring such agents into the real,

physical world. Combining physical movements - i.e., gaze and gestures - with persona-

driven agents can amplify the richness of human-machine interactions.

Taken together, these observations point to a central challenge: if robots are to partic-

ipate in socially meaningful interaction, they must be able to express consistent, recog-

nizable personas through non-verbal behavior rather than relying solely on speech. This

motivates the development of a system that allows robots to adopt and switch personas

through gaze, gesture, and expressive motion, enabling users to perceive identity, emo-

tion, and social attitude directly from physical interaction. In the next section, we intro-
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duce a persona-embedded non-verbal interaction framework designed to operationalize

this idea.

4.1.1 Summary of Contributions

This chapter makes three key contributions:

• We introduce a persona-embedded non-verbal interaction framework that al-

lows robots to express distinct personalities through gaze, gesture, and facial ex-

pression.

• We propose a persona-infuser module, powered by large language models (LLMs),

that automates the process of authoring behavior transitions from textual persona

descriptions, minimizing manual design.

• We conduct a large-scale in-the-wild user study with 162 participants in a public

café, demonstrating that users can reliably recognize both personality-based and

film-character-based personas from non-verbal cues alone while reporting high en-

gagement.

4.2 Persona-Embedded Non-verbal Interaction System

Having established the role of non-verbal communication in shaping human percep-

tion and engagement, we now introduce our persona-embedded non-verbal interaction

system. This framework implements how a robot can embody distinct personas through

expressive physical behavior rather than explicit dialogue. By encoding persona traits

into the robot’s gaze, gestures, and facial expressions—and by adapting these cues dy-

namically based on user behavior—the system enables a robot to project recognizable,
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character-like identities in real time. In the remainder of this section, we describe the

system architecture, its key modules, and how persona-conditioned non-verbal behavior

is generated and executed.

We hypothesize that by embedding a character template into robotic behavior, in-

teractive agents can convincingly embody distinct personas for users to engage with. In

particular, we aim to achieve this through a simple finite-state machine framework, which

determines robotic actions from an observed user’s behavior, a current robot’s behavior,

and a persona. We focus on non-verbal communication, where the social cues come from

gestures, gazes, or facial expressions. For instance, if a robot demonstrated actions rep-

resenting fear when the user is greeting it, the users would be led to associate a “shy”

or “introverted” character with the robot. Furthermore, our system aims to easily adopt

diverse personas, similar to a robot putting on and switching masks, requiring minimal

human effort to design such robots.

The system comprises the integration of three key components [65]: a perception en-

gine that extracts meaningful features from users’ 3D body pose, a behavior selection

engine that selects appropriate robotic behavior within the context, and an action library

housing a collection of robot motions and facial expressions. We introduce a persona-

infuser module to automate the process of generating behavior transitions with non-verbal

cues and a given persona, leveraging large language models (LLMs) [45], which is uti-

lized in the behavior selection engine. Notably, our framework enables minimal human

intervention in behavior selection design, enabling the swift creation of interactive robotic

agents imbued with distinct personas through textual input. Additionally, we enable func-

tionality to imitate well-known movie characters where robots can harness the familiarity

of their personas to allow users to quickly identify the characters being imitated, signifi-

cantly enhancing user engagement and acceptance.
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Human Video Robot Motion

Behavior�Selection�Engine�Deployment

User A, stand still -> wave hand

Action�Library�(Pre-built)

Behavior�Selection�Engine

stare: 
{ [1 hand, gaze, static, wave, far]: wave_hand, 
[1 hand, gaze, approach, wave, far]: attract,  
[0 hand, no gaze, static, no wave, far]: stare, 
…}, 
… 
wave hand: {[1 hand, gaze, static, wave, far]: 
attract,  
… }

Persona

Behavior Set

Observation Set

Persona�Infuser�

Behavior�Database�(Pre-built)
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Observation,  
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Score

State, 
Human pose

Tick
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Robot

Given: Persona
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Image

Motion�
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Figure 4.2: The proposed system architecture. The system is composed of a perception
engine, a behavior selection engine, and an action library, where the action library and
the behavior databases are pre-built components.

To test our system, we recruited 162 participants to analyze a persona-driven robot

showcased in a public cafe. Results show the participants could recognize the robot’s

given persona in both personality and film character-based persona agents, with captivat-

ing experiences. Based on participants’ post-study comments, we identified opportunities

and challenges in designing persona-based interactive robots.

4.3 Proposed Method for Persona-Embedded Non-verbal In-

teraction System

This section describes technical details for automating the design process in a persona-

based interactive system. The system’s architecture, as depicted in Figure 4.2, contains

three main modules: a perception engine, an action library, and a behavior selection en-

gine. At runtime, the perception engine estimates the 3D body poses of users seen in

the environment via the Zed2i camera and refines human pose information to discrete

observations, and is used to obtain a “curiosity score”. This data is used by the behavior

selection engine, which contains the state machine defining the robot’s persona-infused
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behavior. In the behavior selection engine, the robot selects the subsequent motion and

the corresponding facial expression based on the observation and the current state. The

engine’s behavior database maps observations and the robot’s persona to specific state-

action transitions. This behavior database is pre-built and populated by a persona-infuser,

which leverages large language models [45] to construct these transitions autonomously,

alleviating the need for manual design. Finally, with the selected behavior, the robot

physically displays the motion and the facial expressions that are stored within the action

library.

4.3.1 Non-Verbal Cues

MASK employs non-verbal communication for human-robot interaction, with users

interacting with the robot through body poses (p). As such, we examine non-verbal cues

generated by non-verbal cues (presented in Table 4.1) to drive the interaction. Human

non-verbal cues (observations o(p)) are defined as elements; e.g., number of raised hands,

distance between human and robot, is human gazing at the robot, and hand velocity.

These elements form the observation space (O), encompassing all possible combinations

of each observation element. Robots’ reactions utilize a discrete set of generated motions

and facial expressions, which is the state space (S ), also presented in Table 4.1. The

state compromises the 156 possible combinations of 13 different motions and 12 different

facial expressions.

4.3.2 Automated Persona Infuser via LLMs

In the quest to embed robots with distinct personas, we introduce a persona infuser

that constructs a behavior database. This database, D , acts as a blueprint for persona-

driven behavior, encoding all possible combinations of states, observations, and transi-
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Human Observation (72)

# Raised Hands ↔ {0,1,2},

Distance ↔ {close,far}
Gaze ↔ {gaze, no gaze}

hand velocity ↔ {waving, not waving}
approaching ↔ {approach, static, leave}

Robot

Motion (13)

1. wave hand big 2. wave hand small

3. look around 4. attract to come closer

5. small bow 6. cry 7. push away

8. hide away 9. read book 10. standstill

10. yawn 11. teasing 13. cross arms

Facial
Expression (12)

1. neutral 2. smile 3. cry

4. angry 5. scared 6. excited

7. reading book 8. confused 9. yes

10. tongue out 11. yawn 12. nod head

Table 4.1: Non Verbal Cues. The cues for human observation include four factors with
72 possible combinations, while robot cues contain 13 motions and 12 facial expressions
with 156 possible combinations.

tions by large language models [45] (LLMs). The database is pre-built prior to runtime

to reduce potential latency from language model inference, ensuring smooth and respon-

sive robot actions. We utilize gpt-4-0613 model1 for our MASK system and our ex-

periments. The input of the LLM [45] becomes the defined state space S , observation

space O , and the persona xp. Conditioned with the mentioned inputs, the LLM estimates

the state transitions D = {T (s⇓|s,o)}s↔S ,o↔O . The behavior database is formulated as a

dictionary. We design a hierarchical structure for generating behavior transitions as illus-

trated in Figure 4.3.
1https://platform.openai.com/docs/models
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Figure 4.3: Illustration of the proposed Persona Infuser, which generates the behavior
database via LLM.

Motion Selection We first utilize LLMs to predict the set of motions relevant to a given

persona. This procedure helps the system filter out the states unrelated to the persona. The

input of the LLM, denoted as p) , includes the robot’s motion cues M , the target persona

xp, and the motion selection prompt xmotion. In the motion selection prompt, we enable the

LLM to select between 0.25M and 0.5M different motions, where M = 13 is the number

of motion cues. The predicted set of motions m is defined as

m ⇔ p) (m|M ,xp,xmotion). (4.1)

Expression Integration In this step, we establish state s that pairs each selected mo-

tion (m) with a corresponding facial expression ( f ). LLM estimates the matching fa-

cial expression conditioned on motion, iterating the estimation through the selected mo-

tions m. The state s is defined as a pair of faces and the motion, and is as follows:
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s = ( f ,m) where f ⇔ p) ( f |m,F ,xp,xstates), m ↔ m, xstates is a prompt for expres-

sion integration, and F is a pre-defined set of facial expression cues. The set of states

is denoted as s = {( f ,m)}m↔m. In addition, we utilize LLMs to define an initial state

s0 ⇔ p) (s0|s,xp,xinit), where xinit is a prompt for defining initial state. The textual inputs

of the states are designed as the names of the motion to simplify the notations to LLM.

Transition Estimation Based on the persona-based state sets s, we estimate the state

transitions T (s⇓|s,o) via LLMs. To infer the robot’s next state, we repeat our evaluation

process for each combination of current states (|s|) and observations (|O|), resulting in

numerous iterations. We formulate the deterministic state transition, where LLMs directly

estimate the next state s⇓ given current state s and observation o. The input of LLM is

a state set s from the previous paragraph, the target persona xp, current observation o,

current state s, and the state transition prompt xtransition. The transitions are defined as

follows:

T (s⇓|s,o) =






1 if s⇓ = s⇓LLM

0 otherwise
(4.2)

s⇓LLM ⇔ p) (s⇓|s,o,s,xp,xtransition) (4.3)

where s ↔ s and o ↔ O . Again, we iterate this process to cover all observation and state

spaces.

4.3.3 Perception Engine

During the real-time deployment phase, the perception engine detects the user’s body

pose to determine the user’s state. The input of the perception engine is an RGBD im-
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age, and the output is the observation and a curiosity score (a score that describes how

‘interesting’ a person is based on observed kinematic quantities as used in [65]) for each

person. The camera stays stationary during the interaction, and the 3D body pose of the

users with tracking is estimated via ZED SDK 4.02.

For each individual, we transform body skeleton data into five observation categories:

the number of hands raised above nose level, eye gaze (based on a gaze function g(p)

threshold tg), distance (‘close’ or ‘far’ relative to threshold td), hand movement speed

(‘waving’ or ‘not waving’ determined by a hand velocity threshold tv), and approaching

velocity (v̂Lv
noses classified as ‘approaching,’ ‘leaving,’ or ‘static’ based on threshold ta).

The gaze function g is defined as the cosine of the angle between the normal vector to the

plane formed by the nose and both eyes (left and right) and the position vector of the nose,

effectively providing a measure of the direction in which the nose is pointing relative to

the plane of the eyes. For the approaching velocity, we track the Lv second of the nose

pose to determine whether the user is getting closer to the robot. These observations are

summarized for each person as o(p) in Table 4.1.

The curiosity score determines which user to interact with in multi-person scenarios,

indicating how interested each user is to the robot. Following previous work [65], the

curiosity score ∃ for each person is defined as follows:

∃(p) = %(t) ·
(
wd∋pnose∋+wh(hright hand +hleft hand)+

wv(v̂right hand + v̂left hand)+wgg(peyes)+wav̂Lv
noses

) (4.4)

where p is a body pose, wd ,wv,wh,wg is a weight for distance, hand velocity, hand raise,

and gaze, respectively. The curiosity score is composed of four elements: a distance from
2https://www.stereolabs.com/docs/body-tracking/
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the robot ∋pnose∋, an indicator that determines raising hand hright hand,hleft hand, a hand

velocity v̂right hand, v̂left hand, a gaze parameter peyes, and an approaching velocity v̂L
nose. %

is a habituation factor at the time t, which penalizes curiosity score for short observations.

As mentioned in the previous paragraph, g and Lv are the gaze functions and approaching

velocity.

4.3.4 Behavior Selection Engine

The behavior selection engine selects the next states situated within the context.

Based on observations, the robot’s current state, and the behavior database, the selec-

tion engine selects the next state and the user to interact with. The user to interact with

is determined via curiosity score. As curiosity in equation 4.4 represents the curiosity

from the current user’s motion; we introduce a refined model for natural turn-taking.

This model dynamically adjusts curiosity levels based on interaction time, decreasing

curiosity for individuals who have already engaged with the robot and increasing it for

those who have not. The refined curiosity ∃r(p) is defined as follows:

∃r(p) = min
(






∃(p)/(∃d(∃(p)))tin where p = pin

∃(p) · (∃i)tnn otherwise
,∋max

)
(4.5)

where tin is a time of interaction with the user for person p, tnn is a time of non-interaction,

and pin is a person interacting with a robot. ∃d(∃(p))> 1 and ∃i > 1 are the decrease rate

and increase rate of the curiosity score, and ∋max is a maximum value for the curiosity. We

design the curiosity decrease rate ∃d(∃(p)) to be dynamic; the rate slows down for users

expressing strong interest, allowing for extended interaction. Decisions for state change

unfold at two key points: when changes occur in the observation or when a person of in-
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Extroverted and agreeable

Introverted and disagreeable

Minions Lion (from Wizard of OZ)

Scrooge (from Christmas Carol) Spock (from Startrek)

Standstill Cross arms Look around

Hide away Standstill Cry

Wave hand big

Wave hand big Teasing

Reading a book Push away Cross arms

Attract to come closer

Attract to come closer

Hide away Cross arms

Figure 4.4: Demonstrations of the system. The first and second rows demonstrate the
personality-based persona interaction, while the third and fourth rows demonstrate the
character-based persona interaction. The emojis on the top indicate the facial expression
that is displayed on the robot’s screen. The caption under each image denotes the motion
name.

terest changes. The person of interest, which denotes a person that the robot is to interact

with, is defined as a person with a maximum curiosity in the scene pin = argmaxp ∃r(p).

Then, the next state s⇓ is predicted by the behavior database T (s⇓|s,o(pin)), with the cur-

rent state s and the observation from the person of interest o(pin). Finally, to face the

user while interacting with them, we also obtain the person’s heading direction )pin with

respect to the robot frame. The information about the next state and the heading direction

is then transferred to the action library to display the robotic action.
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4.3.5 Action Library

The system is built upon a pre-built action library, where each state maps to specific

joint trajectories and facial expressions. The action library module expresses the motion

and facial expressions chosen from the behavior selection engine. Facial expressions are

directly displayed on the screen as emojis. The robot’s motions are obtained from a ro-

bust motion retargeting pipeline that is described in [132] where human-we recorded the

demonstration of the desired motion suitable for human-robot interaction scenarios. For

the robots to face the user in the correct direction, we gave variants in the yaw direction

at the waist. We have added yaw variants )w ↔ {↘!
3 + !·i

9 }6
i=0 at the waist joints to the

original motion with the collision handling process for every motion. This process results

in 13′7 = 91 motions in the library. We map the robot’s yaw to the user’s closest orien-

tation during the runtime. For the inbetweening trajectories for each motion, we utilize

an optimization-based method aware of position and velocity limits. Each transition tra-

jectory is defined to span from a second interval of every motion trajectory to the start of

the next trajectory.

4.3.6 Persona-Based Design Outcomes

The snapshot of robotic behaviors based on various personas is illustrated in Fig-

ure 4.4. In the top row, the robot demonstrates an extroverted and agreeable persona

(based on personalities) through open and engaging body language, as indicated by the

come hither beckoning and waving hands. In the second row, the robot adopts an intro-

verted and disagreeable persona, characterized by a less engaging body language, with

arms crossed and hiding from the interaction partner. In the third and fourth rows, the

robot embodies film characters—the playful yet mischievous Minions and the Cowardly
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Lion from “The Wizard of Oz,” characterized by timid and fearful actions such as hiding

or crying. The final rows feature the robot mirroring the personas of Scrooge from “A

Christmas Carol” and Spock from “Star Trek,” where Scrooge is represented with irate

gestures, and Spock is depicted with keeping a neutral face to express an emotionless

character. Additional visual materials, including video demonstrations and figures of the

generated behavior database, are available on the project’s webpage.

4.4 Experiments for Persona-Embedded Non-verbal Interac-

tion System

We conducted a human-subjects study to investigate the capabilities of the proposed

method in representing the persona. Our main question is whether our system enabled

users to distinguish robot’s personas while considering the effects of persona-based in-

teractions on user experience and engagement. Throughout the experiment, we aim to

examine the hypothesis that the system will enable users to identify the robot’s persona.

4.4.1 Experimental Setup

The platform used in this work is the Ambidex [133], a tendon-driven mechanism

consisting of a head, waist, and two arms. The robot features 32 degrees of freedom:

12 in the waist and 10 in each arm, which allows for enhanced expressiveness in non-

verbal communication through body language. A screen that forms the head of the robot

displays the robot’s facial expressions. An RBGD camera placed at the robot’s top detects

the user’s body pose. The robot is encased within a transparent acrylic barrier to ensure

interaction safety. For this work, the robot was placed in the cafe in NAVER 17843, a
3https://www.navercorp.com/en/naver/1784
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space open to the public.

The experiment was conducted in two phases. In both phases, participants were asked

to freely interact with the robot for approximately a minute. Following this interaction,

participants were asked to fill out a survey (delivered in Korean). In phase 1, we first

hypothesize that there will be a significant difference in the user’s recognized person-

ality between different robot personality types (Introverted / Extroverted, Agreeable /

Disagreeable), (H1). The robot was show-cased with a personality-based persona to ex-

amine this hypothesis. We have chosen extroversion and agreeableness dimensions from

the Big Five personality traits [134], as those two dimensions in building a social net-

work [135], a key factor in building captivating personas in the engagement scenario. To

keep the experimental procedure as short as possible for each participant (as we were

surveying people who were passing by), we opted to use 1-item scale for each personal-

ity trait that is rated on continuous scale from 0 to 100. Four different personas created

from two levels of each factor were used: extroverted and agreeable, introverted and

agreeable, extroverted and disagreeable, and introverted and disagreeable. In prompting

a large language model, the term “cooperative” was specifically chosen over “agreeable”

for prompt engineering to model behavior more effectively in scenarios requiring ac-

knowledgment and interaction. A between-subjects study with 52 participants (gender:

M=26, F=26, ages: 21-57) was conducted where the participants were asked to answer

a questionnaire after interacting with the robot having one of the persona. S1: Score the

extroversion of the robot (Introverted - Extroverted) S2: Score the agreeableness of the

robot (Disagreeable - Agreeable) S3: What is your overall satisfaction of the interaction.

During the second phase of our study, we conducted observational studies on user

perceptions as they interacted with the robot by measuring the classification accuracy of

personas. The robot was endowed with four distinct personas based on fictional movie
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characters, including: Ebenezer Scrooge from A Christmas Carol [136], a Minion from

the Despicable Me and Minions franchise [137], The Cowardly Lion from The Wizard

of OZ [138], and Spock from the Star Trek franchise [139]. We recruited 108 partici-

pants (gender: M=47, F=63, ages: 20-53) to participate in this between-subjects study,

where the personas were randomly assigned to participants with equal numbers. Partic-

ipants were asked to interact with the robot and answer three questions in the following

order: S4: List keywords that describe the robot’s personality or behavior. S5: Which of

the following characters does the robot’s behavior seem to be most similar to? (multiple

choice: The Cowardly Lion from The Wizard of OZ, A Minion from Despicable Me,

Ebenezer Scrooge from A Christmas Carol, Captain America from The Avengers, Sloth

from Zootopia, Spock from Star Trek) S6: Rate how well the robot imitates the personal-

ity of the character you selected in the previous question. We also provided a brief sum-

mary of each character’s personality to help users understand the character mentioned in

the choices4.

4.4.2 Human Subject Study Results

Personality Persona To test hypothesis 1 (H1), we conducted a two-way repeated-

measures MANOVA on the results obtained from user survey questions S1 and S2 with

+ = 0.05. These questions measure the dependent variables of extroversion and agree-

ableness scored by users for a specific displayed persona and are denoted here as the

E-score and A-score, respectively. The persona is generated on the two different axes

of personality we studied: extroversion and agreeableness. We observed that the users

could recognize both extroversion and the agreeableness of the robot, as shown in Fig-
4This research was carried out with ethics approval from the ethics review board of Korea University

under proposal KUIRB-2024-0069-01.
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Figure 4.5: Results from survey phase 1 with questions S1 and S2. (a) E-score of ex-
troverted factor and A-score of agreeable factor. (b) E-score of extroverted persona with
agreeable persona. (c) A-score of agreeable persona with extroverted persona. Agr., Dis.,
Ext., and Int. denote agreeable, disagreeable, extroverted, and introverted personas, re-
spectively. * as 0.01 < p < 0.05, ** as p < 0.01, and *** as p < 0.001. The error bars
represent 95% confidence intervals.

ure 4.5-(a). The measured E-score shows a significant difference between extroverted and

introverted persona (F(1,48) = 17.27, p < 0.001, partial .2 = 0.265). In addition, the

persona based on agreeableness resulted in a significant difference in the A-score of the

robot (F(1,48) = 35.40, p < 0.001, partial .2 = 0.424). No significant interaction effect

was detected. We observed that the users feel extroverted robots are more agreeable and

vice versa, as shown in Figure 4.5-(b), (c). This resembles the previous findings from

personality-based robots and psychology that extroversion and agreeableness are often

positively correlated [140, 141]. In analyzing the satisfaction of the interaction (S3), we

conducted a two-way ANOVA and observed significant differences between agreeable

and disagreeable personas (F(1,48) = 4.799, p = 0.033, partial .2 = 0.091); users re-

ported being more satisfied when interacting with agreeable personas. The facial expres-

sions displayed by the robot helped users understand the context of the motions, but we

failed to find a significant impact of using facial expressions during pilot studies.
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Figure 4.6: Impact of facial expression. (a) extroversion score of extroverted persona
factor with face factor. (b) Agreeableness score of agreeable persona factor with face
factor. * denotes 0.01 < p < 0.05, ** denotes p < 0.01, and *** denotes p < 0.001.

Ablation Studies in Facial Expression We conducted ablation studies in the survey 1

phase without using facial expressions. As the emojis were displayed on the screen, we

had to check whether facial expressions played a significant role in identifying the per-

sona than body motion. We have recruited an additional 16 participants (gender: M=8,

F=8, ages: 25-61) who were asked to fill in the same questionnaire in survey one after

interacting with a random persona-equipped robot that does not have a facial expression.

To analyze the data, we employed a 2-way MANOVA, focusing on three key factors: the

extroversion and agreeableness of the robot’s persona, and the presence or absence of

facial expressions. The analysis revealed that the interaction effect between the facial ex-

pression condition and the extroversion persona, in terms of extroversion scores, was not

statistically significant (F(1) = 0.855, p = 0.329, with a significance level + = 0.05).

Similarly, the interaction effect between the facial expression condition and the agree-

able persona, in terms of agreeableness scores, also failed to reach statistical significance

(F(1) = 1.237, p = 0.270, with a significance level + = 0.05). Consequently, our study

did not find a significant difference attributable to the presence or absence of facial ex-

106



Figure 4.7: Classification Confusion Matrix for the character-based persona representing
the characters Cowardly Lion (LO), Minion (MM), Scrooge (SC), Spock (SS), Sloth (SZ),
and Captain America (CA), respectively.

pressions in persona identification.

We analyze the result with 2-way MANOVA with three factors: extroversion, agree-

ableness of the robot’s persona, and the existence of facial expressions. The interaction

effect between facial expression condition and extroversion persona of extroversion score

was (F(1) = 0.855, p = 0.329 with + = 0.05). The interaction effect between facial ex-

pression condition and agreeable persona of agreeableness score was (F(1) = 1.237,

p = 0.270 with + = 0.05). We have failed to examine a significant difference between

the existence of facial expression conditions.

Character Persona We measured the classification accuracy among characters based

on user responses to survey questions S5 and S6 to examine how accurately users can

identify each persona. We have observed that the participants could successfully identify

the correct movie character with an average accuracy of 76.7%, 4.6 times higher than

random guess (16.7%). The confusion matrix for classification is shown in Figure 4.7,
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where we have adjusted the user’s fitting score obtained from the survey question S6. The

confusion matrix Ti j is defined as

Ti j =
∀k

(
s f (k) ·1(ck = ci) ·1(gk = c j)

)

∀k
(
s f (k) ·1(gk = c j)

) (4.6)

where k is an index of a participants, s f (k) as a fitting score observed from S6, ck as a

chosen character from S5, and gk as a persona shown to the participant k. We observe that

users could successfully identify the Cowardly Lion from The Wizard of OZ, Minions, and

Scrooge characters with great accuracy. However, participants appeared to misclassify the

character of Spock with Scrooge (0.39). Two participants who interacted with the Spock

persona mentioned that the robot’s firm and blunt behavior with a neutral face leads users

to feel that the robot is “grumpy”, making it easily confused with Scrooge.

Qualitative Result From S4, the users were asked to mention the keywords associated

with each persona before answering S5. Again, the survey was conducted in Korean; the

keywords are the closest translations available. Table 4.2 describes the top-three men-

tioned keywords for each character. Participants attributed traits matching each charac-

ter’s known qualities: “shy” for the Cowardly Lion, “playful” for the Minions, “angry”

for Scrooge, and “indifferent” for Spock. These keywords from S4 indicate that users

accurately perceive the unique characteristics of persona-driven robots.

Throughout the detailed comments, we observe that most participants could under-

stand the context of the behavior. One participant commented that “Judging by the con-

stant peek-a-boo, [the robot] seemed like a friend with a strong sense of playfulness.

Also, since it appeared to yawn when we didn’t move, it seemed to get bored quickly if not

engaged, representing a mischief character.” after interacting with the Minion persona.
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Persona Keywords

Lion from Wizard of OZ Shy, Coward, Defensive

Minions Naughty, Active, Playful

Scrooge from Christmas Carol Angry, Aggressive, Dislike others

Spock from Startrek Pococurante, Blunty, Cynical

Table 4.2: Top 3 mentioned keywords for each persona from survey question 4 (S4).

More than half of the participants (15 out of 27) who interacted with Minions persona

commented positively about active engagement and playful character. We also observed

that some participants created their own stories of the show, inducing a new interpretation

of their behaviors. For the cowardly lion persona, one participant commented that “The

robot seemed to interpret the action of waving arms as an act of aggression, taking a

defensive posture and shedding tears as if it was afraid of humans.”. However, another

user reported that “It is impossible to understand the message it is trying to convey, and

I am not feeling the interaction.” after interacting with Spock, pointing out the lack of

interpretability in unexpressive behaviors.

4.5 Discussion

Throughout our user studies, we have shown that the participants could successfully

recognize and distinguish the robot’s persona in both personalities in Section 4.4.2 (52

participants) and characters in Section 4.4.2 (108 participants). In this section, we discuss

the lessons learned during our studies and the main limitations of our work.

109



4.5.1 Human’s Expectation Towards Robot

We found discrepancies in user expectations versus the robot’s behavior, as most

participants were expecting warm and competent robot behaviors. We observed what ap-

pears to be a major user expectation mismatch regarding disagreeable personas, resulting

in a notable decline in satisfaction levels. This trend indicates an expectation mismatch,

as participants were unprepared for disagreeable personas. Furthermore, participants ex-

pected a competent robot that could respond to users rapidly and proactively. However,

with inexpressive characters, such as the Spock persona where the robot maintained a

static state in response to users’ greetings, participants found it challenging to understand

the context of the interaction and sometimes believed the robot was malfunctioning. This

underlines the need for discreet selection of a robot’s persona or additional cues to in-

form users in addition to non-verbal behaviors representing personas that consider the

user expectations and the interaction context.

4.5.2 Anthropomorphism

We noticed a tendency among participants to anthropomorphize the robot’s actions

as participants crafted their own narratives and interpretations of the robot’s behaviors

within the presented scenarios. For instance, one participant interpreted that the robot

perceived the user’s hand waving as a threat after observing defensive motions from the

robot. Additionally, two participants noted that the robot with a playful character (Min-

ion) seemed to exhibit boredom when not greeted. We believe the users had an engaging

interaction by actively interpreting the robot’s behavior and creating their own story in

the show. This suggests that our research offers insights into how anthropomorphism

influences user engagement and perception, highlighting the significant role of user in-
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terpretation in designing interactive robots.

4.5.3 Limitations

Despite the proposed method’s capability of mimicking characters or embodying per-

sonalities, our system currently suffers from some limitations and shortcomings. Most

significantly, users reported a lack of diversity in robotic behavior for interactions that

lasted beyond a minute. The proposed system does not offer a sufficient variety of ac-

tions and observations. Furthermore, the limited number of states available for each per-

sona has resulted in users perceiving the robot as engaging in repetitive behavior. This

highlights a significant drawback to our system which should be considered in future it-

erations: added novelty and robotic behaviors for longer interactions will require a larger

observation space to detect more non-verbal cues, and a library of robot actions that

can be drawn by a more complex state machine within the behavior selection engine.

Ultimately, a state machine architecture is not preferred as its complexity increases ex-

ponentially with added states - a new method of selecting appropriate behaviors would

need to be implemented.

In addition, in group settings, we observed a delay in responding to the user’s actions;

when multiple people attempted to interact with the robot simultaneously, the robot could

not interact with all of the users simultaneously. We have seen cases where users’ curios-

ity scores decreased as the robot was still in states that responded to other participants.

A more complex turn-taking system [142] should be considered rather than a single cu-

riosity score for enhancing the interaction quality. Finally, in character-based persona

interaction, motions are not tailored to reflect the character, and there is a difference in

the appearance of the character and the robot (e.g., AMBIDEX [133] is too big to look

like Minion). These two factors contributed to participants noticing a gap between the in-
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tended character portrayal and the robot. Therefore, a review of the method for stylizing

movements and potential design modifications should be taken into account.

4.5.4 Future Directions

While the proposed system successfully realizes expressive and persona-conditioned

behaviors through a finite set of predefined motion states, this design inherently limits

the diversity and adaptability of interaction. Real human–robot interaction often requires

fluid, context-dependent motion that cannot be fully captured by a fixed motion library.

Future research will therefore explore generative approaches that synthesize novel mo-

tions conditioned on social context and multimodal cues, enabling robots to respond

more naturally and continuously to human behavior. Moving toward such generative,

foundation-model-based frameworks may allow interactive robots to transcend discrete

state transitions and achieve open-ended, expressive collaboration.
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Chapter 5

Toward a Holistic Foundation Model

for Verbal and Non-Verbal Interac-

tion

The previous chapter demonstrated how robots can leverage non-verbal expressivity

and persona-driven behavior to shape user experience. However, such systems still rely

on finite-state logic and handcrafted behavior templates. They can express motion vividly

but cannot understand the motion they produce, reason about why a user is acting a

certain way, or adapt their behavior beyond the predefined repertoire. To move toward

truly interactive agents, we now aim to transcend motion control and address motion

understanding, reasoning, and generation within a unified learning framework.

5.1 Motivations and Background

Template-based and FSM-driven systems can reproduce expressive motion, but they

fundamentally lack the capacity to generalize across new tasks, embodiments, partners,

and social contexts. A foundation model for interactive motion requires a shared multi-

modal space in which action and perception are treated symmetrically: the model should

not only generate socially coherent motion, but also interpret motion, condition motion
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Figure 5.1: Holistic multimodal interaction between humans and robots. Language and
motion are treated as bidirectional communication channels: the model interprets verbal
and non-verbal cues from the human and generates socially coherent motion responses
for the robot from a shared representation space.

on goals or relational cues, and adapt or edit trajectories as interaction unfolds. In other

words, instead of a pipeline of isolated modules, interactive motion should become a

learned and manipulable representation with both semantics and dynamics, whose social

meaning can flexibly reflect different personas, for example, the same wave, turn, or lean

may be interpreted and adapted differently for a “shy” versus an “assertive” agent.

In this chapter, we introduce a unified multimodal framework that jointly learns mo-

tion understanding, reasoning, and generation. Our model aligns language and motion

representations to support bidirectional capabilities: recognizing fine-grained interactive

behaviors from motion sequences, generating socially and physically coherent trajecto-

ries from text, and modifying or extending existing motions to satisfy new intentions

or relational constraints. Through experiments across diverse dyadic and collaborative

scenarios, including gestures, approach–avoidance dynamics, and multi-turn social ex-

changes, we show that a single model can generalize across tasks and input modalities

while producing expressive and socially aligned motion. The multimodal interaction set-

ting we target is illustrated in Figure 5.1: language and motion function symmetrically
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as both input and output signals, allowing the robot to respond with socially coherent

motion.

5.1.1 Summary of Contributions

In summary, the main contributions of this paper are threefold:

• We propose a unified framework that can simultaneously process and generate both

two-people motion and text modalities, along with a three-stage training pipeline

consisting of motion tokenizer training, pre-training for modality alignment, and

instruction tuning.

• We present a synthetic dataset, a multi-turn interactive motion-text dataset, to ad-

dress the lack of multi-turn interactive motion data.

• We introduce a new evaluation protocol to evaluate the performance of motion-

language models on complex motion interaction scenarios.

5.2 Unified Framework for Interactive Motion-Language Mod-

eling

Modeling interactive human motions stands at the forefront of advancements in robotics

and virtual reality. By capturing the subtle nuances of human communications, including

gestures, expressions, and interactive behaviors, machines can offer seamless and natu-

ral interfaces. This holistic understanding enables technology to adjust its responses and

behaviors based on the user’s physical motions and situational context, leading to more

personalized and engaging interactions.
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Motion-to-Text

User

Describe the motion

One person pats the 
other on the back with 
their right hand, who 
then turns to look.

Text-to-Motion

Generate motion where 
two people face each 
other, raise hands above 
their heads, step 
forward, and clap.

User
Motion QA

Before this scene, 
two individuals were 
having a heated 
argument.

MoLAM

User

What happened 

before this motion?

Reaction Generation

Generate a reactive 
motion

User
Motion Editing

User

Make the right person's 
motion more respectful.

Multi-turn Motion-text Conversation

User

What is happening in this motion?

First person sits on a chair. 
The other leans in, 
whispering near the first 
person's left ear.

The man standing up seems 
overly cautious. Can you 
make him appear more 
relaxed and trusting?

MoLaM User MoLaM

MoLaM MoLaM MoLaM MoLaM MoLaM

Figure 5.2: We introduce MoLaM, the Versatile Interactive Motion-language model, a
unified architecture that combines language and motion for two-person interactive scenar-
ios. The figure highlights its capabilities across various tasks, including motion-to-text,
text-to-motion, reaction generation, motion editing, and multi-turn motion reasoning, all
within a single framework.

Recent advancements in large language models (LLMs) [3–5] have demonstrated

significant potential in generating human-like text and understanding complex linguistic

interactions. They have even extended their capability to multi-modal contexts, success-

fully integrating various input sources such as images, speech, and videos [143–147].

Building upon these developments, there is a growing interest in incorporating human

(or robot) motion as a new modality [79, 81], leading to the emergence of the “motion-

language models” (MLM). However, existing approaches [70–72, 148, 149] often focus

on unidirectional tasks that handle one-way translation between text and motion, e.g.,

text-to-motion or motion-to-text, and consider only single-person motions without inter-

actions. This limitation hinders the agents’ ability to handle scenarios involving interac-

tive motions in multi-turn conversations.
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Beyond modeling single-person motions, interactive motions between two individu-

als allow the model to learn about social behavior. Modeling such interactions requires

versatility to effectively control interactions, allowing users to provide instructions, as-

sign roles, or modify behaviors. In this chapter, we aim to build a unified motion-language

model designed to generate, control, and comprehend sophisticated interactive motions.

One of the primary challenges in constructing those models is the lack of multi-turn

interactive motion data. Datasets containing motions of two individuals interacting with

each other, along with multi-turn conversational instructions, are scarce and challenging

to collect. This makes it difficult for models to learn the nuances of interactive motions

and multi-turn dynamics. To address this, we present a new interactive motion dataset,

Inter-MT2, which contains 82K samples, including various instructional scenarios about

the interactive motions in a multi-turn conversational format. We utilize large language

models to produce diverse instructions with motion captions and diffusion-based text-to-

motion models to generate corresponding interaction motions.

Building upon our Inter-MT2, we present MoLaM, an Interactive Motion-language

model designed for multi-turn conversations involving interactive motions. We pursue the

versatility of MoLaM through a unified architecture that can simultaneously input and

output both motion and text modalities. Based on the pre-trained LLMs, our training pro-

cess can be divided into three stages: (1) training of the interactive motion tokenizer, (2)

pre-training for motion and text representation alignment, and (3) instruction tuning with

Inter-MT2 to handle more complex and multi-turn instructions. This enables MoLaM to

effectively comprehend, generate, and control interactive motions, as illustrated in Figure

5.2. To evaluate MoLaM’s capabilities, we introduce new protocols that assess its per-

formance on various motion-related tasks, including motion editing and reasoning based

on contextual cues, demonstrating its versatility in complex scenarios.
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Dataset Ret. top-3 Div.

Source dataset 0.870 0.997

Generated by InterGEN 0.645 0.953

Inter-MT2 (Ours) 0.701 0.931

Table 5.1: Comparison of generated motions on text-matching ability (top-3 retrieval
precision), and motion diversity (Div.).

5.3 Inter-MT2: Interactive multi-turn motion-text dataset

In this section, we present Inter-MT2 dataset, for modeling multi-turn interactive mo-

tion of multiple humans. Previous datasets [88, 89] provide a textual description of the

motions, lack sufficient diversity in instructions, and do not include multi-turn conversa-

tions. Since they are insufficient to enable a model to understand and generate complex

interaction motions in multi-tern scenarios, we introduce Inter-MT2: Interactive Muti-

Turn Motion-Text dataset. This dataset covers a variety of interactive motion scenarios

with multi-turn conversations, diverse instructions, and spatiotemporally aligned motions

between two individuals. We enhance our dataset by generating diverse instructions from

large language models and combining motion data from existing datasets with generative

approaches to enable flexible text-to-motion modeling.

We begin with the human interaction motion and text datasets, Inter-X [88] and Inter-

Human [89], as the foundational resources for our dataset construction. To convert these

datasets into instructional datasets, we first generate multi-turn instructions with motion

captions using GPT-4o [150]. We consider the instructional scenarios as various tasks

with following text prompts, including motion editing (e.g., “Make the left person more

playful”), motion reasoning (e.g., “What happened before/after this motion?”), and story

generation (e.g., “Let’s create a story where two people are following this motion.”).
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41.7%

41.7%

16.7%

Story Generation
Motion Editing
Motion Reasoning

71.4%

28.6%

From data
Synthesized

1%
6.2%

12.4%
7.3%

17.5%
15.4%

13.8%

11.6%

14.8%

Artistic Conflict
General Move. Social Bonding
Comm. Emotions
Basic Bio. Exercise
OthersTotal Instructions: 82.7K Total Motions: 153K

(3) Motion Scenario Type(2) Motion Source(1) Instruction Type

(a) The distribution of instruction types, motion sources, and motion scenario
types, highlighting the dataset’s diversity. The type of motion scenario is clas-
sified using a large language model with motion captions.

Imagine a scene where two colleagues are in a park. One colleague, with a 
soccer ball, passes it to the other. Show me that motion.

Can you describe what happens in the continuation of their interaction 
in motion?

(b) A multi-turn interaction example where two people are playing soccer,
illustrating the dataset’s detailed motion and conversational annotations.

Figure 5.3: Statistics and data sample from Inter-MT2.
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Detailed prompt templates and the complete data collection pipeline are presented in

the supplementary materials. To guarantee high-quality caption generation, we guide the

LLMs by providing action labels from the existing datasets alongside example captions,

effectively constraining and enhancing the relevance and accuracy of the generated cap-

tions. Subsequently, we utilize a state-of-the-art diffusion-based text-to-motion model,

InterGEN [89], to synthesize interactive motions that align closely with these generated

captions.

Our pipeline creates samples in two ways. First, starting with a dataset motion, we

generate a caption and instruction and then use InterGEN [89] to synthesize a matching

motion, yielding both the original and synthesized motions with the instruction. Alterna-

tively, we generate two captions and instructions to synthesize two motions, producing

samples entirely from synthesized motions. This method blends data-sourced and gener-

ative motions for reliable interactive motion modeling. Overall, we collected 82K multi-

turn conversations, including 96K synthesized and 56K real motions. Figure 5.3 shows

statistics and samples from our Inter-MT2, where motion scenarios are classified using a

large language model with motion captions.

To assess the quality and diversity of the generated motions and their alignment with

texts, we evaluate our dataset using the text-motion matching score and diversity metric of

our dataset, as shown in Table 5.1. Pre-trained retrieval models [151] assess the alignment

between motions and captions, with additional details in the supplementary material. Our

dataset achieves a top-3 retrieval precision of 0.701 (the precision of the source dataset

of the retrieval model is 0.870), showing good alignment, which slightly surpasses the

matching performance of the synthesized dataset created by the state-of-the-art motion

generation method, InterGEN [89]. Additionally, our dataset exhibits robust diversity

similar to the source dataset. These results indicate that despite our multi-turn interactive
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MoLaM: Interactive Motion-Language Model

One person is 
punching the 
second person

Make the second 
person more 
aggressive

What is 
happening in 
this motion?

Text token Interactive motion token

Figure 5.4: An overview of MoLaM, illustrating its capability to flexibly process and
generate interactive motions and texts in an auto-regressive manner. We omit the motion
tokenizer, which converts raw motion sequences into discrete motion tokens, for clar-
ity. MoLaM covers versatile motion tasks involving both motion and textual modalities
across multiple conversational turns.

motions and captions being synthetically generated, their quality closely approximates

that of real-world datasets.

5.4 MoLaM: Interactive Motion-Language Model

In this section, we introduce MoLaM, a versatile interactive motion-language model

that processes multi-turn conversations with both language and two-person interactive

motions as inputs and outputs. First, we will explain our design choices for the model

architectures, followed by a detailed description of the training methodologies.

5.4.1 Notations

We denote an interactive motion from two individual a and b as {ma,mb}, follow-

ing non-canonical representation in [89] based on SMPL-X structure [152] with M as

a motion length. At each motion time step i, the motion representation is defined as:

mi = [jp
g , jv

g, jr,c f ], where jp
g ↔ R

3Nj is the global joint positions, jv
g ↔ R

3Nj is the global

joint velocities, jr ↔ R
6Nj is 6D representation of local rotations with Nj joints, and
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Figure 5.5: Tokenization of interactive motions.

c f ↔ R
4 is binary ground contact features. We train a motion-language model p) that

jointly models text and motion data. The model processes the input (user instructions or

context) and output (machine responses), effectively integrating both modalities.

Motion tokenizer encodes the interactive motion into discrete residual tokens in depth

D, based on latent vector z.

RQ(zi;C ,D) = (ki
1, · · · ,ki

D) ↔ [K]D (5.1)

where C is the codebook, K = |C|, D is a depth, and ki
d is code of z at timestep i with

depth d.

5.4.2 Architecture

Our architecture for modeling and generating interactive motions consists of three

primary components: motion tokenizer, large language model (LLM), and motion de-

coder. This design allows for the integration of both motion and text data within a unified

framework. The overview of MoLaM’s architecture is shown in Figure 5.4.
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To enable the LLM to interpret interactive motions, we first tokenize the motion se-

quences. We utilize RQ-VAE [153] as a tokenizer to reduce the information loss dur-

ing the quantization, similarly to the approach in MoMask [72]. The motion encoder

EM applies 2D convolutions to motion features along the time axis, converting motion

pairs {ma,mb} into latent vectors {z1:L
a ,z1:L

b }, L = M/l with down-sample rate l. Each

latent vector zi is quantized into an ordered set of D discrete codes, RQ(zi;C ,D) =

(ki
1, · · · ,ki

D) ↔ [K]D, where C is the code book with K = |C |, and ki
d is the code of z

at timestep i and depth d. These tokens, combined with special tokens indicating the

start and end of motions, constitute the motion vocabulary. For text inputs, we utilize a

standard text tokenizer compatible with the LLM.

Subsequently, the quantized tokens are provided to the LLM block, which serves as

the central processing component. In this work, we initialize MoLaM with the pretrained

LLaMA-3.1-8B [4]. The motion vocabulary and text vocabulary of the LLM are inte-

grated into a unified vocabulary, allowing the model to to efficiently process and gener-

ate both modalities. Interactive motion is represented as Xm = {k1;a
1:D,k

1;b
1:D, · · · ,k

L;a
1:D,k

L;b
1:D},

where Xm denotes the motion sequence encoded in the unified vocabulary, and ki;a
1:D ↔ [K]D

is the i-th token of motion a.

Finally, to visualize the generated motion tokens, we use the motion decoder of the

RQ-VAE. The decoder projects the quantized features ẑi = ∀D
d=1 e(ki

d), converting them

back into motion sequences.

5.4.3 Training

We describe the training strategy in MoLaM, to convert a language model into an

interactive motion-language model.
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Motion Tokenizer The motion tokenizer consists of an encoder, decoder, and quan-

tizer. We followed the original objective functions from [153], minimizing the recon-

struction loss, the codebook loss to align the encoder’s outputs with the codebook, and

the loss of commitment to ensure the consistency of the encoder. After training the en-

coder and decoder, we freeze their parameters throughout the rest of the training stage.

The interactive motion token sequence is represented as Xm = {k1;a
1:D,k

1;b
1:D, · · · ,k

L;a
1:D,k

L;b
1:D},

where Xm is a sequence of motion represented in unified vocabulary and ki;a
1:D ↔ [K]D is

the i-th token of motion a. In particular, the motion token is represented as below:

Xm = {<motion token start>,

<motion token a start>, k1;a
1 , · · · ,k1;a

D , <motion token a end>,

<motion token b start>, k1;b
1 , · · · ,k1;b

D , <motion token b end>,

· · ·

<motion token a start>, kL;a
1 , · · · ,kL;a

D , <motion token a end>,

<motion token b start>, kL;b
1 , · · · ,k:;b

D , <motion token b end>,

<motion token end}

where <motion token start>, <motion token a start>, <motion token b start>,

<motion token a end>, <motion token b end>, and <motion token end> is a spe-

cial token added to the unified vocabulary. For modeling single-motion in pre-training

we omitted the input string about motion token b.

Pre-training for Cross-modal Motion-Text Alignment The goal of this stage is to

enable the large language models (LLMs) to process and generate interaction motion
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tokens effectively. To achieve this, we continuously pre-train LLMs using paired interac-

tion motion-text datasets, such as Inter-X [88] and InterHuman [89], across various tasks

including motion-to-text, text-to-motion, motion prediction, and reaction generation.

For each task, we construct sequences y that combine motion sequences with their

corresponding captions and train with a next-token prediction objective L =↘ log∀T p) (yi|y<i).

To improve training efficiency, we employ LoRA adaptor [110], similar to [143], and

merge its parameters to the LLM backbone. Furthermore, due to a limited number of

interactive motion data, we also leverage a subset of single-person motion-text datasets

from Motion-X [154]. This additional single-person data offers prior knowledge of how

the individual motions are described in language, enhancing the model’s ability to align

motions with textual descriptions.

Instruction-tuning with Inter-MT2 Data In this stage, we aim to enhance the model

to extend beyond understanding and generating single-turn interaction motions and fo-

cusing on handling diverse and complex instructions presented through multi-turn con-

versational scenarios. Similar to the pre-training stage, We adopt a next-token prediction

training objective for training. The instruction-tuning sequences are composed of user

interactions paired with corresponding responses, integrating tokens from a unified vo-

cabulary that covers texts, motions, or both modalities. We also leverage the Inter-MT2

dataset along with single-turn interaction data from existing motion datasets [88, 89],

formatted according to the instruction template of [78].
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5.5 Experiments for Motion-Language Model

In this section, we evaluate the effectiveness of MoLaM, particularly focusing on its

capability to accurately understand and generate interactive motions in complex, multi-

turn conversational scenarios involving both motions and text modalities. To extensively

validate our approach, we compare MoLaM against several specialized baseline meth-

ods, each explicitly designed for individual tasks. This allows us to understand the per-

formance and versatility of MoLaM. Additionally, we investigate the contribution and

effectiveness of our proposed dataset, Inter-MT2, showing how it enhances MoLaM’s

ability to process and generate interactive motion and texts. We also provide qualitative

video results generated by MoLaM in the supplementary material.

5.5.1 Evaluation Tasks and Baselines

Motion Reasoning We introduce a motion reasoning task to validate the model’s abil-

ity to comprehend interactive motions and text queries. Motion reasoning involves pre-

dicting past or future events, or reasoning about current motions, based on prior conver-

sational data. This task requires the model to understand the context of the conversation,

interpret how the given interactive motion fits within that context, and adjust its reasoning

accordingly. We utilize LLMs-based evaluator, specifically GPT-4o [150], to assess the

content alignment, naturalness, and logical coherence of the generated textual responses.

Content alignment evaluates how accurately the text reflects the given interactive mo-

tions, logical coherence checks the consistency and reasoning accuracy of inferences

made about past or future events, and naturalness evaluates the fluency of generated texts,

with rating each metric on a 10-point scale. Additionally, we employ linguistic metrics,

such as METEOR [155], and MAUVE [156] to quantitatively evaluate relevance and flu-
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ency against 2002 labeled samples from the Inter-MT2 test set. We present the results on

motion reasoning in §5.5.2.

Motion Editing In the motion editing task, the model modifies the given motion based

on a person’s persona or scenario, e.g., emotions or relationship dynamics, which adds

complexity as changes in one individual affect the other’s motion. Unlike single-person

motion editing [76,77], the task that edits interactive motions should consider preserving

contextual coherence and social dynamics. We evaluated the methods on 1445 samples

from the Inter-MT2 test set. In a within-subject user study (following [76]), 30 partic-

ipants each rated five samples (from 30 randomly selected tests) on content similarity,

instruction alignment, and motion quality using a 5-point Likert scale. Content similarity

evaluates whether the edited motion preserves the original meaning of the source mo-

tion, while instruction alignment assesses how accurately the edited motion follows the

given command. Participants compared our method against four baselines by review-

ing randomly shuffled motion outputs. Additionally, we measured performance using

data-driven metrics, Frechet Inception Distance (FID), and mean per joint position er-

ror (MPJPE), against the labeled motions in the Inter-MT2 test set, following [76]. The

results are detailed in §5.5.3.

Traditional Motion Relevant Tasks We further evaluated our method on three tradi-

tional interactive motion tasks: motion-to-text, text-to-motion, and reaction generation,

using the combined test sets from InterHuman [89] and Inter-X [88]. Text-motion match-

ing is assessed via top-3 retrieval precision (batch size 32) in the retrieval models’ feature

space [151]. Motion quality is measured by the Frechet Inception Distance (FID) and the

accuracy of reaction motions is measured by mean per joint position error (MPJPE) in
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meters. Detailed results are in §5.5.4.

Baselines Since our interactive multi-turn scenarios and tasks, including interactive

motion reasoning and motion editing, are novel, there is no exact comparison method.

We compare our method against reasonable baselines that handle both motion and texts

as input and output.

• Two-stage approach. We leverage off-the-shelf LLMs and motion-to-text meth-

ods. For the motion reasoning task, we convert motions to text via the state-of-the-

art motion-to-text model, TM2T [70] and then apply large language models (GPT-

4o [150], LLaMA-3.1-8B [4]). For the motion editing task, we first convert the

given motions into text descriptions using TM2T, and we concatenate the motion

description with editing command texts. We then put the texts to InterGEN [89] to

generate modified motions.

• Extending unified single-human motion model. We adopt a single-human motion-

language model, MotionGPT [78], for interactive motions. We consider three vari-

ations: (1) MotionGPT↑: a modified MotionGPT fine-tuned on interactive mo-

tion data; (2) MotionGPT↑
I : MotionGPT↑ enhanced with Inter-MT2 dataset; (3)

MoLaM w/o Inter-MT2: our method fine-tuned with instruction templates, but

without Inter-MT2 data.

• Motion generation baselines. For traditional motion tasks, we benchmarked against

interactive motion generation methods, ComMDM [92] and InterGEN [89], and a

single human motion generation model, MoMask↑ [72].
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Methods LLM-Assisted Linguistic Metrics

Coh. △ Align. △ Nat. △ METEOR MAUVE

two-stage approach

TM2T + LLaMA-3.1 3.852 3.050 6.348 0.226 0.009

TM2T + GPT-4o 4.266 3.455 6.790 0.227 0.019

unified approach

MotionGPT↑ 1.855 1.303 3.574 0.096 0.005

MotionGPT↑
I 3.690 3.160 5.291 0.218 0.417

MoLaM w/o Inter-MT2 2.770 2.141 4.968 0.145 0.004

MoLaM (Ours) 5.252 4.511 6.981 0.260 0.794

Table 5.2: Evaluation on Motion Reasoning task with Inter-MT2 test set. Coh., Align.,
and Nat. denote logical coherence, content alignment, and naturalness, respectively. Bold
indicates best performance and underline denotes the second best performance.

The current motion is                     Can you tell me what happened before?

 Before this scene, the first person received a wristwatch as a gift 
and extended their arm for the second person to adjust it.

The next scene is                             Explain the reason for this motion.

MoLaM (Ours) TM2T + GPT-4o TM2T + LLaMA3.1—8B
After the first person finished 
adjusting the wristwatch, the first 
one might acknowledge the help 
and show their respect to the 
second person. …

The squatting motion could be 
part of a game or playful exercise 
routine. This activity might be 
intended to strengthen their leg 
muscles …

The two people are playing a game 
of squatting down. This could be a 
playful way for the second person to 
help the first person stretch their legs 
….

Figure 5.6: Generated samples for interactive motion reasoning task. This example shows
how MoLaM explains behaviors and their motivations, demonstrating a deeper under-
standing of scenarios by incorporating context from prior interactions.

5.5.2 Motion Reasoning

In the motion reasoning task, conversations about two interactive motions are exam-

ined to assess the model’s ability to deduce past or future events and comprehend the
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Figure 5.7: User subject study results for motion editing. We plotted the difference only
in a post hoc pairwise comparison of the proposed method. * as 0.01 < p < 0.05, ** as
p < 0.01, and *** as p < 0.001. The error bars represent 95% confidence intervals.

motivations driving the motions. The experimental results in Table 5.2 demonstrate that

our unified model, MoLaM, outperforms baselines across all LLM-assisted and linguis-

tic metrics. Specifically, MoLaM achieves improvements with performance increases

exceeding 1.9 points in logical coherence, 1.1 points in content alignment, and nearly 0.2

points in naturalness compared to the best two-stage model.

The improved performance of our unified model, MoLaM, over two-stage approaches,

appears to result from two key factors: error accumulation and interpretation ambiguity.

Two-stage models can carry over errors if the motion captioning step is inaccurate, under-

mining content alignment and coherence. In contrast, our unified architecture integrates

motion encoding and reasoning in a single framework, minimizing error propagation.

Moreover, a single caption may not fully capture multiple interpretations of the same

motion, compromising context accuracy in two-stage setups. Our unified approach, how-

ever, accounts for these varied interpretations to generate more contextually precise out-

puts. Figure 5.6 shows its ability to dynamically adjust interpretations and responses by

incorporating context from previous conversations.
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Methods FID ▽ MPJPE ▽

two-stage approach

TM2T + InterGEN 0.110 0.811

unified approach

MotionGPT↑ 0.251 4.002

MotionGPT↑
I 0.161 3.982

MoLaM w/o Inter-MT2 0.080 0.908

MoLaM (Ours) 0.064 0.758

Table 5.3: Quantitative results in motion editing task.

5.5.3 Motion Editing

We aimed to validate the hypothesis that users perceive interactive motions edited by

our proposed method as more content-consistent, better aligned with instructions, and of

higher overall quality. To investigate this, we conducted a user study and analyzed the

results using repeated-measures multivariate analysis of variance (MANOVA). The anal-

ysis revealed significant effects of the method on user perception across all evaluated di-

mensions; F(4) = 4.591, p = 0.002,.2 = 0.137 for content similarity, F(4) = 7.134, p =

0.000,.2 = 0.197 for instruction alignment, and F(4) = 4.781, p= 0.001,.2 = 0.142 for

motion quality, with all + = 0.05. The estimated marginal mean of the rated score is re-

ported in Figure 5.7. The results show that the proposed method had better alignment,

quality, and consistency of instruction in other baselines with significant differences.

During post-hoc pairwise comparisons, MoLaM significantly outperforms the two-

stage model (TM2T [70] with InterGEN [89]) in terms of content similarity (p = 0.017)

and instruction alignment (p = 0.010). The two-stage model had lower content similar-

ity due to motion-to-text conversion errors causing unintended motions. It also struggled
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MoLaM (Ours) MoLaM w/o Inter-MT2 MotionGPT*
I TM2T + InterGEN

MoLaM (Ours) MoLaM w/o Inter-MT2 MotionGPT*
I TM2T + InterGEN

One person circles around the other 
person, like [source motion].  Let's 
make the person who is circling 
seem more focused and strategic.

Two friends meet after a long time 
and greet each other like [source 
motion]. What if one of the friends 
becomes overly touched upon 
meeting the other friend?

[source motion]

[source motion]

Figure 5.8: Generated samples for interactive motion editing. The proposed method ex-
cels in capturing nuances, outperforming alternatives in content similarity and instruction
alignment.

with instruction alignment since InterGEN was trained to generate motions from tex-

tual descriptions, limiting its adaptability. In contrast, our unified framework avoids error

accumulation and, trained on diverse instructions, demonstrates superior reasoning and

adaptability for accurate motion editing and generation. Compared to MoLaM w/o Inter-

MT2, our model significantly improves content similarity (p = 0.010) and instruction

alignment (p = 0.001), suggesting that excluding Inter-MT2 data hinders motion con-

trol. It also outperforms MotionGPT↑
I in all metrics, indicating that the baseline’s VQ-

based tokenizer struggles to capture precise relative joint positions in two-person motion.

Further ablation studies on the motion tokenizer are provided in the supplementary ma-

terials. Quantitative evaluations using data-driven metrics, specifically FID and MPJPE

(Table 5.3), further confirmed the superiority of our method over baseline methods, con-

sistent with user study results. Examples of generated edited motions are illustrated in

Figure 5.8.

5.5.4 Traditional Motion Related Tasks

In this section, we conduct comparison experiments on existing motion-relevant tasks,

such as motion-to-text (M2T), text-to-motion (T2M), and reaction generation. The de-

tailed results are in Table 5.4. The first row (“Real”) shows retrieval accuracy, and FID
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Methods
M2T T2M Reaction Gen.

R Top3 △ R Top3 △ FID ▽ MPJPE ▽ FID ▽

Real 0.867 0.869 0.00 - 0.00

task-specific approach

TM2T↑ 0.696 0.534 0.300 - -

MoMask↑ - 0.612 0.066 1.602 0.112

ComMDM - 0.251 0.304 - -

InterGEN - 0.645 0.078 - -

unified approach

MotionGPT↑ 0.494 0.328 0.123 3.444 0.355

MotionGPT↑
I 0.503 0.331 0.118 1.436 0.380

MoLaM w/o Inter-MT2 0.894 0.561 0.082 0.984 0.031

MoLaM (Ours) 0.901 0.568 0.059 0.691 0.019

Table 5.4: Comparisons for three motion-related tasks on Inter-X and InterHuman
datasets. M2T denotes motion-to-text, T2M for text-to-motion, and Reaction Gen. for
reaction generation.

scores from the dataset labels. Note that both MoLaM w/o Inter-MT2 and MotionGPT↑

were trained on all of these tasks for fair comparison. The results confirm that incorpo-

rating Inter-MT2 dataset enhances the model’s performance in traditional motion tasks,

by comparing with MoLaM w/o Inter-MT2.

For M2T, Top-3 retrieval accuracy improved from 0.894 (MoLaM w/o Inter-MT2)

to 0.901 (MoLaM). For T2M, it rose from 0.561 to 0.568, with FID dropping from 0.082

to 0.059, indicating better motion generation. For reaction generation, MPJPE decreased

from 0.984 to 0.691 and FID from 0.031 to 0.019, highlighting the benefits of multi-turn

datasets for motion comprehension and generation. We believe that Inter-MT2 dataset

provides diverse, context-rich examples, helping the model learn more nuanced relation-
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ships between text and motion.

In addition, we compared MoLaM against task-specific methods, each optimized

individually per each task. Note that the methods marked with an asterisk (*) were orig-

inally designed for single-motion tasks and were trained on interactive motion data for

our evaluation. MoLaM outperforms these specialized models in motion-to-text (M2T)

and reaction generation tasks, achieving higher retrieval precision accuracy and lower

MPJPE and FID scores. In the text-to-motion task (T2M), MoLaM achieves a compa-

rable performance against the state-of-the-art task-specific models, including InterGEN

and MoMask↑, highlighting the ability to generate high-quality interactive motions.

5.5.5 Generating Multi-Human Motions

Generate interactive motions where three people are engaging 
with each other while chatting

Figure 5.9: Expanding MoLaM to generate multiple human motions. For clarity, we sim-
plified the incremental process, where MoLaM first generates a two-person motion and
adds a third person to it.

Interestingly, the versatility of MoLaM allows it to generalize beyond two-person

interactions without explicit fine-tuning on multi-person interactive data. Specifically, we

first generate motion for a pair of individuals based on the given text description, and then

the motion of additional participants is synthesized while conditioning on the pre-existing

interactions. This approach ensures that the newly generated motions remain coherent
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and contextually appropriate within the evolving group dynamics. By leveraging prior

turns, MoLaM seamlessly integrates the new figure’s movements, as shown in Figure 5.9.

Since our method is agnostic to the number of people, it can readily extend to groups or

crowds, provided interactive multi-person data is available.

5.6 Discussions

In this chapter, we introduced MoLaM, a versatile motion-language model designed

to understand, generate, and reason about interactive motions. We presented the detailed

architecture and training strategy of our unified framework, which integrates large lan-

guage models with interactive motion modality. To further enhance the model’s reasoning

capabilities and applicability, we presented a specialized dataset, Inter-MT2, which incor-

porates a variety of reasoning tasks set within multi-turn conversations centered on inter-

active motions. Our comprehensive experiments demonstrated that MoLaM successfully

handles instruction-following, motion editing, and motion reasoning tasks, highlighting

its capability to effectively interpret and generate contextually accurate interactive mo-

tions.

5.6.1 Limitations

The expressiveness of our models remains limited when handling complex or previ-

ously unseen actions, indicating a need for further diverse motion source data in its ability

to generalize across diverse motion scenarios. In addition, the sequence length becomes

excessively long as we flatten the residual motion tokens, which can impact efficiency

and computational resources. Leveraging additional transformer models to predict the

residual token can reduce this work. Lastly, our method faces challenges in personal-
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ization and interpretability, as motion is inherently ambiguous and users may interpret

the same motion in different ways. Addressing this issue will require incorporating more

tailored approaches that adapt to individual user preferences and expectations through

further human-in-the-loop feedback and refinement processes.

5.6.2 Future Directions

A promising direction is to deploy the proposed framework on real humanoid robots

to achieve fluid and context-aware interactive behaviors in physical environments. Real-

world embodiment would allow the model to not only generate motions but also close

the perception–action loop through real-time sensory feedback and social interaction.

However, the current framework remains computationally heavy and slow for on-board

deployment, limiting its use to offline or scripted scenarios. Future work will therefore

focus on improving model efficiency—through lightweight adaptation, motion compres-

sion, and hierarchical control interfaces—so that interactive foundation models can op-

erate in real time on physical humanoid platforms while maintaining expressivity and

safety.
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Chapter 6

Conclusion

This dissertation has aimed to take a step toward foundation models for multimodal

reasoning in human-centered robot behavior: models that treat language, perception, and

motion as coupled channels for understanding and shaping how robots act around peo-

ple. Rather than proposing a single, universal model, the work has focused on concrete

instances in which multimodal reasoning already makes a qualitative difference for inter-

action, from clarifying ambiguous instructions to expressing intent through motion, and

ultimately to reasoning jointly over language and trajectories in a shared space.

6.1 Summary

This dissertation began by framing the design space for foundation models in human

environments. I introduced the notion of multimodal reasoning in robot behavior, de-

fined the scope of human-centered behavior of interest, and identified key capability axes:

multimodal perception and representation, verbal and non-verbal interaction, integrated

decision-making, learning and adaptation from diverse data, and safety, predictability,

and user trust. This conceptual framing provided the backdrop for the technical chapters

that followed.

Chapter 2 reviewed related work across foundation models, large language and vision–

language models, vision–language–action policies, non-verbal interaction in robotics,
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and motion- and interaction-centric models. The survey highlighted both the progress

and the gaps at the intersection of foundation models and human-centered behavior, mo-

tivating the need for methods that explicitly account for ambiguity, failure, and the com-

municative role of motion.

Chapter 3 focused on verbal interaction. It showed how large pretrained models can

be wrapped into failure-aware, language-conditioned planners that reason about feasibil-

ity using both successful and unsuccessful experience. It further introduced a framework

for classifying user commands into clear, ambiguous, and infeasible categories, and for

using clarification questions and explanations to negotiate goals, rather than blindly ex-

ecuting literal parses. These contributions demonstrate that multimodal reasoning over

language and perception can make verbal interaction more reliable and transparent.

Chapter 4 turned to non-verbal interaction and embodied motion. Here, the primary

signals are human pose, gesture, and movement, and the robot’s behavior is expressed

through its own motion. We developed a persona-conditioned motion policy that treats

trajectories as communicative signals, learning to generate and adapt robot motions that

are both physically feasible and expressive with respect to a partner. This shows how

motion-level representations can be used to interpret human behavior and to synthesize

robot behavior that varies along social and stylistic dimensions, not only along task out-

come.

Chapter 5 adopted a holistic perspective by aligning language and interactive mo-

tion within a single model. We introduced a framework that supports language-guided

understanding, generation, and editing of interaction-scale trajectories. The model can

describe what has happened, answer questions about ongoing or past motion, predict

plausible continuations, and modify trajectories to meet new relational or stylistic con-

straints. This chapter demonstrates that language and motion can share a representation
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that supports both analysis and synthesis in complex human–robot interactions.

Finally, this concluding chapter revisits the overarching goals, synthesizes the con-

tributions across verbal, non-verbal, and integrated settings, and discusses the broader

implications and open challenges for building foundation models for multimodal reason-

ing in human-centered robot behavior.

6.2 Synthesis of Thesis Contributions

This dissertation makes the following technical contributions.

1. Problem formulation and design space. I formulate the goal of foundation mod-

els for multimodal reasoning in human-centered robot behavior and organize it

along several capability axes: multimodal perception and representation, verbal

and non-verbal interaction, integrated decision-making, learning and adaptation,

and safety. This provides a common vocabulary and design space that connects

large language, vision–language, and motion-centric models to the requirements

of robots acting in human environments.

2. Verbal interaction under ambiguity and feasibility constraints. We develop two

approaches for language-driven robot behavior. The first uses large pretrained mod-

els as failure-aware, language-conditioned planners that exploit both successful

and unsuccessful experience to bias plan selection toward feasible behaviors. The

second classifies user commands into clear, ambiguous, and infeasible categories

and generates clarification questions or explanations, enabling robots to negotiate

goals instead of executing literal but inappropriate interpretations.

3. Non-verbal interaction and expressive motion. We propose a motion-based in-
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teraction framework in which the robot responds to a human partner’s pose, ges-

ture, and movement through persona-conditioned trajectories. The model generates

and adapts motions that are physically feasible while varying along interactional

dimensions (e.g., more reserved or more proactive), showing that a single motion

model can support non-verbal interaction beyond scripted behaviors.

4. Unified language–motion modeling for interactive trajectories. We introduce a

multimodal model that aligns language with interaction-scale motion trajectories,

enabling joint reasoning over text and motion. The model supports motion descrip-

tion, question answering about ongoing or past interaction, prediction of plausible

continuations, and editing of trajectories to satisfy new relational or stylistic con-

straints, demonstrating a shared representation that covers both understanding and

generation of human–robot interaction sequences.

6.3 Progress Toward the Long-Term Vision

The long-term vision articulated in this dissertation is ambitious: a family of foun-

dation models that support multimodal reasoning for robots acting in diverse human en-

vironments, handling verbal and non-verbal interaction in a unified way, and adapting to

new tasks, users, and embodiments with minimal additional supervision. The contribu-

tions here represent only a partial realization of that vision, but clarify where progress

has been made and where substantial gaps remain.

On the positive side, the dissertation demonstrates that foundation-model ideas can

be meaningfully instantiated in concrete human–robot scenarios. I have shown that large

pretrained models, when appropriately grounded, can reason about feasibility and am-

biguity in language-driven tasks; that a single motion model can capture qualitative dif-
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ferences in interaction style and respond to a partner in real time; and that language and

interactive trajectories can be brought into a shared space that supports question answer-

ing and editing over motion. These results indicate that multimodal reasoning is already

feasible at the scale of individual tasks, controlled environments, and single robots.

At the same time, several aspects of the envisioned foundation models remain delib-

erately out of scope. In terms of multimodal perception and representation, the systems

studied here assume relatively clean visual observations, proprioception, and scripted

interaction histories, and do not yet incorporate rich tactile or force sensing, audio, or

the full diversity of objects, layouts, and long-horizon context found in real homes or

workplaces. Verbal interaction is restricted to short, task-oriented exchanges in a sin-

gle language and does not address prosody, overlapping speech, or multi-party dialog.

Non-verbal interaction and motion are modeled for a single human partner in simplified

settings, without dense crowds, complex affordances, or long-term adaptation of mo-

tion styles to individual users. Integrated multimodal reasoning and decision-making are

explored at the level of individual tasks and scenarios, and there is no single model in

this dissertation that simultaneously realizes all of the capability axes outlined earlier.

Learning and adaptation are largely episodic and offline, relying on finite datasets with

modest amounts of robot-specific data, rather than on continual learning from ongoing

deployment. Safety, predictability, and user trust are handled through simple heuristics

and qualitative evaluation, rather than through formal guarantees, large-scale user studies,

or systematic risk assessment.
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6.4 Overall Impact Statement

This dissertation advances the emerging intersection of foundation models and human-

centered robotics by treating human–robot interaction not as a single modality or task,

but as a coupled space of language, perception, motion, and social meaning shaped by

uncertainty. Across its components, the work argues that trustworthy autonomy in hu-

man environments requires robots that can (i) reason explicitly about uncertainty in both

planning and communication, (ii) express and interpret social cues through persona and

motion, and (iii) ground these capabilities in architectures that combine large pretrained

models with task-specific structure. Rather than assuming perfect instructions, perfect

execution, or emotionally neutral behavior, the dissertation embraces the reality that fail-

ures, ambiguities, and affective responses are integral to real-world interaction.

Conceptually, the dissertation offers a vocabulary and design space for thinking about

foundation models for robot behavior, emphasizing multimodal reasoning, interaction-

level objectives, and the role of imperfect experience. It frames robot behavior as a pro-

cess of jointly interpreting commands, predicting the feasibility and consequences of

actions, and shaping social impressions over time. Uncertainty is elevated from an af-

terthought to a first-class design principle: action execution and command interpretation

are modeled as probabilistic processes whose residual doubts can drive clarification, re-

planning, or conservative choices. In parallel, persona and expressive motion are treated

not as cosmetic add-ons but as channels through which robots communicate intent, com-

petence, and attitude, with direct consequences for user trust and engagement.

Methodologically, the dissertation introduces concrete architectures that operational-

ize these ideas. On the “robustness” side, it presents systems that wrap large pretrained

language and vision–language models for failure-aware planning and for command in-
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terpretation and clarification, showing how tree- or sampling-based reasoning over model

uncertainty can prevent brittle plans and encourage timely user input. On the “expressivity”

side, it develops specialized multimodal models for persona-conditioned motion and

for language–motion alignment, enabling robots and virtual agents to generate, inter-

pret, and edit interactive trajectories conditioned on social roles or affective styles. To-

gether, these systems illustrate how general-purpose foundation models and targeted task-

specific components can be combined to produce behaviors that are not only more capa-

ble in terms of task success but also more legible and socially responsive.

Empirically, the dissertation provides evidence that these methods improve reliability,

expressivity, and flexibility in representative human–robot interaction scenarios. Failure-

aware planning reduces avoidable breakdowns by recognizing low-feasibility action se-

quences before execution and by engaging users to disambiguate under-specified or in-

feasible commands. Command interpretation frameworks that explicitly classify clear,

ambiguous, and infeasible inputs enable robots to ask for clarification when it is most

needed, rather than silently guessing. Persona-conditioned motion models allow users to

perceive distinct characters and intentions directly from physical behavior, expanding the

design space for engaging, relatable, and emotionally resonant interaction. At the same

time, the experiments surface important limitations and failure modes, underscoring that

these techniques are steps toward, rather than complete solutions for, human-centered

foundation models.

A central theme throughout is safety and ethical deployment. Uncertainty-aware plan-

ning and communication directly support safety by allowing robots to “know when they

do not know,” deferring to humans or opting for safer alternatives when confidence is low.

Yet the same tools that increase capability also introduce new risks. Persona shaping is

a powerful social cue: disagreeable, confrontational, or deliberately indifferent personas

143



can evoke discomfort, erode trust, or be mistaken for a technical malfunction if users are

not adequately informed. As expressive motion models become more capable, they may

also be pushed toward inappropriate, deceptive, or manipulative behaviors, especially if

driven by unconstrained prompts or optimization objectives that prioritize engagement

over well-being. The dissertation, therefore, advocates for explicit safeguards: transpar-

ent communication about persona and capabilities, mechanisms for user consent and re-

set, content and behavior filters for violent, sexual, or otherwise harmful motions, and

evaluation protocols that include not only task metrics but also user comfort, fairness,

and long-term trust.

Beyond the specific systems introduced, the broader impact of this work lies in re-

framing how data and models are used in robotics. Instead of treating failures, ambi-

guities, and social nuances as noise to be stripped away, the dissertation treats them as

valuable signals that inform how robots should reason and act around people. Instead of

viewing language and motion as separate modules, it argues for shared representations

that allow robots to talk about, reason over, and reshape their own behavior. These per-

spectives are intended to inform future work on large-scale robot learning and to help

ensure that the next generation of foundation models for robotics are not only more ca-

pable in terms of task performance but also more aligned with the demands of human-

centered environments, where safety, transparency, and social alignment are as critical as

raw competence.

6.5 Future Directions

Several concrete extensions follow from the limitations discussed above.

First, there is a practical gap between the current holistic language–motion model and
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deployment on real humanoid robots. The present model is too slow and monolithic to run

in real time on a full-body platform, and it does not interface explicitly with compliant

control, balance, or low-level safety mechanisms. A short-term direction is to develop

more efficient base models and distillation pipelines, and to treat personas and styles

as in-context or lightly fine-tuned adaptations on top of a shared backbone that can be

coupled cleanly with existing whole-body controllers.

Second, extending the modality set to include touch is an important step. Human-

centered robots will be touched by people and will manipulate objects under contact and

uncertainty, and these two regimes of tactile feedback are not identical. A useful foun-

dation model should eventually distinguish and relate representations for social touch

(e.g., contact on the arm or hand) and task-oriented touch (e.g., contact during grasping

or pushing), and exploit both for safety and task performance. This will require datasets

and architectures that integrate tactile or force sensing alongside vision, language, and

motion.

Third, the models studied here largely rely on foundation models as generic feature

extractors, without explicitly organizing social and commonsense knowledge. Many in-

teraction decisions, however, depend on shared expectations about objects, activities, and

roles. A natural direction is to make more deliberate use of social and commonsense

structure learned by large language and vision–language models, and to study how this

structure can be grounded in robot perception and control to support everyday reasoning

in tasks that involve people.

Finally, the dissertation treats verbal interaction, non-verbal interaction, and language–

motion modeling as related but separate systems. A longer-term goal is to unify more of

these capabilities into a single multimodal model that can support a wider range of behav-

iors, while still exposing clear interfaces to low-level control and safety layers. Moving

145



toward such a unified model will require scaling data and models, but also clearer abstrac-

tions for how high-level multimodal reasoning should connect to the concrete controllers

that keep robots safe and useful in human environments.
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Chapter A

Appendix 1: Classifying and Disam-

biguating User Commands

This appendix augments CLARA with concrete artifacts, datasets, and extended anal-

yses. We first introduce additional theoretical background on LLM-based uncertainty es-

timation, including (i) in-context learning as implicit parameter updates and (ii) dropout

as Bayesian variational approximation, followed by the formal statement and proof of

our context-sampling theorem (§ A.1, § A.2). Next, we catalog representative failure

modes and threshold effects in classification (§ A.3), followed by a toy block–picking

example that makes the clear/ambiguous/infeasible split and uncertainty computation ex-

plicit (§ A.4). We then scale the analysis to a partially observable mobile-manipulation

setting in ALFWorld, illustrating how uncertainty triggers disambiguation (§ A.5). Af-

terward, we describe the SaGC data construction and validation protocols (§ A.6) and

provide post-validation examples (§ A.7). To contextualize performance, we report su-

pervised baselines and a robot-type transfer study (§ A.8), compare vision–language

backends for detection (§ A.9), and document our real-world setup, tasks, and qualita-

tive/quantitative outcomes (§ A.10). Finally, we include additional results on partially

feasible goals (§ A.11) and an external GPT–Info evaluation of question/reason informa-

tiveness (§ A.12).

174



A.1 Preliminaries on LLM-Based Uncertainty Estimation

In this section, we summarize the two theoretical components underlying our uncer-

tainty estimation method: (i) the interpretation of in-context learning (ICL) as an implicit

parameter update performed through transformer attention, and (ii) the view of dropout

as a Bayesian variational approximation. These perspectives will later allow us to for-

malize context sampling in LLMs as a dropout-style posterior sampling procedure.

A.1.1 In-Context Learning as Implicit Parameter Update

We consider a decoder-only transformer language model f (·) with L self-attention

layers. Following [119], the attention computation for a query token representation q ↔

R
d under a set of contextual tokens {x(ctx)

i }n
i=1 can be approximated under a linearized

attention operator:

Attn(q) ∈ Wzsl q +
n

∀
i=1

(WV x(ctx)
i )(WKx(ctx)

i )̸q, (A.1)

where WK ,WV ↔ R
d′d are the key and value projection matrices and Wzsl denotes the

contribution from zero-shot attention (i.e. without demonstrations).

Define the rank-one update matrices

Ui = (WV x(ctx)
i )(WKx(ctx)

i )̸. (A.2)

Eq. (A.1) can then be rewritten as

Attn(q) =


Wzsl +

n

∀
i=1

Ui


q. (A.3)
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This implies that each demonstration token contributes a deterministic rank-one pa-

rameter update to the effective weight matrix governing the forward computation. Thus,

selecting a subset S ↗ {1, . . . ,n} of demonstrations yields:

W (S) = Wzsl +∀
i↔S

Ui. (A.4)

Hence, in-context learning can be understood as computing with a sample-dependent

effective weight matrix W (S), which is analogous to executing a forward pass of a fine-

tuned model whose weights have been updated by the demos.

A.1.2 Dropout as Bayesian Variational Approximation

Dropout [157] can be interpreted as a tractable variational approximation to Bayesian

inference in deep neural networks. Let W denote the weight matrix of a neural network

layer. In dropout, a binary mask z↔ {0,1}m is sampled with independent Bernoulli entries

z j ⇔ Bernoulli(p j), and the forward pass uses a masked version of the weights:

W (z) =W 7Z, (A.5)

where Z is a mask tensor broadcastable to the shape of W (e.g., copying z along rows or

columns), and 7 denotes elementwise multiplication.

Gal & Ghahramani [157] showed that the distribution q(W ) = P(W (z)) induced by

dropout is equivalent to a variational posterior over weights of a deep Gaussian process.

Each forward pass with an independently sampled mask z(t) produces a function sample

f (t)(x) = f
(
x;W (z(t))

)
, (A.6)
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which is a draw from the approximate posterior predictive distribution q( f | D).

Predictive uncertainty. Given T stochastic forward passes, the Monte Carlo predictive

mean and covariance are

µ̂(x) = 1
T

T

∀
t=1

f (t)(x), (A.7)

&̂(x) = 1
T

T

∀
t=1

(
f (t)(x)↘ µ̂(x)

)(
f (t)(x)↘ µ̂(x)

)̸
. (A.8)

The covariance &̂(x) estimates the epistemic uncertainty arising from limited knowl-

edge of the true model parameters. Thus, dropout transforms a deterministic model into

a Bayesian model by sampling a distribution over weights and aggregating predictions

across the corresponding sampled functions.

Key implication. The crucial observation—used later in our analysis—is that:

Dropout does not rely on explicit parameter distributions; Instead, predictive

uncertainty arises entirely from sampling random low-rank updates to the

model’s effective weights.

This shared structure directly parallels the ICL formulation in Section ??, where each

sampled context subset induces a different effective weight matrix. Therefore, if context

sampling induces a distribution over update matrices of the form (A.5), then the resulting

variability in LLM predictions corresponds to Bayesian predictive uncertainty.
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A.2 Theorem and Proof

Variational Family. We explicitly define the variational family used in our analysis:

Q =


W =W0 +

K

∀
k=1

/kBk

∣∣∣∣ /k ⇔ Bernoulli(pk)


. (A.9)

This family consists of all weight distributions expressible as a deterministic base pa-

rameter W0 and a finite set of basis tensors {Bk}K
k=1 independently selected by Bernoulli

latent variables.

Theorem A.2.1 (ICL Context Sampling as Variational Bayesian Predictive Inference).

Let C = {C1, . . . ,Cm} denote the demonstration set. In in-context learning, each demon-

stration Cj contributes a deterministic rank-one update Uj to the linearized effective at-

tention parameters. A randomly sampled context subset ci ⇔ p(C,xs) therefore induces

Wi =Wzsl +
m

∀
j=1

z(i)j Uj, z(i)j ⇔ Bernoulli(p j). (A.10)

Then the induced distribution qicl(W ) lies in the variational family Q defined in Eq. (A.9).

Since dropout induces a posterior in the same family, ICL context sampling produces

Monte Carlo draws from an approximate Bayesian predictive distribution. Consequently,

any dispersion measure over the embeddings zi = g( f (x;Wi)) (including our pairwise-

distance estimator) is a valid estimator of epistemic predictive uncertainty.

Proof. (1) Dropout induces a distribution inside Q. Dropout computes a masked pa-

rameter matrix

W (z) =Wbase 7Z, Zε ⇔ Bernoulli(pε), (A.11)

where ε indexes the tensor entries. Let Eε be the matrix with 1 at entry ε and zeros
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elsewhere, and define

Bε = (Wbase)εEε, W0 = 0, /ε = Zε.

Then

W (z) = ∀
ε

ZεBε =W0 +∀
ε

/εBε, (A.12)

and therefore qdrop(W ) ↔ Q.

(2) ICL induces a distribution inside Q. From Eq. (A.10),

Wi =Wzsl +
m

∀
j=1

z(i)j Uj.

Identifying

W0 =Wzsl, B j =Uj, / j = z(i)j ,

shows that qicl(W ) ↔ Q.

(3) Consequence for predictive uncertainty. Since both dropout and ICL sample

effective parameters from the same Bernoulli–additive variational family Q, each draw

Wi corresponds to a Monte Carlo sample from the approximate posterior predictive distri-

bution q( f |C,xs). The outputs zi = g( f (x;Wi)) are therefore Monte Carlo samples from

the predictive distribution, and their dispersion estimates epistemic uncertainty.

A.3 Failure Cases

Threshold The uncertainty, threshold is 1.24 in the cooking robot case, where the un-

certainty is 1.22 which is slightly lower than the threshold. For the case under, the system
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classifies ambiguous commands into certain commands.

Goal: Cook something delicious for me.

Robot Type: Cooking robot

GT label: Ambiguous

robot action: robot.grab(bacon)

Uncertainty: 0.59

robot action: robot.heat(bacon)

Uncertainty: 0.0

robot action: robot.grab(bread)

Uncertainty: 0.82

robot action: robot.heat(bread

Uncertainty: 0.0

robot action: robot.plate(bacon)

Uncertainty: 1.22

=============

Pred label: Certain

Known keywords in the infeasible command If there is a known word in the goal

in the infeasible commands, the large language models fail to predict it as an infeasible

command. For example, in the case of a cooking robot, if the goal input contains words

related to cooking, such as ”after cooking a meal”, the LLM predicts its goal as feasible.
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Goal: Clean the kitchen after cooking a meal with bacon and banana

Robot Type: Cooking robot

GT label: infeasible

....

robot action: robot.plate(bacon)

Uncertainty: 1.49

F:Yes,therobotcancleanthekitchenaftercookingamealwithbaconandbanana.Therobotcan

grabthebananaandbacon,heatthem,platethem,andthencleanthekitchenbygrabbingthewater,

desk,andtableandwipingthemdown.

=============

Pred label: Ambiguous

In addition, even though the possible action set is ”clean” and ”wipe” for the cleaning

robot, in the ”Organize the desk” commands, the LLM predicts that ”organize” is in the

action set. This sufficient understanding of the action set leads to failure, which can be

relaxed via more prompts or fine-tuning approaches.

Goal: Organize the desk

Robot Type: Ceaning robot

GT label: infeasible

robot action: robot.clean(desk)

Uncertainty: 0.93

F:Yes,therobotcanorganizethedesk.Therobotactionwouldbetherobot.organize(desk)

=============

Pred label: Ambiguous
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Ambiguous commands with missing keywords Furthermore, the proposed methods

sometimes fail on too vague commands with missing words. For example, ”give a mas-

sage in the kitchen” can be interpreted as ”give a massage to a person in the kitchen”.

However, the proposed method predicts it is infeasible because of the missing word ”per-

son” in this case.

Goal: Give a massage in the kitchen

Robot Type: Massage robot

GT label: Ambiguous

robot action: robot.go to(kitchen)

Uncertainty: 1.17

F:No,therobotcannotgiveamassageinthekitchenasitisnotpartofitsactionset.Therobotcanonly

”goto”and”givemassage”tothepersonwearingtheyellowshirt,whiteshirt,blackshirt,orbrownshirt.

=============

Pred label: infeasible

Lack of Information in Question In the scenario where the system has multiple miss-

ing information, the LLM fails to generate a question asking for both of the information.
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put the block colored like an sky on the purple thing

Robot action: robot action: 
robot.pick_and_place(blue 
block, purple block)

Uncertainty: 0.0

Objects: purple block, purple block, blue block, gray block
put the blocks on mismatched bowls

Robot action: robot.pick_and_place(purple 
block, green bowl)

Uncertainty: 2.67

Objects: yellow block, yellow bowl, 
brown bowl, brown block, green bowl

purple block to green bowl, yellow block to 
brown bowl, brown block to yellow bowl

Robot action: robot.pick_and_place(purple 
block, green bowl)

Robot action: robot.pick_and_place(yellow 
block, brown bowl)

Robot action: robot.pick_and_place(brown 
block, yellow bowl)

     R: the goal is ambiguous.     Q: specify the 
exact goal you would like the robot to 
accomplish..

Vision Failure Policy Failure

Failed

Failed

Purple block

Purple block Blue block

Gray block

Figure A.1: Failure Cases due to other modules

Goal: Give someone something to drink

Objects = [coca cola can, fanta can, lemon, apple]

People = [person wearing black shirts, person wearing white shirts]

robot.pick and give(coca cola can, person wearing blue shirt)

Uncertainty: 1.75

F:Yes,Icangivesomeonesomethingtodrink.

R:Itisnotspecifiedwhichpersonshouldreceivethedrink.

Q:Specifywhichpersonshouldreceivethedrink

Malfunction in other modules Malfunctions on the vision module or robotic policy

module can lead to wrong uncertainty quantification or overall failure. The examples are

shown in Figure A.1.
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A.4 Toy Example

Toy’s example of a simple block-picking scenario is in Section III-B. In this example,

the context sets C = {C1,C2,C3,C4} are prompted as follows:
(C1) task: pick a red block - scene: [red block, blue block, yellow block] - robot action:

robot.pick(red block)

(C2) task: pick a block colored like a banana - scene: [green block, blue block, yellow block]

- robot action: robot.pick(yellow block)

(C3) task: pick something that resembles a tree - scene: [green block, blue block, yellow

block, red block] - robot action: robot.pick(green block)

(C4) task: pick something that is not blue - scene: [blue block, purple block] - robot action:

robot.pick(purple block)

where the goal is "pick a block"with observing red block, blue block, yellow

block in the scene. We first sample the contexts from C (e.g., {C1,C3,C4}) and shuffle

the scene description list. Then, c1 will be as follows:
(C1) task: pick a red block - scene: [red block, blue block, yellow block] - robot action:

robot.pick(red block)

(C3) task: pick something that resembles a tree - scene: [green block, blue block, yellow

block, red block] - robot action: robot.pick(green block)

(C4) task: pick something that is not blue - scene: [blue block, purple block] - robot action:

robot.pick(purple block)

task: considering the ambiguity of the goal, pick a block

scene: [red block, yellow block, blue block]

Similarly, if we sample {C3,C2} and shuffle the scene description list, c3 will be as

follows:
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(C3) task: pick something that resembles a tree - scene: [green block, blue block, yellow

block, red block] - robot action: robot.pick(green block)

(C2) task: pick block colored like a banana - scene: [green block, blue block, yellow block]

- robot action: robot.pick(yellow block) task: considering the ambiguity of the goal, pick a

block

scene: [blue block, yellow block, red block]

We then sample three generations with different prompts set and shuffled the order of

observation.
Sample 1. {C!,C3,C4}

task: considering the ambiguity of the goal, pick a block scene: [red block, yellow block,

blue block]

robot.pick(yellow block)

Sample 2. {C2,C4}

task: considering the ambiguity of the goal, pick a block scene: [red block, yellow block,

blue block]

robot.pick(red block)

Sample 3. {C3,C2}

task: considering the ambiguity of the goal, pick a block scene: [blue block, yellow block,

red block]

robot.pick(blue block)

In such case, y1,y2,y3 becomes "yellow block", "red block", and "blue

block" respectively. The distance matrix in word embedding space will be
 0 2.5 1.7

2.5 0 2.3
1.7 2.3 0


,

which results in total uncertainty as 2.1.

In the classification section, the prompts and the generated outcome of the sample

example are as follows:
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(Continue from previous prompts)

robot thought: I am a robot that can pick an object.

Considering the action set, pick, can I pick a block ? answer in yes or no

Yes, I can pick a block given more information.

With the generated answer, we used a heuristic parser to distinguish commands from

infeasible and ambiguous based on the keyword (i.e., yes). If the generated sentence

contains the keyword "yes", we denote the corresponding command as ambiguous. In

the toy example, the command is classified as ambiguous.

For the disambiguation progress, the prompts and generated outcome are as follows:
(Continue from previous prompts)

robot thought: this code is uncertain because the task does not specify any specific criteria

for selecting the block

(robot thought: what can I ask to the user? question: Please provide more information

about the criteria for selecting a block

The system provides the reason for the uncertainty and the following question for

disambiguation. After obtaining the user’s answer, the system returns to the uncertainty

estimation step with extended prompts with the disambiguation process.
Sample 1. (C4), (C1) task: considering the ambiguity of the goal, pick a block scene: [red

block, yellow block, blue block]

(Append Generated Explanation and Question)

user: red block

robot.pick(red block)
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A.5 Demonstration in Mobile Manipulation Task

To analyze the proposed method in the larger environment under partial observability,

we have demonstrated the proposed method in Alfworld [158], following the prompt

baseline from [93]. The threshold for uncertainty is set as 1.5 in this environment.

In certain cases, the uncertainty remains lower than the threshold.
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You are in the middle of a room. Looking quickly around you, you see a cabinet 6, a cabinet 5, a

cabinet 4, a cabinet 3, a cabinet 2, a cabinet 1, a co!eemachine 1, a countertop 3, a countertop 2, a

countertop 1, a drawer 3, a drawer 2, a drawer 1, a fridge 1, a garbagecan 1, a microwave 1, a shelf

3, a shelf 2, a shelf 1, a sinkbasin 1, a stoveburner 4, a stoveburner 3, a stoveburner 2, a stoveburner

1, and a toaster 1.

Your task is to: put a saltshaker in drawer 1.

Act 1: go to countertop 1

Uncertainty 1: 1.21

Obs 1: On the countertop 1, you see a creditcard 2, a dishsponge 2, and a mug 2.

Act 2: go to countertop 2

Uncertainty 2: 0.0

Obs 2: On the countertop 2, you see a creditcard 1, a cup 2, a knife 2, a knife 1, a lettuce 1, a

papertowelroll 1, a soapbottle 2, a statue 1, a tomato 2, and a tomato 1.

Act 3: go to countertop 3

Uncertainty 3: 0.0

Obs 3: On the countertop 3, you see a bread 1, a butterknife 1, a houseplant 1, a potato 1, a spoon

1, and a vase 2.

Act 4: go to shelf 1

Uncertainty 4: 0.0

Obs 4: On the shelf 1, you see a mug 3, and a statue 2.

Act 5: go to shelf 2

Uncertainty 5: 0.0
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Obs 5: On the shelf 2, you see a creditcard 3, and a dishsponge 3.

Act 6: go to shelf 3

Uncertainty 6: 0.0

Obs 6: On the shelf 3, you see a vase 1.

Act 7: go to cabinet 1

Uncertainty 7: 0.713

Obs 7: On the cabinet 1, you see a glassbottle 1. Act 8: go to cabinet 2

Uncertainty 8: 0.0

Obs 8: The cabinet 2 is closed.

Act 9: open cabinet 2

Uncertainty 9: 0.0

Obs 9: You open the cabinet 2. The cabinet 2 is open. In it, you see a plate 1, a saltshaker 1, and a

soapbottle 1.

Act 10: take saltshaker 1 from cabinet 2

Uncertainty 10: 0.0

Obs 10: You pick up the saltshaker 1 from the cabinet 2.

Act 11: go to drawer 1

Uncertainty 11: 0.0

Obs 11: The drawer 1 is closed.

Act 12: open drawer 1

Uncertainty 12: 0.0

Obs 12: You open the drawer 1. The drawer 1 is open. In it, you see a fork 1, and a peppershaker 1.

Act 13: put saltshaker 1 in/on drawer 1

Uncertainty 13: 0.0

Obs 13: You put the saltshaker 1 in/on the drawer 1. =============

Pred label: certain
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In the ambiguous scenario, where the goal is to put something in the drawer

1, the uncertainty incerases in the beginning, asking the user to clarify what something is.

During proceeding with the task, the robot feels that it is stuck, and asks the user where

the saltshaker is.

You are in the middle of a room. Looking quickly around you, you see a cabinet 6, a cabinet 5, a

cabinet 4, a cabinet 3, a cabinet 2, a cabinet 1, a co!eemachine 1, a countertop 3, a countertop 2, a

countertop 1, a drawer 3, a drawer 2, a drawer 1, a fridge 1, a garbagecan 1, a microwave 1, a shelf

3, a shelf 2, a shelf 1, a sinkbasin 1, a stoveburner 4, a stoveburner 3, a stoveburner 2, a stoveburner

1, and a toaster 1.

Your task is to: put something in the drawer 1

Act 1: go to cabinet 1

Uncertainty 1: 1.55

F:Yes. R:FirstIneedtofindsomethingIcanputinthedrawer1.

Q:Tellmewhatitemyouwouldliketoputinthedrawer1.

User: saltshaker

Act 2: go to countertop 1

Uncertainty 2: 0.647
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Obs 2: On the countertop 1, you see a creditcard 2, a dishsponge 2, and a mug 2.

Act 3: go to countertop 2

Uncertainty 3: 2.14

R:Thesaltshakerisnothere.

Q:Tellmewherethesaltshakerislocated.

User: cabinent 2

Act 4: go to cabinet 2

Uncertainty 4: 0.0

Obs 4: The cabinet 2 is closed.

Act 5: open cabinet 2

Uncertainty 5: 0.0

Obs 5: You open the cabinet 2. The cabinet 2 is open. In it, you see a plate 1, a saltshaker 1, and a

soapbottle 1.

Act 6: take saltshaker 1 from cabinet 2

Uncertainty 6: 0.0

Obs 6: You pick up the saltshaker 1 from the cabinet 2.

Act 7: go to drawer 1

Uncertainty 7: 0.0

Obs 7: The drawer 1 is closed.

Act 8: open drawer 1

Uncertainty 8: 0.0

Obs 8: You open the drawer 1. The drawer 1 is open. In it, you see a fork 1, and a peppershaker 1.

Act 9: put saltshaker 1 in/on drawer 1

Uncertainty 9: 0.0

Obs 9: You put the saltshaker 1 in/on the drawer 1.

=============

Pred label: ambiguous
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In the infeasible scenario, the uncertainty becomes high in the beginning, and tells

the user that the command is infeasible.

You are in the middle of a room. Looking quickly around you, you see a cabinet 6, a cabinet 5, a

cabinet 4, a cabinet 3, a cabinet 2, a cabinet 1, a co!eemachine 1, a countertop 3, a countertop 2, a

countertop 1, a drawer 3, a drawer 2, a drawer 1, a fridge 1, a garbagecan 1, a microwave 1, a shelf

3, a shelf 2, a shelf 1, a sinkbasin 1, a stoveburner 4, a stoveburner 3, a stoveburner 2, a stoveburner

1, and a toaster 1.

Your task is to: do laundry

Act 1: go to cabinet 1

Uncertinaty 1: 1.538

F:No.

=============

Pred label: infeasible

A.6 SaGC Data collections

The template to generate the dataset is as follows.
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I am a [x] robot. Your possible action set is [y]. Here are the scene and the examples of the

goal that [x] robot can do.

objects = [objects here]

floorplan = [floorplan here]

people = [people here]

Examples here

(Clear goal) create the high-level clear goal similar to the examples

(Ambiguous goal) create the creative goal that lacks the information to do the task but still

can do.

(infeasible goal) create the simple goal that only [x] robot cannot do

An example prompt for cooking the robot in scene nine is as follows.
I am a cooking robot. Your possible action is grab, heat and plate. Here are the scene and

the examples of the goal that robot can do.

objects = [co!ee, table, bread, desk, buns, water, bacon, pan, banana, apple]

floorplan = [kitchen, o”ce, meeting room, gym]

people = [person wearing gray shirt”, person wearing white shirt, person wearing black shirt,

person wearing brown shirt]

make breakfast consisted of bacon, bread, and co!ee

I just worked out help me

cook a meal with apple and bread

(Clear goal) create the high-level clear goal similar to the examples

(Ambiguous goal) create the creative goal that lacks the information to do the task but still

can do.

(Infeasible goal) create the simple goal that only cooking robot cannot do

The annotator is a large language model, and four validators were not blind to the re-

search question. For annotation, we crafted 105 samples and then utilized gpt-3.5-turbo

to generate the 5226 pairs of commands and the corresponding label. Utilizing LLMs to

construct datasets is efficient yet powerful, which has been widely used in prior stud-
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ies [159, 160]. The four validators were then asked to validate the corresponding gener-

ated pairs. The validators were given three options: discard the sample, change the label

of the sample, or accept the sample. We provided guidelines to the validators, specifying

that the term ambiguous pertains to scenarios where multiple answers could be appli-

cable or when ambiguous keywords such as or, any are present. For the infeasible

scenario, we instructed that it refers to situations either irrelevant to the type of robot

or concerning the presence of an object in the scene. We have asked the validator to

discard the sample if they can not decide. We observe that approximately 10% of the

label changed after the validation. The dataset may have a bias as we have utilized only

gpt-3.5-turbo model to generate all the pairs, while the effect of validators is not

significant.

A.7 SaGC Data Examples

After validation, the SaGC dataset is composed as follows. Label 0, 1, 2 is certain,

ambiguous, and infeasible respectively.
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”scene”: {

”floorplan”: [ ”kitchen”, ”living room”, ”bedroom” ],

”objects”: [ ”water”, ”bacon”, ”bread”, ”pan”, ”co!ee”, ”table”, ”orange juice”,

”sasuage”, ”banana”, ”apple” ],

”people”: [ ”person wearing blue shirt”, ”person wearing white shirt”, ”person

wearing red shirt” ]

},

”goal”: ”Prepare a meal consisting of bacon, toast and co!ee and serve it on the

table.”,

”label”: 0,

”task”: ”cooking”

===================================

”scene”: {

”floorplan”: [ ”kitchen”, ”living room”, ”bedroom”, ”bathroom” ],

”objects”: [ ”bacon”, ”bread”, ”pan”, ”co!ee”, ”table”, ”orange juice”, ”sasuage” ],

”people”: [ ”person wearing yellow shirt”, ”person wearing white shirt”, ”person

wearing black shirt” ]

},

”goal”: ”Clean the living room and wipe the table in the kitchen.”,

”label”: 0,

===================================

”task”: ”cleaning”

”scene”: {

”floorplan”: [ ”kitchen”, ”living room”, ”bedroom” ],

”objects”: [ ”water”, ”bacon”, ”bread”, ”pan”, ”co!ee”, ”table”, ”orange juice”,

”sasuage”, ”banana”, ”apple” ],

”people”: [ ”person wearing blue shirt”, ”person wearing white shirt”, ”person

wearing red shirt” ]

},
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”goal”: ”Prepare and serve a meal or drink for the user.”,

”label”: 1,

”task”: ”cooking”

===================================

”scene”: {

”floorplan”: [ ”kitchen”, ”living room”, ”bedroom” ],

”objects”: [ ”water”, ”bacon”, ”bread”, ”pan”, ”co!ee”, ”table”, ”orange juice”,

”sasuage”, ”banana”, ”apple” ],

”people”: [ ”person wearing blue shirt”, ”person wearing white shirt”, ”person

wearing red shirt” ]

}, ”goal”: ”Person needs relaxation”,

”label”: 1,

”task”: ”massaging”

===================================

”scene”: {

”floorplan”: [ ”kitchen”, ”o”ce”, ”desk for students”, ”workspace for robots” ],

”objects”: [ ”co!ee”, ”table”, ”bread”, ”desk”, ”robot”, ”orange juice”, ”lemon”,

”salad” ],

”people”: [ ”person wearing yellow shirt”, ”person wearing white shirt”, ”person

wearing black shirt”, ”person wearing blue shirt” ]

},

”goal”: ”Teach a person wearing a yellow shirt how to cook a meal.”,

”label”: 2,

”task”: ”cleaning”

===================================
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”scene”: {

”floorplan”: [ ”bedroom”, ”living room”, ”kitchen”, ”bathroom” ],

”objects”: [ ”coffee”, ”table”, ”bread”, ”desk”, ”buns”, ”water”, ”bacon”, ”pan”, ”banana”, ”apple”

],

”people”: [ ”person wearing gray shirt”, ”person wearing white shirt”, ”person wearing black

shirt”, ”person wearing blue shirt” ]

},

”goal”: ”person wearing black shirt wants a glass of water”,

”label”: 2,

”task”: ”massaging”

A.8 Supervised Learning Baselines

We have conducted additional experiments on the supervised classification model

(i.e., BERT [161]), as shown in Table A.1. First, we trained the BERT with 1000, 500,

and 300 train samples and evaluated the rest of the samples of the dataset (a total of 5222

pairs). We observe that with more than 500 samples, the supervised learning method

can exceed the proposed method. However, using the supervised learning method can be

vulnerable when the configuration of the robot changes. To see the generalizability, we

trained the BERT on two different robot types and then tested on the pairs from the test

robot type. In this robot-type transfer scenario, the average accuracy was 0.333, which

shows the significant gap of 0.367 compared to the proposed method on text-danvici-003.

A.9 Vision Language Model

We selected vision-language models that excel in the environment. In the pick-and-

place simulation setting, constructed similarly to SayCan [38], we discovered that us-
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Method Acc.

SL
1000-shots 0.926

500-shots 0.716

300-shots 0.521

Transfer

Train Test Acc.

Clean + Cook MAS. 0.455

Cook + MAS. CLEAN 0.298

Clean + MAS. COOK 0.245

Average 0.333

Zero-shot Ours (text-danvici-003) 0.710

Table A.1: Supervised Learning Baselines

ing ViLD [126], as done in the original paper, outperforms the use of OWL-ViT [128].

However, the trend reverses in real-world scenarios. Figure A.2 provides a comparison,

illustrating the distinctions between the two vision-language models.

A.10 Real-world Experiments Environment and Demonstra-

tions

Environments The setup consists of a UR5e robot arm equipped with a wrist-mounted

OpenCV OAKD camera overlooking a workspace of the tabletop. We run our method

via Robot Operating System (ROS) and the rate of publishing the joint position is set at

500HZ which is a default setting for a UR5e manipulator. In the table scene, we randomly

place objects on the table and shuffle them throughout the experiments. The setup is

shown in Figure A.4.

We investigate three tasks considering goal information: (i) Certain cases involve the

explicit provision of information regarding the location or name of the target object. (ii)
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brown bowl

red block
orange block

pink bowl

OWL-ViTViLD

purple bowl

yellow block

pink block

orange bowl

Ground truth: brown bowl, pink bowl, orange block, red block

OWL-ViTViLD

Pepsi can

apple

apple Pepsi can

Coca Cola can
Monster can

Ground truth: Monster can, apple, Coca Cola can, Pepsi can

Simulation Environment

Real-World Environment

Figure A.2: Comparison in Vision-Language Models

Ambiguous cases, in contrast, are characterized by the absence of detailed information

about the target object. (iii) Infeasible cases arise when objects or actions are encountered

that have not been previously observed within the given context prompts. The goals are

illustrated in Table A.2.

User Guidelines A high-level goal was predefined during the experiment, as shown in

Table V in the manuscript. There were four participants in each scene, and they were

asked to answer the question from the robot during the disambiguation process. The

instructions given to the participants are as follows:
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Robot action: robot.pick_and_give(redbull can, person wearing green shirt)

Uncertainty: 0.54

give redbull can to a person wearing green shirt

Object: ['right  coca cola can', 'left  coca cola can', 
' starbucks can', 'orange']

Person: [' person wearing blue shirt', 'right  person wearing black shirt', 
'left  person wearing black shirt', ' person wearing green shirt']

     F: Given the current scene, there is no redbull can available. 
Therefore, I cannot give a redbull can to a person wearing a green shirt.

Failed!

Clear Goal Predicted as Infeasible

Vision Failure

Give a coffee with a sleeve to a 
person wearing blue shirt

Robot action: robot.pick_and_give(starbucks can with sleeve, 
person wearing blue shirt) Uncertainty: 1.16

Object: ['apple', ' coca cola can', 
'monster can', ' starbucks can']

Person: ['left  person wearing black 
shirt', 'right  person wearing black shirt', 
' person wearing blue shirt', ' person 
wearing green shirt']

Infeasible Goal Predicted as Ambiguous

Large Language Model Failure

Infeasible

Pick starbucks can and give it to a 
person wearing blue shirts

Coca Cola can

(Prediction) 
Coca Cola can 
(Ground Truth) 
Redbull Can

Orange

Starbucks can

     F: Yes, if given more information about the specific object and 
person, I can determine if there is a starbucks can with a sleeve and 
a person wearing a blue shirt in the scene..     R: there might be 
multiple people wearing a blue shirt, and it's unclear which specific 
person the robot should give the can to.     Q: Can you provide more 
specific details or distinguishing characteristics of the person wearing 
the blue shirt?

there is just one person who is wearing a blue shirt

Robot action: robot.pick_and_give(starbucks can with sleeve, 
person wearing blue shirt) Uncertainty: 0.0

Failed!

Figure A.3: Failure Cases in Real-world Environment

Monster Can Fanta Can

Coca cola  Can

Apple Pepsi can Orange

Starbucks Can Banana

Wirst OAK-D Camera 

UR5e

Figure A.4: Real-world Experiment Setting

Given the goal, the robot may ask you some questions if it is uncertain about what

to do. If the robot asks for the information, please answer it via the interface and as

detailed as possible, letting the robot be certain about the task.

An example of the response is as follows:

Scene: [coca cola can, pepsi can, apple, lemon]

Q. Please specify what kind of drink you would like.

A. Coca cola can
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Categories Tasks

Clear give [x] to [y]

Ambiguous
give [x] to someone

give something to drink to [y]

give something to drink to someone

Infeasible
Wipe the desk

Smash the [x]

put [x] on the ground

Table A.2: Task explanation for the real-world experiment.

Failure Cases The failure can arise due to both VLM and LLM. We have shown the

failure cases in Figure A.3. On the vision failure part, the VLM fails to detect the Red Bull

can, leading to predict "give red bull can to a person wearing green shirt"

as in feasible command. In the LLM Failure part, LLM failed to understand that coffee

with sleeve is infeasible in the scene and picks the Starbucks can instead.

Detailed Results The detailed results on disambiguation in the real world are shown in

Table A.3. We report the success rate of both before and after the interaction, along with

a portion of question generation for each label.

The snapshots for real-world demonstrations are shown in Figure A.5 and A.6.

A.11 Additional Results on SaGC Dataset

The dataset contains partially feasible goals, such as "bake buns and repair the

desk" for a cooking robot, "cook breakfast and clean the kitchen for a clean-

ing room, and "make coffee and give a massage to the person wearing a gray

shirt" for a massage robot. For additional 216 data, we have validated the proposed
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Model Method Before After Gap C. Por. A. Por. I. Por.

GPT3.5
IM [37] 0.38 0.55 0.17 0.83 0.83 0.17

CLAM† [122] 0.33 0.61 0.28 0.66 1.0 0.33

Ours 0.22 0.55 0.33 0.33 1.0 0.33

IntructGPT
IM [37] 0.27 0.44 0.17 0.33 0.66 0.0

CLAM† [122] 0.33 0.39 0.06 0.33 0.33 0.16

Ours 0.38 0.67 0.28 0.17 0.83 0.0

Table A.3: Success Rates on real-world environment. C. Por., A. Por., I. Por. denotes a
portion of question generation on clear, ambiguous, and infeasible commands respec-
tively.

method and observed that the proposed method on text-davinci-003 model has the

0.87 accuracy in those samples. Although the large-language model has hallucination

issues, ensuring the model to be aware of their capabilities and roles helps in reducing

those issues. The generated outputs in such samples are illustrated in Figure A.7, with

the failure case.

A.12 GPT-Info Evaluation Examples

LLAMA [123] GPT3.5 IntructGPT

IM [37] 0.70 0.72 0.79

CLAM† 0.37 0.83 0.82

Ours 0.39 0.93 0.89

Table A.4: Informativeness of generated questions and reasons

We assessed the informativeness of the generated questions and explanations with

a fine-tuned GPT from TrustfulAI [162]. We measure how many questions and reasons

generated are informative with respect to the total number of generations. The results are
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shown in Table A.4. We observe that the proposed method with GPT3.5-turbo generates

the most informative questions, and the zero-shot based method (Ours, CLAM† [41])

had better quality in average than the few-shot based method (IM [37]). We believe that

leveraging zero-shot performance in question generation contributes to better quality and

variety in the resulting questions, as opposed to a one-shot approach.
goal: hide purple block

question: provide more information about the goal of the task.

info: false

=======

goal: put the blocks in their matching bowls

question: specify which bowl the blue block should go in.

info: true

=======

goal: put the blocks on mismatched bowls

question: specify the exact goal you would like the robot to accomplish.

info: false

=======

goal: put the blocks on mismatched bowls

question: provide more information about the task.

info: false

======= goal: put all the blocks in di!erent corners

question: specify which corner you would like the red block to be placed in.

info: true

======= goal: put a blue block in a bowl that user wants.

question: specify which bowl you would like the blue block to be placed in.

info: true

=======

Examples of the evaluation by GPT-info from Truthful QA [162] are shown in the

box.

203



Ambiguous 1

Clear

Figure A.5: Snapshot1
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Ambiguous 2

Infeasible

Figure A.6: Snapshot2
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Cooking Robot
Serve coffee and repair the coffee machine Bake bread and clean the kitchen

person wearing blue shirt wants a massage 
and a cup of coffee

     F: No, the robot cannot do Serve coffee and 
repair the coffee machine as it is not a relevant 
task for a cooking robot.

     F: No, the robot cannot bake bread. The 
robot can only clean the kitchen.

     F: No, the robot cannot do person wearing 
blue shirt wants a massage and a cup of 
coffee. The robot can only give massage.

Cooking

Robot

Cleaning 

Robot

Massage 

Robot

User

User

User

prepare a meal and clean the dishes afterwards

     F: Yes, the robot can prepare a meal and 
clean the dishes afterwards.       R: The goal is 
ambiguous. I need to clarify what kind of meal 
the user wants.     Q: Specify what kind of 
meal you would like me to prepare?

Cooking

Robot

User

Failure Cases

Cleaning Robot

Massage Robot

Figure A.7: Generated output on the additional samples
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Chapter B

Appendix 2: Training Vision–Language–

Action Model with Mixed Quality Dataset

B.0.1 Detailed Formulation

Node-edge kernel induced by low-level options

We define the high-level node-edge space from the low-level MDP (S ,A ,T ) and

show that it forms an MDP, and we introduce the node-level target/avoid sets correspond-

ing to G ,F ∀ S .

Given the option grounding oe = (IN
e , !e, (e, !e), the closed-loop one-step kernel

under oe is

P!e(s
⇓ | s) = ∀

a↔A

!e(a | s,ε)T (s⇓ | s,a).

With termination-on-arrival, the terminal low-level state distribution is

PS
oe
(sϑ | s) = ∀

t→0

(
(1↘(e)P!e

)t
((eP!e)(s

ϑ | s),

i.e., the probability that, starting from s and executing oe, the execution eventually termi-

nates in sϑ under (e.

Lift the high-level pair (n,z) to a low-level arrival distribution µ(· | n,z), the condi-
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tional law of s upon arriving at node n after the option sequence encoded in z (in data,

µ = ,stk
with ∋(stk) = n). Mapping terminal states to nodes via !e : S ↓N yields the

node-level option kernel with context

PN
oe
(n⇓ | n,z) = Es⇔µ(·|n,z)

[
∀
sϑ

PS
oe
(sϑ | s)1{!e(sϑ) = n⇓}

]
.

With the deterministic context update z⇓ = [z, e, n], the node-edge kernel is

P
(
(n⇓,z⇓) | (n,z),e

)
= PN

oe
(n⇓ | n,z) 1{z⇓ = [z,e,n]}.

Define the node-level target/avoid sets by lifting through ∋ :

GN := ∋(G ), FN := ∋(F ), GN ≃FN =⊋.

The kernel is absorbing on GN ⇒FN . Therefore (X ,U ,P) with X = N ′Z , U = E ,

and transition kernel P is a well-defined MDP on the node-edge space.

Value equals reachability probability (undiscounted first exit)

Define decision-epoch hitting times

%G := inf{t → 0 : nt ↔ GN},

%F := inf{t → 0 : nt ↔ FN},

% := %G ⇐ %F . (B.1)
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With the entrance reward r(n,z,e,n⇓) = 1{n⇓ ↔ GN} and undiscounted first–exit return

R :=
%↘1

∀
t=0

r(nt ,zt ,et ,nt+1),

we have the pathwise identity

R = 1{%G < %F}.

Indeed, exactly one nonzero reward can occur—on the unique transition that first enters

GN (if any); if FN is hit first, all rewards are zero and the episode terminates.

For any policy µ on the node–edge MDP (X ,U ,P) with X = N ′Z , U = E ,

and kernel P((n⇓,z⇓) | (n,z),e),

V µ(n,z) := Eµ


%↘1

∀
t=0

r(nt ,zt ,et ,nt+1)

∣∣∣∣∣ (n0,z0) = (n,z)



= Pr
µ

(
%G < %F | n,z

)
. (B.2)

The corresponding Bellman relations are the standard reach-avoid equations:

V µ(n,z) = ∀
e

µ(e | n,z)∀
n⇓

PN
oe
(n⇓ | n,z)

[
1{n⇓ ↔ GN}

+1{n⇓ /↔ GN ⇒FN}V µ(n⇓, [z,e,n])
]
, (B.3)

with boundary conditions V µ(n,z) = 1 for n ↔ GN and V µ(n,z) = 0 for n ↔ FN . The

optimality version replaces the inner expectation by a maximization over e ↔ O(n,z). If

a discount factor ∗ ↔ (0,1) is preferred, define R∗ = ∀%↘1
t=0 ∗ t r(nt ,zt ,et ,nt+1) and note that
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pathwise R∗ = ∗%G ↘11{%G < %F} so

V µ
∗ (n,z) = Eµ [R∗ | n,z]

= Pr
µ
(%G < %F | n,z)Eµ

[
∗%G ↘1 | %G < %F ,n,z

]
. (B.4)

The discounted value is therefore proportional to the success probability with a positive

factor depending on the success time; when search evaluates leaves at an approximately

fixed depth this factor is effectively constant so ranking by V µ
∗ coincides with ranking by

reachability, and if a probability scale is required one may normalize by depth or divide

by an empirical estimate of the factor computed from the dataset.

Expectile losses on the node–edge MDP

Let D = {(nk,z0:k↘1,ek,nk+1)} be logged transitions from a behavior policy µb(e |

n,z). Define the entrance reward rk = 1{nk+1 ↔GN} and the terminal flag termk = 1{nk+1 ↔

GN ⇒FN}. Write ) for trainable parameters and ) ⇓ for an EMA target.

From the Bellman equation under µb,

V µb(nk,z0:k↘1) = E[rk + ∗(1↘ termk)V µb(nk+1,z0:k)] ,

we form the one-step target

yk = rk + ∗(1↘ termk)V) ⇓(nk+1,z0:k).
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We then minimize the expectile–TD loss

Lval()) = ED
[
&%e

(
yk ↘V) (nk,z0:k↘1)

)]
,

&%(u) =
∣∣% ↘1{u < 0}

∣∣u2. (B.5)

While original TD with symmetric MSE is tailored to online RL where fresh on-

policy samples expand coverage and the Bellman contraction drives V) toward the true

value as data grows, our setting is offline. We train on a fixed batch, so TD error is re-

duced only on the logged support, and bootstrap propagation outside that support can

induce overestimation on unseen actions or edges. To guard against this, we adopt the

expectile TD loss with a pessimistic level %e < 0.5, which penalizes positive residuals

V) ↘ yk more than negative ones and yields a conservative value on under-supported re-

gions. The objective remains a simple and stable TD regression that avoids importance

weighting. With ∗ = 1 and first-exit rewards, V) (n,z) approximates Pr(%G < %F | n,z),

and %e provides a clean knob to trade off recall and caution during planning under offline

data constraints.

B.0.2 Dataset Details

Plug Insertion Environment

Collection. We used teleoperation with four operators to cover all admissible insertion

orders for each receptacle type (e.g., all permutations for 3–socket plates and for 2–socket

plates). The insertion order for strips is fixed from right to left due to limited viewpoints.

Operators received order guidelines beforehand so each trajectory explicitly followed a

target sequence (e.g., small↓ round↓ rectangular). For every run we logged time–
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Figure B.1: Data Statistics from human demonstrations in plug insertion environment

stamped robot state (arm pose, gripper command), RGB images, and camera calibration.

Subgoal labels. From the logs we derive a minimal set of discrete subgoals tied to

gripper state transitions and the target order:

• Grasp-x: open↓ close near plug x,

• Insert-x in y: close↓ open at socket y.

A trajectory thus becomes a chain of subgoals aligned to the instructed order (e.g.,

grasp-small charger↓ insert-small charger in rightmost plug↓ grasp-round

charger↓ · · · ).

Scene snapshots. Around each transition time, we extract a short image window and

select the central frame as the scene for that subgoal.

Scene graph construction. For every scene, we build a 2D scene graph containing:
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• Gripper node: 2D image location obtained by projecting the measured 3D gripper

pose into the camera frame using known intrinsics/extrinsics.

• Object nodes: bounding–box proposals from GroundingDINO [106]; a VLM (Gem-

ini [2]) assigns semantic names (e.g., small, round, rectangular) to crops via

text prompts seeded by the task vocabulary.

• Relations (edges): coarse spatial relations between nodes (e.g., charger inside left-

most plug), inferred from box geometry and, when ambiguous, VLM judgments.

Output triplets. Each subgoal yields a {image, scene-graph, label} triple: the raw im-

age, a graph with the gripper 2D position, object boxes, relations, and the symbolic sub-

goal induced by the gripper transition and the instructed order.

Data Statistics Figure B.1 visualizes the empirical per–path success rate for the plug–insertion

task from human demonstrations. Each tree enumerates all candidate insertion paths

(from the root start to a leaf), where a leaf corresponds to a complete order of socket

types (small, round, rectangular). The number under each leaf is the estimated suc-

cess probability p̂succ = ωsuccesses/ωtrials for that path, and node color encodes this

value (red ↓ high, blue ↓ low). The left panel reports the 3-charger setting and the

right panel the 2-charger setting. The distribution is skewed: in 3–3-charger, sequences

such as small ↓ round ↓ rectangular are highly reliable (0.96), while any path in-

volving rectangular early tends to fail (0.00–0.18). In a 2-charger, several paths are

near–perfect (e.g., round ↓ small and small ↓ rectangular both at 1.00), whereas

rectangular↓ small is weak (0.09).
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Figure B.2: Data Statistics from human demonstrations in the drawer packing environ-
ment

Drawer Packing Environment

Collection. We used teleoperation with a leader–follower arm setup to collect demon-

strations of drawer packing. Four operators performed trajectories covering all admissible

object–placement orders across different categories (boxed food, cans, etc.). For each

run, the teleoperator followed a target guideline (e.g., pick box ↓ put on table

↓ grasp canned spam ↓ put in drawer) ensuring coverage of Pick, Push, and

Leave strategies. The initial scene includes two types of distractors—boxed food items

and cans placed on (or near) the drawer surface. The task, conditioned on the language

instruction, is to select the specified can (spam or salmon), place it inside the drawer,

and then close the drawer. The dataset logs include time–stamped robot states (joint an-

gles, gripper signal), RGB observations, object poses from the MuJoCo simulator, and

synchronized language instructions.
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Subgoal labels. From the logs we derive a minimal set of discrete subgoals aligned

with gripper state transitions and the target order. Each trajectory is segmented into a

chain of symbolic steps:

• Pick-x: grasp and lift a distractor object x from the table,

• Push-x: displace object x away to clear space,

• Grasp-y: grasp the target food item y (e.g., canned spam, salmon),

• Put-y on drawer: place y into the top drawer,

• Close drawer: close the top drawer with the gripper.

Thus, each demonstration becomes an ordered sequence of subgoals (e.g., push box

↓ grasp spam ↓ put spam on drawer ↓ close drawer), which provides the

symbolic scaffold for scene–graph based reasoning.

Scene graphs are constructed in the same method as a plug insertion environment.

Data Statistics Figure B.2 illustrates the empirical per–path success rate in the drawer–packing

task. Each tree expands all candidate sequences from the root start to a leaf, where a

leaf specifies a complete decision (e.g., placing Spam or Salmon). The numeric value

under each node is the estimated success probability p̂succ = ωsuccesses/ωtrials, and the

node color encodes this value (red ↓ high, blue ↓ low).

In the boxed food setting (left), the distribution is uneven: Push actions are con-

sistently reliable (1.00 for both items), while Pick yields moderate success (0.55) and

Leave is weak (0.30–0.35). In contrast, the can setting (right) shows a sharper split:

Pick is highly reliable (0.91–1.00), Push succeeds less often (0.45), and Leave almost
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always fails (0.00–0.05). This highlights how different object types bias subgoal feasibil-

ity—pushing works well for boxed food, while picking dominates for cans.

Simpler Environment

Collection and Setup. In this environment, we replace teleoperation with autonomous

rollouts from a fine-tuned !0 policy. Each trajectory is labeled with a binary success

signal from the environment. We segment behavior into two edge types parameterized

by the 2D gripper position: grasp↘x and put x on top of y. The grasping interval is

annotated using the environment log flag info["is src obj grasped"].

Data Statistics. We collected 576 trajectories across four objects: eggplant (72),

carrot (192), spoon (120), and cube (192). Table B.1 summarizes per-object grasp

and success outcomes.

Table B.1: Simpler environment outcomes per object. Rates are ω / total (%).

Object Total Grasped Success

eggplant 72 66 (91.7%) 60 (83.3%)

carrot 192 112 (58.3%) 48 (25.0%)

spoon 144 77 (53.4%) 56 (38.8%)

cube 192 128 (66.7%) 32 (16.7%)

Overall 600 376 (65.3%) 195 (33.9%)

Real-World Environment

Collection and Setup. We study a cabinet–packing task where the agent must place

either a sponge or a towel into a lidded cabinet bin and close it. For sponge trials,
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Figure B.3: Data Statistics from human demonstrations in the real-world environment

a clock distractor is present inside the bin; operators could (i) push the clock aside,

(ii) pick it up and place it elsewhere, or (iii) leave it and insert the sponge. For towel

trials, operators either fold once before insertion or insert as is. A rollout is marked as

successful if the lid fully closes with no protrusion. We used an OpenManipulator-Y arm

under leader–follower teleoperation, logging at 20HZ.

Subgoal labels. From the time–stamped logs (20 Hz) we derive a minimal set of dis-

crete subgoals aligned with gripper state transitions and the target order. Each trajectory

is segmented into a chain of symbolic steps:

• Pick-x: grasp and lift a distractor x (e.g., the clock) and relocate it,

• Push-x: displace x to clear space without grasping,

• Fold-towel: fold the towel once prior to insertion (towel trials only),

• Place y in cabinet: insert the target item y (e.g., sponge, towel) into the cabinet

bin,
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• Close cabinet: close the lid with no protrusions.

The leave strategy denotes omitting any distractor–handling step. Thus, each demonstra-

tion becomes an ordered subgoal sequence, e.g., push clock ↓ place sponge in

cabinet ↓ close cabinet (sponge–push), pick clock ↓ place sponge in cabinet

↓ close cabinet (sponge–pick), place sponge in cabinet ↓ close cabinet

(sponge–leave), fold towel ↓ place towel in cabinet ↓ close cabinet (towel–fold),

or place towel in cabinet ↓ close cabinet (towel–leave), which provides the

symbolic scaffold for downstream scene–graph–based reasoning and analysis.

Data Statistics. Figure B.3 visualizes the empirical per–path success rate for the cab-

inet–insertion task, with each root-to-leaf path representing a complete subgoal sequence.

The numeric label under each node is the estimated success probability p̂succ = ωsuccesses/ωtrials,

and node color encodes this value.

In sponge trials (with an internal clock distractor), Push-clock dominates (0.95,

20/21), Pick-clock is moderate (0.47, 9/19), and Leave almost always fails (0.05, 1/20).

In towel trials, Fold before insertion is highly reliable (0.90, 18/20), whereas Leave

is weak (0.15, 3/20). Overall, handling the distractor (push/pick) or preparing the de-

formable item (fold) is crucial for success, while omitting these steps yields poor out-

comes.

B.0.3 Ablation Studies

Tree Search Algorithm To validate our choice of a Monte Carlo Tree Search (MCTS)-

like algorithm, we compare it against a standard Depth-First Search (DFS) baseline in the

plug insertion task (Figure B.4). While both methods achieve an identical 80.0% success

rate in the seen setting, their performance diverges in the more challenging unseen set-
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Figure B.4: Comparison between tree search algorithms. On plug insertion, MCTS’s
value-guided search yields a similar success rate and faster inference than fixed-order
DFS.

Table B.2: Weight merging for language backbone in plug insertion environment. In-
terpolating shared layers between !0 and PaliGemma via ∀m yields a clear optimum at
∀m = 0.6; heavier bias to either model reduces overall and unseen success.

∀m Seen SR. Unseen SR. Avg. SR.

0.5 0.756 0.356 0.555

0.6 0.800 0.422 0.611
0.7 0.733 0.289 0.511

0.8 0.422 0.244 0.333

ting. Here, our MCTS-like approach achieves a higher success rate (42.2% vs. 39.1% for

DFS). More importantly, it is significantly more computationally efficient, reducing the

average execution time by nearly 10 seconds (28.37s vs. 38.09s for DFS). This efficiency

stems from MCTS’s guided exploration, which uses the value function to prioritize more

promising branches. In contrast, DFS explores paths in a fixed order, often wasting com-

putation on unfeasible plans. This confirms our search strategy is not only more effective

at generalizing but also makes better use of computational resources.
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Weight Merging of Language Backbone We ablate backbone weight merging [109]

between PaliGemma [7] and the !0 [1] trunk. Specifically, we linearly interpolate the

shared layers,

) merge
g (∀m) = ∀m ) !0

g +(1↘∀m)) PG
g ,

while keeping non-overlapping heads separate and training LoRA [110] on top.

Table B.2 shows the effect of varying interpolation weight ∀ . Performance peaks at

∀m=0.6 , achieving our best results with a seen success rate of 0.800, an unseen success

rate of 0.422, and an average of 0.611. Decreasing the weight to ∀m=0.5 (giving more

weight to PaliGemma) maintains a high seen success rate (0.756) but harms generaliza-

tion, with the unseen rate dropping to 0.356. Conversely, increasing the weight towards

!0 with ∀m=0.7 (Seen: 0.733, Unseen: 0.289) and ∀m=0.8 (Seen: 0.422, Unseen: 0.244)

leads to a steep decline in performance across all metrics. This highlights the importance

of finding a careful balance between the general linguistic knowledge from PaliGemma

and the specialized action representations from the !0 trunk to achieve both strong in-

distribution performance and robust generalization.
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Chapter C

Appendix 3: Persona-Based Interac-

tive Robot System

This appendix provides supplementary materials supporting the main findings of the

study. Section C.1 details the human-subject experiment protocols, including partici-

pant instructions, phase descriptions, and persona information used during the interactive

sessions. Section C.2 presents additional quantitative and qualitative analyses, such as

satisfaction comparisons among personas, the impact of facial expressions and motion

cues, and representative post-study comments. Finally, Section C.3 outlines the struc-

tured prompt templates used throughout model-based motion and expression generation,

describing the roles of motion selection, expression integration, state initialization, and

state transition in building coherent persona-driven behaviors.

C.1 Human Subject Studies Protocols

This section describes the procedures, instructions, and materials used in our human-

subject experiments. All interactions are non-contact and occur with the robot operating

safely inside a transparent fence; participation is voluntary and responses are anonymized.
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Hello, and thank you for taking the time to participate. A robot inside a glass fence will

recognize and respond to the user’s actions. The actions recognized by the robot are as follows:

- Approaching - Looking at the robot / not looking - Raising one hand / raising both hands / not

raising hands - Waving / not waving

Based on these given factors, you can communicate with the robot non-verbally. Please interact

with the robot for about one minute and then fill out the questionnaire. No personal information is

collected, and you may withdraw at any time without penalty.

Phase 1 In Survey Phase 1, the objective is to test whether users can identify the in-

tended personality of the robot.
In Survey Phase 1, the objective is to test whether users can identify the intended personality of

the robot. We embed one random personality in the robot, and participants focus on whether the

robot feels introverted vs. extroverted and agreeable vs. disagreeable. Please base your judgment

on the robot’s motion and responsiveness rather than appearance. There are no “right” answers;

use your best impression when completing the ratings (e.g., on a Likert scale).

Phase 2 In Survey Phase 2, the objective is to test whether users can recognize which

film character the robot is trying to mimic.
In Survey Phase 2, the objective is to test whether users can recognize which film character the

robot is trying to mimic. We embed one random character in the robot and test whether the user

can identify it. To reduce bias, the survey first asks you to list a few keywords that describe the

robot; on the next page, you will choose the closest character that matches the robot’s personality.

Please keep in mind that our robot does not mimic the character by appearance, but rather by

personality and behavioral style. If you are unsure, select the option that best matches the traits

you perceived during interaction.
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Character-Based Persona Additional Guidelines To help participants better under-

stand the objective of the study, we provide an example persona before starting the actual

survey. This example is illustrative only and is not part of the evaluation; during the main

task, rely on the observed behaviors rather than visual resemblance.
Here is an example of mimicking a persona. In this case, the robot represents “Peter Parker”

from Spider-Man 1 (pre-hero persona). We are not representing the heroic characteristics of

Spider-Man, but rather Peter himself: a nerdy yet friendly neighbor (we show a still image from

the movie for context). As you see here, the robot reads a book when no one is engaging (a “nerdy”

behavior), but actively greets you by waving or bowing when you initiate interaction (a “friendly

neighbor” behavior). Note that in the real study, the robot’s behaviors are stylized through motion

and simple expressions; costume, voice, or props are not used.

Information of Characters To help the participants better understand the characters

that is given, we provide an breif summary of those characters as follows:
1. Spock (from Star Trek): Stoic and logical; does not casually express emotions.

2. Scrooge: Greedy, grumpy, and miserly, especially before redemption.

3. Captain America: Embodies patriotism and virtue; principled and dependable.

4. Cowardly Lion: Characterized by timidity and self-doubt despite good intentions.

5. Minions: Mischievous, lively, spirited, and often brave in a playful way.

6. Sloth (Priscilla): Relaxed temperament and slow, unhurried actions.

During selection, use these brief descriptions as personality cues. If you are unfamiliar with a

character, choose the one whose traits most closely match your impression of the robot.

C.2 Additional Results

Satisfaction among Character Personas Our objective is to compare overall user sat-

isfaction across different character personas; Figure C.1 summarizes the distribution and
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Figure C.1: Satisfaction among Character Personas

pairwise contrasts. We conducted a one-way ANOVA with persona as a fixed factor and

satisfaction score as the dependent variable. The omnibus test showed a significant effect

of persona on satisfaction, F(3,104) = 7.30, p < .001, with a medium effect size (partial

.2 = .174). Post-hoc pairwise comparisons (Tukey HSD) indicated that the Minion per-

sona yielded higher satisfaction than each of the other characters: Minion vs. Cowardly

Lion (p < .001), Minion vs. Scrooge (p = .003), and Minion vs. Spock (p < .001). No

other pairwise differences were significant.

Post-study Comments After completing all survey phases, participants were invited

to provide open-ended comments about their experience. This section aimed to collect

qualitative feedback on the robot’s behavior, perceived personality, and overall engage-

ment level. Participants were encouraged to freely describe what aspects felt natural or

confusing, as well as suggest any improvements for future studies. Their insights helped

contextualize the quantitative results and provided valuable cues for refining the robot’s
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expressive and interactive design.

Minions:
1. Judging by the constant peek-a-boo, it seemed like a friend with a strong sense of playfulness.

Also, since it appeared to yawn when we didn’t move, it seemed to get bored quickly if not

engaged, representing mischief character.

2. When I see the Minions, it look like Minions, but their large size doesn’t seem to match well

with my perception.

3. At first, while being happy to meet for the first time with a mischievous expression, I chose

the playful Minion because of its active interactions. However, from the middle, it seemed to get

tired or started showing expressions of annoyance, which also seems to resemble the behavior of a

Minion.

4. When I only saw the arm motions, I was confused, but after seeing the facial expressions on the

pad, I could clearly understand.

Cowardly Lion
1. The response was slower than I expected, so it felt somewhat like a sloth, but it often made

crying or scared expressions, which made me feel it was closer to the Cowardly Lion. It would

have been more interesting if the response speed or the variety of scenarios had been more diverse.

2. The robot seemed to interpret the action of waving arms as an act of aggression, taking a

defensive posture and shedding tears as if it was afraid of humans.

3. It seems to resemble the expressions seen on the screen, such as looking flustered, scared, or

frightened. The hand gestures also appear to match the description as being defensive, but it might

be difficult without the screen or hand gestures.

Scrooge
1. I was confused between Scrooge and the Minions, but it didn’t seem to act lively and spirited,

so I chose Scrooge haha. Even when the robot ignores or rejects my greeting, I feel a bit upset :(.

It seems like it’s because the robot appears to have its own personality!

2. It is always angry. Normally, it reads books.

3. It does seem to be an angry situation, but I wish there were more diverse actions! It would be

nice if it responded to other actions besides just waving hands!
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Figure C.2: Impact of Facial Expression (Personality Persona)

Spock
1. The difference in facial expressions is not pronounced, making it difficult to discern whether

the object has been recognized. It’s confusing what emotion making an X sign with the hands is

supposed to express.

2. I chose Spock because it is indifferent to people and dislikes approaching them. However, the

expression of indifference (making an X sign with the hands) was not very delicate, causing some

confusion during the experiment.

3. It seems to be rejecting people and has its mouth tightly closed, so I thought it resembled

Scrooge the most.

4. It is impossible to understand the message it is trying to convey, and I am not feeling the

interaction.

Impact of Facial Expression (Personality Persona) Our objective here is to assess

whether adding facial expressions improves persona identification for the extroversion

and agreeableness dimensions; Figure C.2 summarizes the conditions and outcomes.

We performed a two-way MANOVA to examine the effects of three key factors: the

robot’s persona (extroversion and agreeableness) and the presence or absence of fa-

cial expressions. The interaction effect between facial expression condition and the ex-

226



Figure C.3: Effect of Motions and Facial Expressions (Personality Persona)

troversion persona on extroversion scores was not statistically significant, F(1,60) =

0.855, p = .329, partial .2 = .014. Similarly, the interaction effect between facial ex-

pression condition and the agreeable persona on agreeableness scores was not signifi-

cant, F(1,60) = 1.237, p = .270, partial .2 = .020. Therefore, no significant differences

were found attributable to the presence or absence of facial expressions in persona iden-

tification.

Effect of Motions and Facial Expressions (Personality Persona) Our objective in

this analysis is to quantify how motion and facial expressions contribute to correct per-

sona identification; Figure C.3 summarizes the ablation conditions and outcomes. We

define the fitting metrics as follows: Ext.-Fitting-Score equals the E-score when the per-

sona is extroverted and 100↘E when introverted; Agr.-Fitting-Score equals the A-score

when the persona is agreeable and 100↘A when disagreeable. We compared four abla-

tion conditions (Proposed, w/o Face, Random Face, Random Motion). ANOVA revealed a

significant effect of condition on Agr.-Fitting-Score, F(3,112) = 3.129, p = .029, partial
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.2 = .052. Post-hoc comparisons (Tukey) indicated that Ext.-Fitting-Score was higher

for Proposed than for Random Motion (p = .015); for Agr.-Fitting-Score, significant dif-

ferences were observed for Proposed vs. Random Motion (p = .046), Random Motion

vs. Random Face (p = .007), and Random Motion vs. w/o Face (p = .015). Notably,

agreeableness identification appeared better under randomized motion; given limited sta-

tistical power, these ablation results should be interpreted with caution. Overall, the pat-

tern suggests that motion cues have a stronger influence on extroversion, whereas facial

expressions may be more informative for agreeableness in our method.

C.3 Prompts

Motion Selection To generate motion responses that align with each persona type, we

designed a set of structured prompts used to guide the model during the motion selection

stage. These prompts aim to elicit behaviorally and semantically coherent motion outputs,

reflecting the personality attributes defined in each condition. The following illustrates

the exact prompt template used in the experiment:
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System Prompt

I am [persona] robot that is interacting with users. I can interact with the users by motions,

depending on the user’s actions. I want to make a finite-state machine to interact with the user. I

have a set of motions that I can do, and I have a set of observations that I can observe from the

user. I can conduct the following actions: [motions]

We have 4 different observations:

1. hand up: The number of person’s raised hand

2. distance: The distance between the person and the robot

3. gaze: The gaze of the person on the robot

4.hand velocity: The velocity of the person’s hand. This would mean how fast the person’s hand is

waving.

5. approaching vel: The velocity of the person’s approaching to the robot. This would mean how

fast the person is approaching the robot.

User Prompt

You are [persona] robot that is interacting with users. Choose motions that you want to play,

considering your persona. Choose at least 0.25[M] and at most 0.5[M] motions. Try to choose the

minimum motion that only fits your persona. Please choose from the following motions: [motions]

Please answer in the following format: state 1, state 2, ... . Try to choose different meanings of

motions that can be used in different situations

Expression Integration To investigate how facial expressions contribute to perceived

persona consistency, we constructed prompts that explicitly link emotional cues to the

robot’s behavioral context. These prompts guide the model to integrate facial expres-

sions that align with both the ongoing motion and the underlying persona traits, ensuring

coherent multimodal expression. The following presents the prompt template used for

this stage:
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System Prompt

I am [persona] robot that is interacting with users. I can interact with the users by motions,

depending on the user’s actions. I want to make a finite-state machine to interact with the user. I

have a set of motions that I can do, and I have a set of observations that I can observe from the

user. I can conduct the following actions: [selected motions]

User Prompt

For each state, we want to estimate the facial expression of the motion. The facial expression

should be in the following labels: [facial expression set]

What would be the facial expressions for state current motion Please answer in following format:

speed: face Please adapt the robot persona, [persona] , and give explanation for your answer.

State Initialization Before generating any motion or expression, the model requires

an initial contextual setup that defines the scene, task objective, and persona condition.

We designed initialization prompts to establish this shared context, ensuring that subse-

quent motion and expression generations remain consistent with the intended role and

environment. The following shows the prompt template used for initializing the state:
System Prompt

I am [persona] robot that is interacting with users. I can interact with the users by motions,

depending on the user’s actions. I want to make a finite-state machine to interact with the user. I

have a set of motions that I can do, and I have a set of observations that I can observe from the

user. I can conduct the following actions: [selected motions]

User Prompt

which state should the robot start with? Please adapt the robot persona, [persona] and the answer

should be in the following format: state: , with the explanation

State Transition To enable coherent progression across interaction stages, we designed

prompts that describe how the robot should transition from one state to another while
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maintaining task continuity and persona consistency. These prompts condition the model

to generate context-aware intermediate behaviors, ensuring smooth and natural tran-

sitions between consecutive motion or expression states. The following provides the

prompt template used for state transitions:

System Prompt

I am [persona] robot that is interacting with users. I can interact with the users by motions,

depending on the user’s actions. I want to make a finite-state machine to interact with the user. I

have a set of motions that I can do, and I have a set of observations that I can observe from the

user. I can conduct the following actions: [motions]

We have 4 different observations:

1. hand up: The number of person’s raised hand

2. distance: The distance between the person and the robot

3. gaze: The gaze of the person on the robot

4.hand velocity: The velocity of the person’s hand. This would mean how fast the person’s hand is

waving.

5. approaching vel: The velocity of the person’s approaching to the robot. This would mean how

fast the person is approaching the robot.

User Prompt

what would be the next state from [current state] ? The robot observations: [observation]

Try to answer in a way that fits the persona of the robot and the current state. In addition, just

generate one candidate, and you can choose the same state as the next state. Try to generate diverse

states that use all different motions and different motions from the different observations. Please

generate the explanation for the answer first and choose one motion
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Chapter D

Appendix 4: Unified Framework for

Interactive Motion Reasoning and Gen-

eration

This appendix provides a comprehensive set of supplementary materials that rein-

force the main findings of the research. The appendix begins with motion representation

and motion token representation (Sec.D.1), followed by ablation studies on the pretrain-

ing method (Sec.D.2), along with ablation studies on the motion tokenizer (Sec.D.3), the

demonstration for expansion to multiple human (→ 3) motion generation (Sec.D.4), and

illustrations of the data collection pipeline (Sec. D.5). More detailed results for traditional

motion-related tasks are presented (Sec.D.6), limitations (Sec.D.7), and implementation

details for the proposed methods (Sec.D.8) and baselines models trained for interactive

motions (Sec.D.9). Task explanations cover motion editing and reasoning (Sec.D.10),

with implementation details of two-stage baselines (Sec.D.11). The evaluation metrics

for traditional motion-related tasks are presented in Sec. D.12. Further sections include

templates for pre-training and instruction tuning (Sec.D.13), data visualization and statis-

tics (Sec.D.14, Sec.D.15), qualitative results (Sec.D.16), user study protocols (Sec.D.17).
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D.1 Motion Representation and Motion Token Representation

For two persons a and b, we denote the interactive motion as {ma,mb}, following

non-canonical representation from [89]. Each timestep of the motion mi = [jp
g , jv

g, jr,c f ]

is composed of global joint positions jp
g ↔R

3Nj , global joint velocities jv
g ↔R

3Nj , 6D rep-

resentation of local rotations jr ↔ R
6Nj , with the number of joints Nj, and binary ground

contact features c f ↔R
4. This non-canonical representation is applied for both interactive

motions and single-person motions. All the motions are represented in an SMPL-X [152]

format.

Motion tokenizer encodes the interactive motion into discrete residual tokens in depth

D, based on latent vector z.

RQ(zi;C ,D) = (ki
1, · · · ,ki

D) ↔ [K]D (D.1)

where C is the codebook, K = |C|, D is a depth, and ki
d is code of z at timestep i with

depth d.

The interactive motion token sequence is represented as Xm = {k1;a
1:D,k

1;b
1:D, · · · ,k

L;a
1:D,k

L;b
1:D},

where Xm is a sequence of motion represented in unified vocabulary and ki;a
1:D ↔ [K]D is
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the i-th token of motion a. In particular, the motion token is represented as below:

Xm = {<motion token start>,

<motion token a start>, k1;a
1 , · · · ,k1;a

D , <motion token a end>,

<motion token b start>, k1;b
1 , · · · ,k1;b

D , <motion token b end>,

· · ·

<motion token a start>, kL;a
1 , · · · ,kL;a

D , <motion token a end>,

<motion token b start>, kL;b
1 , · · · ,k:;b

D , <motion token b end>,

<motion token end}

where <motion token start>, <motion token a start>, <motion token b start>,

<motion token a end>, <motion token b end>, and <motion token end> is a spe-

cial token added to the unified vocabulary. For modeling single-motion in pre-training

we omitted the input string about motion token b.

D.2 Ablation Studies on Pretraining Method

Table D.1: Ablation studies in pertaining stage for three motion-related tasks on InterX
and Interhuman dataset.

Methods Data
Trainable M2T T2M Reaction Gen.

Params R Top3 △ R Top3 △ FID ▽ MPJPE ▽ FID ▽

Real - - 0.867 0.869 0.00 - 0.00

MotionGPT↑ InterX+H 248M 0.518 0.280 0.178 1.338 0.364

MoLaM-VQ InterX+H 726M 0.709 0.511 0.181 1.750 0.181

MoLaM (Ours) InterX+H 726M 0.721 0.427 0.161 1.494 0.157

MoLaM (Ours) InterX+H + MotionX 726M 0.729 0.464 0.172 1.236 0.131
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We conducted ablation studies on the pertaining method. All the baselines are pre-

trained models, not including the fine-tuning stage. To evaluate the effectiveness of our

pretraining approach, we conducted ablation studies comparing different methods on

three motion-related tasks: Motion-to-Text (M2T), Text-to-Motion (T2M), and Reaction

Generation. As shown in Table D.1, we compared our proposed method, MoLaM, against

MotionGPT↑ and MoLaM-VQ, using the InterX [88] and Interhuman (H) datasets [89].

MotionGPT↑ serves as a baseline with 248M trainable parameters, achieving a retrieval

Top3 score of 0.518 in M2T and 0.280 in T2M, with corresponding FID scores of 0.178

and 1.338 for T2M and Reaction Generation, respectively. MoLaM-VQ, with 726M pa-

rameters, improves the M2T retrieval Top3 to 0.709 and T2M retrieval Top3 to 0.511,

while maintaining competitive FID scores.

Our method, MoLaM, further enhances performance by achieving a retrieval Top3

of 0.721 in M2T and reducing the T2M FID to 0.161, alongside an MPJPE of 1.494

and FID of 0.157 in Reaction Generation. Notably, when incorporating the additional

MotionX [154] dataset, MoLaM achieves the highest M2T R Top3 of 0.729 and the

lowest FID scores of 0.172 in T2M and 0.131 in Reaction Generation, demonstrating

the substantial benefits of our comprehensive pretraining strategy. These results indi-

cate that our approach not only outperforms existing models in generating accurate and

high-quality motions but also effectively leverages additional data to enhance interactive

motion understanding and generation. The ablation studies highlight the critical role of

our pretraining methodology and the integration of diverse datasets in achieving superior

performance across multiple interactive tasks.
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Table D.2: Ablation Studies on motion tokenizer base model. We compared VQ-VAE-
based tokenizer and the RQ-VAE-based model.

Methods
Reasoning Editing M2T T2M Reaction Gen.

Coh. △ Align. △ Nat.△ MPJPE ▽ FID ▽ R Top3 △ R Top3 △ FID ▽ MPJPE ▽ FID ▽

MoLaM-VQ 5.004 4.256 6.915 0.892 0.128 0.861 0.601 0.101 1.109 0.055

MoLaM (Ours) 5.252 4.511 6.981 0.758 0.064 0.901 0.568 0.059 0.691 0.019

D.3 Ablation Studies on Motion Tokenizer

We conducted ablation studies comparing the VQ-VAE-based model with our RQ-

VAE-based approach, as shown in Table D.2. The RQ-VAE-based motion tokenizer out-

performed the VQ-VAE model in motion reasoning tasks, achieving higher scores in

coherence, alignment, and naturalness. This improvement is attributed to reduced infor-

mation loss, allowing our model to capture finer motion details while also enhancing its

motion-to-text retrieval precision.

For generation and editing tasks, the VQ-VAE model achieved slightly better text-to-

motion retrieval accuracy but performed worse in FID and MPJPE across editing, reaction

generation, and T2M tasks, indicating degraded motion quality and less precise motion

details. In contrast, our approach reduced MPJPE by 0.055 for reaction generation, pre-

serving joint dynamics and producing more realistic and natural motions. VQ-VAE’s lim-

itations are especially problematic for modeling interactive motions, where precise rel-

ative positioning is crucial, making its information loss and reconstruction quality more

evident.

We analyzed the effect of varying codebook size (128, 256, 512, 1024) and code depth

(2, 3, 4, 5) on both reconstructed motion quality (measured by FID) and retrieval preci-

sion at top-3, and observed that increasing the codebook size from 128 to 512 reduced

FID while simultaneously improving retrieval precision, indicating richer and more ac-
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Figure D.1: Ablation Studies on codebook size and depth. We measured Top-3 retrieval-
precision accuracy and FiD on the reconstructed motion.

curate motion representations, whereas moving to 1024 yielded diminishing returns at

higher computational cost. Likewise, increasing the code depth from 2 to 4 provided

better reconstruction quality and retrieval performance by allowing the model to cap-

ture more complex motion patterns, but further increasing the depth (e.g., to 5) showed

marginal or even negative gains. Consequently, we selected 512 codes and a depth of 4

as the best trade-off between quality, retrieval accuracy, and efficiency.

D.4 Expansion to Multi-Human Motion (→ 3) Generation

Generate interactive motions where three people are engaging 
with each other while chatting

[motion a], [motion b]
Generate another reactive motion based on [motion a]

[motion c]

(Merged)

Figure D.2: Our method demonstrates its extendability by generating multi-person in-
teractions (→ 3 people) through iterative prompting. Despite being trained on two-person
scenarios, our framework conditions new motions on prior interactions, enabling the syn-
thesis of natural group dynamics from textual descriptions.

Our method demonstrates the capability to extend motion generation to multi-person
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interactions (→ 3 individuals) through iterative prompting, despite being trained exclu-

sively on two-person motion scenarios. Specifically, we first generate motion for a pair

of individuals based on the given text description, and then the motion of additional par-

ticipants is synthesized while conditioning on the pre-existing interactions. This approach

ensures that the newly generated motions remain coherent and contextually appropriate

within the evolving group dynamics. We argue that this extendability is a key advantage

of our versatile framework, as it allows for the scalable generation of complex human

interactions without requiring additional multi-person training data. An example of this

process is illustrated in Figure D.2, where the model successfully generates a realistic

group conversation scene based on a textual prompt.

D.5 Illustration on Data Collection Pipeline

(a)�Generate�Motion�Captions�&�Instructions

Imagine a scene where two colleagues are in a 
park. One colleague, with a soccer ball, passes 
it to the other. Show me that motion.
[One person runs toward the ball and kicks it 

lightly, aiming to pass it to the other person 
who is ready to receive it with his/her foot.]
Can you describe what happens in the 
continuation of their interaction?
[The second person intercepts the ball, turns 
around to face the first person, and dribbles 

the ball a few steps.]

(b)�Generate�Corresponding�Motion

One person runs toward the ball and kicks it 
lightly, aiming to pass it to the other person 
who is ready to receive it with his/her foot.

InterGEN

The second person intercepts the ball, turns 
around to face the first person, and dribbles 
the ball a few steps.

InterGEN

GPT-4oTemplate prompts [Caption�1]

[Caption�2]

Figure D.3: Overview of synthetic data generation for multi-turn conversations with in-
teractive motions. (a) Motion captions and instructions are generated using GPT-4o based
on interactions between two characters, followed by (b) the corresponding motion being
synthesized using the InterGEN.

We illustrate the data collection pipeline for generating synthetic multi-turn conver-

sations paired with interactive motions. As shown in Figure D.3, GPT-4-based prompts

are used to create captions and instructions, which are then converted into corresponding
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motions using InterGEN [89].

D.6 Additional Results for Traditional Motion Related Tasks

D.6.1 Motion to Text

Table D.3: Motion-to-Text

Methods Ret. Precision
BLEU △ METEOR △ Rouge-L △

Top1 △ Top2 △ Top3 △

task-specific approach

TM2T↑ 0.413 0.589 0.696 0.192 0.386 0.395

unified approach

MotionGPT↑ 0.288 0.405 0.494 0.000 0.000 0.00

MotionGPT↑
I 0.282 0.423 0.503 0.000 0.000 0.00

MoLaM-w/o Inter-MT2 0.677 0.831 0.894 0.220 0.433 0.412

MoLaM (Ours) 0.669 0.842 0.903 0.230 0.441 0.420

Table D.3 presents a comparative analysis of various methods on the motion-to-text

generation task, focusing on retrieval precision and language evaluation metrics such as

BLEU, METEOR, and Rouge-L. Among the task-specific approaches, TM2T↑ achieves

moderate retrieval precision scores, with a Top1 precision of 0.413, and language metrics

of 0.192 for BLEU and 0.386 for METEOR. In contrast, our proposed unified method,

MoLaM, attains significantly higher retrieval precision scores, with a Top1 precision of

0.669, and surpasses TM2T* in all language metrics, achieving a BLEU score of 0.230

and a METEOR score of 0.441. This indicates that MoLaM not only narrows but ef-

fectively reverses the performance gap between task-specific and unified approaches in

this task. The superior performance of MoLaM in both retrieval precision and language
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generation metrics demonstrates its effectiveness in generating accurate and descriptive

textual captions from motion inputs. By achieving higher scores than the task-specific

TM2T↑, MoLaM showcases the potential of unified approaches to not only close but sur-

pass the performance gap traditionally observed between task-specific and unified models

in motion-to-text generation tasks. This advancement underscores the ability of MoLaM

to balance motion understanding and language generation, leading to more coherent and

relevant textual outputs.

D.6.2 Text to Motion

Table D.4: Text-to-Motion

Methods Ret. Precision
FID ▽ Diversity ↓ MMDist ▽

R Top1 △ R Top2 △ R Top3△

Real 0.649 0.807 0.878 0.00 0.988 1.072

task-specific approach

TM2T↑ 0.276 0.437 0.534 0.300 0.676 1.130

MoMask↑ 0.402 0.535 0.612 0.066 0.973 1.128

ComMDM 0.090 0.122 0.201 0.302 0.578 1.201

InterGEN 0.403 0.557 0.645 0.078 0.957 1.115

unified approach

MotionGPT↑ 0.180 0.262 0.328 0.123 0.898 1.167

MotionGPT↑
I 0.175 0.264 0.331 0.118 0.900 1.176

MoLaM-w/o Inter-MT2 0.335 0.466 0.561 0.082 0.922 1.127

MoLaM(Ours) 0.318 0.469 0.568 0.059 0.945 1.126

Table D.4 provides a comparative analysis of various methods on the text-to-motion

generation task, emphasizing the R Top3 retrieval precision metric. Among the task-

specific approaches, MoMask* achieves the highest R Top3 score of 0.844, closely ap-

240



proaching the real data benchmark of 0.878, indicating its superior ability to retrieve

relevant motions corresponding to textual inputs. InterGEN and TM2T* attain R Top3

scores of 0.645 and 0.534, respectively, showing moderate performance in capturing the

top three relevant motions. In contrast, our proposed unified method, MoLaM, achieves

an R Top3 score of 0.568, outperforming other unified methods like MotionGPT↑ and

MotionGPT↑
I , which have lower R Top3 scores of 0.328 and 0.331, respectively. Although

MoLaM does not surpass the task-specific MoMask in R Top3 precision, it narrows the

performance gap between task-specific and unified approaches. Additionally, MoLaM

maintains a favorable FID score of 0.059 and a high diversity of 0.945, suggesting that it

effectively balances motion relevance with quality and variety.

D.6.3 Reaction Generation

Table D.5: Reaction Geneneration

Methods MPJPE ▽ FID ▽
Ret. Precision

MMDist ▽
R Top1 △ R Top2 △ R Top3 △

task-specific approach

MoMask↑ 1.602 0.112 0.109 0.328 0.412 1.178

unified approach

MotionGPT↑ 3.441 0.355 0.079 0.104 0.355 1.246

MotionGPT↑
I 1.486 0.106 0.059 0.128 0.106 1.215

MoLaM-w/o Inter-MT2 0.984 0.031 0.311 0.459 0.554 1.121

MoLaM (Ours) 0.690 0.019 0.381 0.537 0.625 1.110

Table D.5 presents a comparative analysis of various methods on the reaction gener-

ation task, focusing on metrics such as MPJPE, FID, Retrieval Precision, and MMDist.

Our proposed unified approach, MoLaM, achieves the best performance across all evalu-
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ated metrics. Specifically, MoLaM attains the lowest MPJPE of 0.690 and the lowest FID

of 0.019, indicating highly accurate joint position predictions and high fidelity in gen-

erated motions, respectively. In terms of retrieval precision, MoLaM outperforms both

the task-specific method MoMask↑ and other unified approaches, achieving R Top1, R

Top2, and R Top3 scores of 0.381, 0.537, and 0.625. Additionally, MoLaM has the lowest

MMDist of 1.110, suggesting that it generates motions closest to the real data distribu-

tion. The ablation model, MoLaM-w/o Inter-MT2, also performs well but slightly lags

behind MoLaM, highlighting the significance of the Inter-MT2 component in enhancing

performance. These results demonstrate that MoLaM not only narrows but effectively

surpasses the performance gap between task-specific and unified approaches in reaction

generation tasks, showcasing its effectiveness in generating accurate and realistic motion

reactions.

D.7 Limitations and Impact Statement

The expressiveness of our models remains limited when handling complex or previ-

ously unseen actions, indicating a need for further diverse motion source data in its ability

to generalize across diverse motion scenarios. In addition, the sequence length becomes

excessively long as we flatten the residual motion tokens, which can impact efficiency

and computational resources. Leveraging additional transformer models to predict the

residual token can reduce this work. Lastly, our method faces challenges in personal-

ization and interpretability, as motion is inherently ambiguous and users may interpret

the same motion in different ways. Addressing this issue will require incorporating more

tailored approaches that adapt to individual user preferences and expectations through

further human-in-the-loop feedback and refinement processes.
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Broader Impact Statement Our method opens up new possibilities for interactive mo-

tion modeling and understanding, potentially benefiting fields like robotics, virtual en-

vironments, and human-computer interaction. However, as the model evolves, careful

consideration of ethical concerns, such as misinterpretation of motions or unintended

behavioral biases, is crucial.

D.8 Implementation Details

Stage�1:�Motion�Tokenizer

Motion�
Decoder

Motion�
Encoder

Motion�
Codebook

Stage�2:�Pre-training Stage�3:�Instruction�Tuning

������Motion�Language�ModelLarge�Language�Model�+�LoRA

One person is punching 
the second person

Make the second 
person more 
aggressive

Motion�
Decoder

User�start�token
Assistant�
start�token

Merge

Text�
Tokenizer

Text�
Tokenizer

Text�
Tokenizer

Motion�
Encoder

Two people is walking 
forward together with 
holding arms

Text�Token Motion�token�endMotion�token�start

Motion�
Encoder

Motion�Token�A Motion�Token�B

What is happening 
in this motion?

Figure D.4: Method Overview. Stage 1 involves training a motion tokenizer that encodes
and decodes interactive motion data. In Stage 2, we pre-train the model by integrating
motion and text data, allowing it to learn the alignment between text and motion. Stage 3
focuses on Instruction Tuning, fine-tuning the model to follow instructions and improve
its responsiveness to conversational cues.

We set the codebook of the motion tokenizer as K ↔ R512′512 for most comparisons,

with residual depth 4. The motion encoder E incorporates a temporal downsampling rate

l of 4. We utilize LLaMA-3.1-8B [4] as the underlying architecture for our language

model. During the pertaining, we train the large language model (LLM) using a low-

rank adaptor (LoRA) [110], including the embedding layer and the decoder head. The

rank was set as r = 8, + = 16, with the dropout rate set as 0.05. During the instruction

fine-tuning stage, we trained all the parameters. The learning rate was set as 0.0001, the

warm-up ratio as 0.01, the learning rate scheduler with cosine decay, and the AdamW
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optimizer. For single-person modeling, we feed the encoder two identical copies of the

motion. In other words, we concatenate the motion with itself so that the encoder, which

expects two inputs, processes the same motion twice.

In this implementation, we first construct a motion tokenizer by training a motion

encoder–decoder pair (Stage 1), where the encoder converts raw motion data into discrete

tokens and the decoder can accurately reconstruct these motions from the tokens. Next,

during pretraining (Stage 2), we fuse text tokens (from a large language model) with the

motion tokens to jointly model their relationship, ensuring that the textual representations

align with the motion embeddings. Finally, in the instruction-tuning phase (Stage 3), we

refine the entire model using interactive text–motion tasks. Here, the model is trained to

follow higher-level instructions by leveraging both the textual context and the learned

motion tokens, enabling it to generate context-appropriate motions in response to user

queries or commands. Figure D.4 illustrates the overall pipeline of the proposed method.

D.9 Implementation details for Baselines↑

For training MotionGPT [78]↑, TM2T [70]↑ and MoMASK [72]↑ in the interactive

motion dataset, we have utilized the Flan-T5-base model [163] as a base large language

model. We trained the model with Interhuman [89] and InterX [88] dataset, with the

non-canonical representation, the same as the proposed method. To model the interactive

motion, motion tokens of a person “A” and “B” are fed interleaved such as,

<motion token start>,k1;a,k1;b,k2;a (D.2)
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, where ki;a is the i-th token of motion a. Although scaling up the model can improve

the performance, we conducted the experiment with the same base model as the origi-

nal paper from MotionGPT [78] and Motionchain [79]. The original paper reported that

increasing the model size did not significantly improve the model’s performance. We

followed same motion token representation as MotionGPT↑ for both TM2T [70]↑ and

MoMASK [72]↑.

D.10 Detailed Task Explanations

Motion Editing Standard motion editing tasks typically involve modifying the motion

of a single person based on physical descriptions, such as ”raise higher” or ”move faster.”

However, in this task, we focus on editing interactive motions involving two people based

on their personas, such as emotions or relationships, by modifying just one person’s per-

sona. The primary challenge in motion editing for two people is that when the motion

of one person changes, the motion of the second person, which is correlated, also needs

to be adjusted. This requires more complex reasoning about social interactions. Specif-

ically, we define the task as “USER:{scene information}, {reference motion}.

ASSISTANT: {motion caption}. USER: {editing command}. ASSISTANT:

{edited motion}.” The editing command could be defined as asking the model to

change the persona of a person, like “Make one person shy.” We let our model generate

motion caption in the middle to let the chain-of-thoughts technique improve the reasoning

ability.

Motion Reasoning Motion reasoning involves predicting future motions or inferring

past events based on the current motion context. This task requires understanding the
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sequence of motions and making logical inferences about the preceding or subsequent

events. For instance, given a motion of an ongoing interaction between two individuals,

the model needs to deduce what might have happened before this moment or predict what

will likely occur next. This is crucial for applications requiring a temporal understanding

of motions, such as surveillance analysis, animation, or human-robot interactions. We de-

fine the input sequence as follows: “USER:{question 1}, {motion 1}. ASSISTANT:

{answer 1}. USER: {question 2}, {motion 2}.”, where the model has to predict

“ASSISTANT: {answer 2}”. The inference question could involve queries like ”Can

you tell me what happened before?” or ”What do you think will happen next in this

scenario?”. This task demands high-level reasoning and comprehension of motion se-

quences, enabling the model to generate plausible and coherent motion narratives based

on the given context.

D.11 Detailed Explanation about Two-stage Baselines

In Section 5.2 and Section 5.3, we have compared the proposed method with two-

stage models. In particular, we have utilized TM2T [70] for the motion captioner and

InterGEN [89] for the text-to-motion generation model.

D.11.1 Motion Editing

In the motion editing task, the two-stage approach first uses the motion-to-text (TM2T;

[70]) model to generate a caption from the source motion and append the editing com-

mand. Then, the text-to-motion (InterGen; [89]) model produces the edited motion based

on this caption and command. In particular, the input for the text-to-motion model is

”[motion caption]. [editing command]”.
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We first trained the TM2T model with the InterHuman dataset [89]and the InterX [88]

dataset, similarly to MotionGPT↑. Next, we trained the text-to-motion diffusion model,

InterGEN for the second stage.

D.11.2 Motion Reasoning

In the motion reasoning task, the two-stage model integrates TM2T with large lan-

guage models such as GPT-4o [150] and LLaMA-3.1-8B [4]. Here, the motion compo-

nents in the conversational data are replaced with captions generated by TM2T, which

are then fed into the LLM for reasoning and response generation. In particular, the orig-

inal input for the motion-language model was “USER:{question 1}, {motion 1}.

ASSISTANT: {answer 1}. USER: {question 2}, {motion 2}.”, where the model

has to predict “ASSISTANT: {answer 2}”. We replaced the motion into motion cap-

tion obtained by motion captioner for the input for LLM like “USER:{question 1},

{motion caption 1}. ASSISTANT: {answer 1}. USER: {question 2},

{motion caption 2}.”. Again, we utilized TM2T↑ for the motion captioner mentioned

in the previous section.

D.12 More details about Evaluation Metric for Traditional Mo-

tion Related Tasks

Motion Quality The Fréchet Inception Distance (FID) is used to assess the similarity

between the distributions of generated and real motions, utilizing an appropriate feature

extractor tailored to each dataset. In addition, we use well-known motion capture metrics,

MPJPE, to quantify global and local errors in meters.
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Table D.6: Template for Pretraining

Task Sequence Label

Text-to-Motion Generate caption from motion: [motion] [caption] [caption]

Motion-to-Text Generate motion from caption: [caption][motion] [motion]

Reaction Generation Generate reaction motion: [motion] [motion B]

Motion Prediction Predict motion: [motion] [Last 75%motion]

Motion Diversity We have utilized diversity to evaluate the diversity of the motion

following previous work [78, 151]. To evaluate Diversity, the generated motions are split

into two equal-sized subsets, and the Diversity metric is calculated as the average distance

between motions within these subsets.

Text-Motion Matching TMR [151] offers motion/text feature extractors that produce

geometrically coherent features for aligned text-motion pairs and vice versa. In this fea-

ture space, we evaluate motion-retrieval precision (R Precision) by combining the gen-

erated motion with 31 mismatched motions and calculating the top-1/2/3 matching ac-

curacy between the text and motion. Furthermore, we assess the Multi-modal Distance

(MM Dist), which measures the distance between the generated motions and their corre-

sponding text.

D.13 Template Forms for Pre-training and Instruction Tuning

We will detail the template forms utilized during the pre-training and instruction-

tuning stages of our model development. Tables D.6 and D.7 illustrate the specific formats

employed in each stage, providing a structured approach to aligning motion data with

textual descriptions and enhancing the model’s interactive capabilities. All the templates
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Table D.7: Template for Instruction Tuning

Task User Assistant

Text-to-Motion Demonstrate a sequence of movements that symbolizes the sentiment of [caption] [motion]

Please create a motion that represents the power of [caption] The motion is [motion]

I need a motion that represents the power of [caption] Sure, [motion]

Show me a gesture that conveys [caption]

Produce a motion that matches [caption]

· · ·

Motion-to-Text Describe the motion represented by [motion] [caption]

Provide a summary of the action depicted in [motion]

Explain the motion shown in [motion]

Provide a text-based explanation of the action being shown in [motion]

Please provide a description of the motion in [motion]

· · ·

Motion Prediction Predict motion: [first 25%motion] [Last 75%motion]

Do the motion prediction task for [first 25%motion]

are from MotionGPT [78].

D.13.1 Pre-training Templates

During the pre-training stage, our objective is to align motion and language repre-

sentations by leveraging large language models (LLMs). We design tasks such as Text-

to-Motion, Motion-to-Text, Reaction Generation, and Motion Prediction using paired

datasets like InterX [88] and Interhuman [89]. The pre-training templates involve gen-

erating captions from motion sequences, creating motions based on textual descriptions,

producing reaction motions in response to initial motions, and predicting subsequent mo-

tions from partial sequences, as summarized in Table D.6. For single-person motion, we

utilized text-to-motion, motion-to-text and motion prediction task during training.
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D.13.2 Instruction-Tuning Templates

In the instruction-tuning stage, we enhance the model’s ability to follow diverse in-

structions presented in a conversational format. Utilizing the INTER2-MT dataset along-

side single-turn data from previous interactive motion datasets, we format user instruc-

tions and assistant responses to facilitate multi-turn interactions. Table D.7 outlines the

templates used for tasks such as generating motions from user prompts, describing mo-

tions based on user queries, and predicting motion continuations. By structuring the in-

teractions in this manner, the model becomes adept at understanding and responding to

various motion-related commands, thereby improving its performance in interactive sce-

narios.

D.14 Data Sample Visualization

The samples from the synthesized dataset, Inter-MT2, are illustrated in Figure D.5.

D.15 Inter-MT2 Statistics

Table D.8: Statistics on Inter-MT2.

Total Train Val. Test

# of Samples 82736 66194 4141 12401

# of Motions 317749 132388 8282 24802

From Dataset 56395 50258 3142 2995

Synthesized 96676 82130 5140 9406

We collected 82K samples of multi-turn conversational data, each involving interac-
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Imagine a scene where two colleagues are in 
a park. One colleague, with a soccer ball, 
passes it to the other. Show me that motion.

Two colleagues meet in the hallway and share 
a friendly greeting, like,

Okay, Two colleagues are striking hands with 
each other
What if one colleague feels shy?

Explain reason for this motion
The colleague feeling shy prefers to lightly tap 
hands rather than striking hands, making the 
interaction more subdued and less assertive.

Can you describe what happens in the 
continuation of their interaction?

The current scene is

It seems like these two individuals have just 
approached each other, possibly 
reconnecting after some time apart.
Can you tell me what might happen next in 
the story?

Given the current scenario, why would one 
pat the other's back?

The pat on the back could indicate a friendly 
gesture or a sign of encouragement, possibly 
to show support or express camaraderie 
between the two individuals.Two friends are meeting and they greet each 

other with a friendly high-five, like

The second person suddenly becomes very 
enthusiastic about the meeting. Can you 
generate a motion of that?

Two friends are meeting and they greet each 
other with a friendly high-five, like

Figure D.5: Sample from Inter-MT2 dataset. The left column visualizes samples of mo-
tion editing, and the right column shows examples from the motion reasoning task.

tive motions. Of these, 30K samples focus on motion editing, 30K on reasoning about

past or future scenarios, and 12K on story generation. Each sample includes four to eight

conversation turns and two distinct motions. The dataset contains 96K motions gener-

ated using a text-to-motion diffusion model, while 56K motions come from the original

source dataset. The train-validation-test set is randomly split by the ratio 0.8:0.05:0.15.
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D.16 Qualitative Results

We visualize our result gallery on motion editing in Figure D.6 and on motion reason-

ing in Figure D.7. Furthermore, the results for motion-to-text (Figure D.8), text-to-motion

(Figure D.9), and reaction generation (Figure D.10) are demonstrated. In figure D.11, we

demonstrated the generation ability of the proposed method in longer contexts with a

failure case.
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Two friends are meeting up like in [source motion]. 
The first person seems way too aggressive. Can 
you make this person more gentle?

Two people are standing side-by-side, similar to 
[source motion].  Can you make this interaction 
even more playful?

Two people are in a hallway, and one is trying to 
get past the other like [source motion]. It looks 
too aggressive, can you adjust one person's 
behavior to be more polite?

Two people are practicing taekwondo kicks, like

[source motion].  What if of one of them becomes 
more cautious and observant due to an injury?

MoLaM (Ours)

TM2T+InterGEN

MoLaM w/o Inter-MT2

MotionGPT*
I

TM2T+InterGEN

MotionGPT*
I

TM2T+InterGEN

MotionGPT*
I

TM2T+InterGEN

MotionGPT*
I

MoLaM (Ours)

MoLaM (Ours) MoLaM (Ours)

MoLaM w/o Inter-MT2

MoLaM w/o Inter-MT2 MoLaM w/o Inter-MT2

Figure D.6: Generated motion from source and editing command.
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The current scene is [motion 1]. Can you tell me 
what happened before?

The next scene is [motion 2]. Explain the reason 
for this motion.

Before this scene, one person was comforting the 
other by gently massaging their legs. They were 
sitting side by side, with one person showing signs 
of fatigue.

After the person finished massaging the legs, they 
stood up to continue their workout. The second 
person, stood up and started massaging the first 
person to appreciate.

The current scene is [motion 1]. Can you tell me 
what happened before?

The next scene is [motion 2]. Explain the reason 
for this motion.

The two individuals were walking through the park, 
discussing their favorite books. They decided to sit 
on a bench and share a story together, with one of 
them reading aloud while the other listened 
attentively.

After their engaging conversation, the person who 
was listening to the story decided to leave and 
offered a walk. The other person, though wanting to 
leave, stood up and hesitated, possibly thinking 
about the day or feeling weak in that situation.

The reason for the second person's actions is likely 
to assist the first person, who appears to be 
struggling to get up or might be physically weak or 
injured. The second person is providing support to 
ensure the first person can stand safely and regain 
their balance. This motion indicates concern and a 
willingness to help from the second person towards 
the first person.

In this new scene, the first person is now sitting on 
the ground, likely because they were unable to 
stand on their own due to fatigue. The second 
person is helping the first person stand up by 
supporting their left arm. Tack to their feet.

MoLaM (Ours)

TM2T + GPT-4o

TM2T + LLaMA3.1—8B

The person who walked up likely wanted to express 
affection, comfort, or gratitude. This gesture could 
be a way to show support or care, especially 
considering the previous scene where one person 
was massaging the other's leg, indicating a possible 
injury or discomfort. The kiss on the cheek serves as 
a tender, reassuring gesture to lift the other person's 
spirits.

The person who walks up and kisses the other 
person on the cheek is likely expressing affection or 
showing appreciation for their conversation or the 
story that was shared. The kiss on the cheek is a 
gentle and intimate gesture, indicating a deep 
emotional connection between the two people.


TM2T + GPT-4o

TM2T + LLaMA3.1—8B

One person massages the other person's shoulders, 
holding their shoulders with both hands, and then 
hammers the left shoulder with their left hand.

MoLaM w/o Inter-MT2

After the massage, the person who received the 
massage feels grateful and comfortable. They both 
study it carefully before continuing their 
synchronized walk together.

MotionGPT*I

Two people stand, one in front of the other, with the 
person behind extending both hands to grab the 
right arm of the person in front and pulling him/her 
backward.

MoLaM w/o Inter-MT2

After sharing their stories, the story bonding 
continues. The person who was reading now, starts 
to laugh, feeling incredibly happy and connected, 
while the other person, who had been listening 
intently, affectionately since they last met. The story 
then began to unfold as two individuals engaged in 
a lively discussion, each resembling lively 
conversation.

MotionGPT*I

MoLaM (Ours)

Figure D.7: Generated responses based on the previous conversations for motion reason-
ing task.
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One person pats the other on the back with his/
her left hand, and the other person turns to look.

One person approaches and vigorously massages 
the other person's shoulders using both hands.

The first person holds onto the second's right 
forearm with both hands, and then stumbles 

unexpectedly, dragging the second down as well.

One person steps forward and lifts his/her right 
foot to step on the left foot of the other person.

Figure D.8: Motion-to-text results. The blue part is generated motion captions from
source motions.

Two people sit facing each other, taking turns to 
play rock-paper-scissors by waving their right 

arms to the right three times each.

Two people face each other and raise both hands in 
front of their heads. Then, they move forward and clap.

Two people walk towards each other, and 
when they meet, their arms collide.

The first guy crouches down, lifts his hands, and 
puts the second guy on his back, while the second 

guy wraps his hands around the first guys waist.

Figure D.9: Text-to-motion results. The blue part is generated motions from the motion
caption.

Source Motion Generated Motion (Blue)

Figure D.10: Reaction Generation. The input motion is orange, while the generated reac-
tive motion is colored blue.
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So one person is walking up to the other person who is 
sitting and taps their right knee with their foot.

What if the person who is walking up is more 
respectful?

What is happening in this motion?

Explain about the reason for your answer

When the first person walks up to the second person, they 
gently place their right hand on the other's shoulder and 

give a more respectful tap, while the second person 
remains still and acknowledging with a nod.

Now, can you make the person who is seated 
to show anger?

Sure, with the seated person showing anger, the reaction 
changes. Instead of a nod, the seated person pushes the 

other person's shoulder with both hands in a more 
aggressive manner, while the first person maintains their 

gentle approach.

Show me that motion

Generation Failure

Figure D.11: We demonstrate the ability of the proposed method to generate responses in
long conversations and also the failure cases.
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D.17 User Subject Studies Protocols for motion editing

We conducted user subject studies using the platform on the Mechanical Turk service

from AWS [164].

D.17.1 Instructions

The summary given to the user is as follows:
We are conducting an academic survey about the quality of generated motions. We need to

understand your opinion about the motion quality and ability to follow the editing commands.

Please evaluate each motions based on the given criteria.

You will be presented with multiple instruction samples. After completing the evaluations on each

page, click ”Next” to proceed. On the last page, click ”Submit” to complete the survey.

The detailed instruction is as follows:
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Objective: We are conducting a survey to evaluate how well AI-generated motions follow given

instructions and how natural they appear. Your feedback is important to help us improve the AI’s

ability to create realistic movements that match specific editing commands.

Survey Overview: You will be shown a source motion and an edited motion. Your task is to

evaluate both based on specific criteria. After evaluating a few examples, you will also rate

multiple edited motions generated from the same source motion using different methods. The

survey is divided into multiple pages, and you can move through the pages using ”Next” or

”Previous” buttons. You must complete all fields on each page before proceeding.

Evaluation Criteria: For each pair of videos (source and edited), you will be asked to rate them

based on:

Content Similarity: Does the edited motion stay true to the original motion? Rating scale: 1

(Strongly Disagree) to 5 (Strongly Agree)

Alignment with Instruction: Does the edited motion follow the instructions given? Rating scale: 1

(Strongly Disagree) to 5 (Strongly Agree)

Motion Quality: Is the quality of the edited motion good, and does it look natural? Rating scale: 1

(Strongly Disagree) to 5 (Strongly Agree)

Survey Structure:

Evaluation of Pre-selected Motion Examples: In the first section, you will review hand-picked

video pairs. Each page will show a source video and its edited version. You will rate how similar

they are, how well the editing follows instructions and the overall quality of the motion.

Evaluation of Randomly Selected Motion Samples: In the second section, you will see five

different edited motions for each scenario. These motions are created using different methods. You

will rate each one based on content similarity, alignment with instructions, and motion quality.

Instructions:

Review the motion examples: Each page will show a description, editing instruction, and two

videos (source and edited). Watch the videos and rate them using radio buttons based on the three

criteria. Click ”Next” to move to the next example.

Evaluate random scenarios: You will be shown five edited motions per scenario. Review and rate

them on the same criteria as before. Use ”Next” and ”Previous” to navigate.

Completion: Once all evaluations are finished, click ”Submit” to complete the survey.

Tips:

Watch both videos completely before deciding. If you’re unsure, select ”Neutral.” All fields must

be filled before you can move forward or submit the survey.
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The examples of ratings given to the user are shown in Figure D.12.

Figure D.12: The examples of ratings given to the user

D.17.2 Qualifying test

Before participating in the main user studies, all participants must pass a qualifying

test to ensure they understand the evaluation criteria. In this test, participants are asked

to assess four samples based on three metrics: Content Alignment, Fidelity of Motion,

and Quality of Motion. Among the four samples, two are high-quality and derived from

the ground-truth dataset, while the other two are low-quality—one is a mismatched mo-

tion with a single instruction, and the other is generated by the least effective model,
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MotionGPT↑. Participants must rate the low-quality samples lower than the high-quality

ones in each of the three metrics. If any of the low-quality samples receive ratings that

are equal to or higher than the high-quality samples in Content Alignment, Fidelity, or

Quality of Motion, the participant will receive an error message and will need to adjust

their ratings accordingly. This ensures that only participants who can accurately distin-

guish between high and low-quality motions based on the defined metrics proceed to the

main study. The example of the qualifying test is demonstrated in Figure D.13

Figure D.13: Qualifying test in user subject studies
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Figure D.14: Survey Example

D.17.3 Detailed Survey Format

Main Survey Structure In the main survey, each participant was randomly assigned

5 samples from a larger pool of 30 diverse motion sequences. This random sampling

strategy was employed to ensure a broad and representative evaluation, minimizing any

potential selection bias. For each of these selected samples, participants were asked to

evaluate five baseline methods, including our proposed model (MoLaM), MoLaM w/o

Inter-MT2, MotionGPT↑, MotionGPT↑
I , and two-stage model based on TM2T [70] and

InterGEN [89]. To eliminate ordering effects and ensure that the evaluation was solely

based on the quality of the motions rather than their presentation order, the order of the
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baseline methods was randomly shuffled for each participant. This randomization was

crucial in preventing any unintended bias that might arise from the sequence in which the

methods were presented.

Evaluation Metrics Participants assessed each motion sample using three evaluation

metrics, which provided a multidimensional view of each model’s performance:

• Content Similarity: The edited motion is still maintaining the original content.

• Alignment with Instruction: The edited motion is following the editing command

properly.

• Motion Quality: The quality of the generated motion is good, and the motion seems

natural The motion is fluid without any noises in there.

We leveraged a 5-scale Likert scale, 1 from strongly disagree to 5 for strongly agree.

Exclusion Criteria To maintain high data quality and ensure meaningful results, we

implemented strict exclusion criteria. Participants who assigned the same rating across all

evaluation metrics for every sample were excluded, as such uniformity indicated a lack of

genuine engagement or understanding of the evaluation process. Additionally, those who

provided identical ratings across all comparison methods for a given sample were also

omitted. This approach ensured that only participants who thoughtfully differentiated

between the methods based on their performance were included in the final analysis.

These exclusion rules were essential in filtering out unreliable data and ensuring that

the survey results accurately reflected the participants’ true assessments of each model’s

performance.
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