
Active Clarification in Human-Robot
Interaction via Object State Perception

and Reasoning

Dissertation

submitted to the University of Hamburg
with the aim of achieving a doctoral degree at

the Faculty of Mathematics, Informatics and Natural Sciences,
Department of Informatics

Xiaowen Sun
Hamburg, 2026

mailto:xiaowen.sun@uni-hamburg.de




Submission of the dissertation:

16.02.2026

Day of oral defense:

18.06.2026

Dissertation Committee:

Prof. Dr. Stefan Wermter (reviewer, advisor)

Dept. of Computer Science

University of Hamburg, Germany

Prof. Dr. Jianwei Zhang (reviewer, deputy chair)

Dept. of Computer Science

University of Hamburg, Germany

Prof. Dr. Chris Biemann (chair)

Dept. of Computer Science

University of Hamburg, Germany



IV



Abstract

Abstract (English)

Embodied agents have benefited from advances in Artificial Intelligence (AI), en-
abling them to operate in human-centered environments such as domestic or restau-
rant settings. In such environments, Human-Robot Interaction (HRI) is charac-
terized by Uncertainty, Vagueness, and Ambiguity, particularly when interaction
refers to fine-grained object states (e.g., clean vs. dirty) rather than object cat-
egories alone. This increased granularity introduces significant challenges for em-
bodied agents in integrating language, perception, and action.

This thesis addresses these challenges by investigating how embodied agents can
acquire and process object states for robust communication and interaction. It
begins with a comprehensive review of existing approaches from an architectural
perspective, synthesizing recent trends that have advanced the development of
communication models, conversational agents, and transformer-based language and
vision-language models. Building on this foundation, the thesis first clarifies the
concepts of uncertainty, vagueness, and ambiguity within the interdisciplinary do-
mains of linguistics and HRI, and then discusses object states. This analysis mo-
tivates four methodological contributions, each addressing different combinations
of the identified conceptual, representational, and methodological problems.

First, a novel HYbrid Neural Architecture (HYNA) is introduced to advance visu-
ally grounded human–robot dialog by resolving ambiguities between visual context
and natural language. Next, the Object State-Sensitive Agent (OSSA) is proposed
to evaluate and improve the performance of large language models (LLMs) and
vision-language models (VLMs) in robotic task planning. OSSA incorporates ob-
ject state representations and commonsense knowledge to support long-horizon
instruction execution in dynamic environments, including user-adaptive and mul-
timodal interaction scenarios. Additionally, the Dialog Bridge mechanism is formu-
lated to assess LLMs’ capabilities in user age-sensitive adaptation and multimodal
processing in HRI. Finally, the State-sensitive Vision-Language Model (StateVLM)
is presented to enhance the numerical reasoning capabilities of VLMs. StateVLM
is improved through an efficient fine-tuning strategy with an auxiliary regression
loss, enabling better object localization and affordance reasoning at the object
state-level with limited annotated data and computational resources.

Overall, this thesis advances embodied intelligence by integrating knowledge-driven
reasoning with visual perception and language models, thereby improving com-
munication and visual understanding for embodied agents operating in dynamic
real-world HRI scenarios.
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Zusammenfassung

Zusammenfassung (Deutsch)

Verkörperte Agenten profitieren erheblich von Fortschritten in der Künstlichen In-
telligenz (KI), die es ihnen ermöglichen, in Umgebungen mit Menschen, wie Haus-
halten oder Restaurants, zu agieren. In solchen Kontexten ist die Mensch-Roboter-
Interaktion (Human-Robot Interaction, HRI) durch Unsicherheit, Unschärfe und
Mehrdeutigkeit geprägt, insbesondere wenn die Interaktion von fein-granularen
Objektzuständen (z.B. sauber vs. schmutzig) abhängig ist, und nicht lediglich von
groben Objektkategorien. Diese feinere Granularität stellt verkörperte Agenten vor
erhebliche Herausforderungen bei der Integration von Sprache, Wahrnehmung und
Handlung.

Die vorliegende Arbeit beschäftigt sich mit diesen Herausforderungen, indem sie
untersucht, wie verkörperte Agenten Objektzustände wahrnehmen und verarbei-
ten können, um eine robuste Kommunikation und Interaktion zu gewährleisten. Sie
beginnt mit einer umfassenden Übersicht über bestehende Ansätze aus Software-
Architektur-Perspektive und fasst aktuelle Entwicklungen zusammen, die durch
weiterentwickelte Kommunikationsmodelle, konversationale Agenten sowie trans-
formerbasierte language- und vision-language modelle ermöglicht werden. Darauf
aufbauend werden zunächst die Konzepte von Unsicherheit, Unschärfe und Mehr-
deutigkeit im interdisziplinären Kontext von Linguistik und HRI präzisiert, be-
vor auf feingranulare Objektzustände eingegangen wird. Diese Analyse bildet die
Grundlage für vier methodische Beiträge, die jeweils unterschiedliche Kombinatio-
nen der identifizierten konzeptuellen, repräsentationalen und methodischen Her-
ausforderungen adressieren.

Zunächst wird die neuartige HYbrid Neural Architecture (HYNA) vorgestellt, die
den visuell gestützten Mensch-Roboter-Dialog verbessert, indem sie Mehrdeutig-
keiten zwischen visuellem Kontext und natürlicher Sprache auflöst. Darauf auf-
bauend wird der Object State-Sensitive Agent (OSSA) vorgestellt, um Large Lan-
guage Models (LLMs) und Vision-Language Models (VLMs) für die Aufgabenpla-
nung eines Roboters zu evaluieren und deren Performanz zu erhöhen. OSSA inte-
griert die Repräsentation von fein-granularen Objektzuständen mit Allgemeinwis-
sen, um längerdauernde Aufgaben in dynamischen Umgebungen zu unterstützen -
einschließlich nutzeradaptiver und multimodaler Interaktionsszenarien. Zusätzlich
wird der Dialog Bridge Mechanismus entwickelt, um die Fähigkeiten von LLMs zu
evaluieren, sich an den Benutzer altersgemäß anzupassen und multimodale Ver-
arbeitung im Rahmen von HRI zu leisten. Schließlich wird das State-sensitive
Vision-Language Model (StateVLM) vorgestellt, das die numerischen Fähigkeiten
von VLMs verbessert. StateVLM profitiert von effizientem Finetuning mit einer
zusätzlichen Regressions-Zielfunktion, wodurch eine präzisere Objektlokalisierung
und Affordanzen-Erkennung unter Beachtung der feingranularen Objektzustände
ermöglicht wird, wobei wenige annotierte Daten und Rechenressourcen nötig sind.

Insgesamt leistet diese Arbeit einen Beitrag zur Weiterentwicklung verkörperter In-
telligenz, indem wissensbasiertes Argumentieren mit visueller Wahrnehmung und
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Abstract

Sprachmodellen integriert wird und somit die Kommunikation sowie das visuelle
Verständnis verkörperter Agenten in dynamischen, realen HRI-Szenarien verbes-
sert werden.
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Chapter 1

Introduction

1.1 Background and Motivation

Daily life typically encompasses multiple users, such as grandparents, parents, and
children. Developing an intelligent robot to assist in their everyday activities raises
several important challenges that must be carefully considered. To further explore
these challenges, we use a simple, representative common everyday scenario to
analyze and discuss it. As shown in Figure 1.1, a humanoid intelligent robot stands
in the living room with a mother, a grandfather sitting on the sofa, and a child
sitting on the ground.

The child’s linguistic and cognitive abilities are still developing, and their goal-
oriented requests are often unspecified or lack clear intent. For instance, in this
scenario, the child may only be able to refer to some objects by color rather than
by their specific names. In such cases, the robot should be able to recognize and
resolve referential ambiguity.

In contrast, the mother and grandfather possess well-developed linguistic and cog-
nitive abilities. Their requests are generally goal-oriented and imply an expectation
that the robot can autonomously execute the required tasks. In daily life, humans
interact with objects at the state level. When clearing the table, the mother would
store the intact apple in the cabinet and usually discard leftovers, such as a bit-
ten apple, in the trash bin. However, the grandfather would also store the intact
apple in the cabinet and may instead keep leftovers, such as a bitten apple, in the
refrigerator. Therefore, the robot should be able to comprehensively understand
long-horizon instructions that involve preferences and interact with objects at the
same level as humans.

Furthermore, the grandfather may prefer the robot to announce its actions, such
as its movements, in order to avoid potential collisions during long-horizon task
execution. The mother is not interested in the process, as she possesses sufficient
situational awareness and reaction capability to avoid collisions with the robot.

1



Chapter 1. Introduction

Figure 1.1: A common everyday life scenario involving a humanoid intelligent robot:
a humanoid intelligent robot is involved in a simple, representative everyday sce-
nario. It stands in the living room with a mother, a grandfather sitting on the sofa,
and a child sitting on the floor. Source: AI-generated via ChatGPT.

Overall, to develop an intelligent robot that is capable of living in harmony with
and assisting humans, it is essential to enable the robots to comprehend human
linguistic requests accurately, and perceive their surroundings precisely, then act
in ways that reflect awareness and adaptability of the dynamic environment, and
give feedback to humans. Therefore, communication, visual perception, decision-
making, and execution are the fundamental abilities required to accomplish the
mission outlined above.

In this dissertation, we investigate methodologies for enhancing communication
and visual perception capabilities in household robots. We focus on identifying
communication challenges arising from Uncertainty, Vagueness1, and Ambiguity
in common everyday scenarios. By analyzing the underlying sources of these chal-
lenges, we develop frameworks designed to detect, clarify, and resolve them as
they arise. Furthermore, we aim to facilitate the development of human-like, ob-
ject state-level interactions that endow robots with advanced visual perception
capabilities, thereby supporting effective HRI.

1We clarify here that our focus is on the linguistic and human-robot interaction (HRI) aspects
of vagueness, as “Fuzziness” and “Vagueness” are often confused in the academic literature.

2



1.2. Research Objectives

1.2 Research Objectives

Viewing a household robot as coexisting harmoniously with and assisting humans,
the human user assumes the role of specifying goals and intentions through lan-
guage. The robot, in turn, is responsible for interpreting these instructions and
autonomously executing the corresponding tasks. To fulfill the user’s intentions,
the robot must follow human instructions while also interacting autonomously
with its environment to determine and execute appropriate actions. Communica-
tion [28, 239], visual perception [255, 228], interaction [259, 155, 313], and execu-
tion [53, 156] are therefore essential cognitive capabilities for a robot to achieve
this overarching goal.

Visual perception serves as a bridge between the robot’s physical embodiment and
its cognitive processes, enabling it to understand and interact with its surroundings.
Humans typically perceive and interact with the environment at the object state-
level, such as distinguishing between a clean plate and a dirty plate. To align
the robot’s internal representations with the user’s mental model, the robot must
likewise perceive and represent the environment at the same level.

This state-level alignment is equally critical in communication, which serves as
a bridge between the user and the robot. Uncertainty, Vagueness, and Ambigu-
ity (UVA-phenomena) frequently arise in communication due to factors such as
the user’s linguistic limitations, the robot’s perceptual or reasoning capabilities,
and the complexity of the environment. These challenges are particularly pro-
nounced when communication refers to fine-grained object states (e.g., clean vs.
dirty) rather than object categories alone. In this thesis, UVA-phenomena is used
as a concise term to denote these distinct but partially overlapping concepts.

A more fundamental challenge is that the concepts of UVA-phenomena remain
poorly defined, characterized by mixed terminology, uneven emphasis, and the
absence of a unified conceptual framework. The literature exhibits substantial in-
consistency in how key terms are defined and used; in some studies, ambiguity and
uncertainty are treated interchangeably, resulting in conceptual confusion and ob-
scuring the precise nature of the problem. For instance, Senanayake [250] explicitly
states that “uncertainty, also known as ambiguity, stems from the stochasticity of
the world.”

Several studies regard the lack of clear or complete information about possible out-
comes as an ambiguity problem [44, 174, 202, 130, 75, 57, 225]. In contrast, other
studies frame the issue primarily in terms of uncertainty [279, 108, 144, 248]. Vague-
ness, however, is often overlooked entirely or implicitly folded into ambiguity or un-
certainty. To the best of our knowledge, the collaborative behavior-based approach
of Wang et al. [290] is the only study that explicitly considers UVA-phenomena
simultaneously in the context of service robots. This study underscores the im-
portance of representing human behaviors, robot behaviors, and object states in
ways that support reasoning under all three forms of indeterminacy. However, this
study focuses solely on natural language sentence parsing, thereby overlooking the

3



Chapter 1. Introduction

dynamics and complexity of the environment. Accordingly, further discussion
of uncertainty, vagueness, and ambiguity is required to achieve concep-
tual clarity, develop a rigorous academic formulation, and address the
problem.

On the other hand, transformer-based methods have recently revolutionized ar-
tificial intelligence (AI), particularly in the fields of natural language processing
(NLP) and computer vision (CV). A key shift in contemporary methodology has
been the move from rule-based systems and single-task models toward general-
purpose models. Instead of designing task-specific, hand-crafted models or train-
ing independent deep learning (DL) models for individual tasks, researchers now
fine-tune pretrained general models, such as large language models (LLMs) and
vision-language models (VLMs), for specialized applications. These advancements
provide remarkable capabilities, including linguistic processing, visual perception,
and commonsense knowledge, which enable us to tackle more complex and practi-
cal problems in embodied agents. Such problems include commonsense reasoning,
long- and short-horizon task planning for object manipulation and navigation, as
well as decision-making.

This thesis investigates methods to enhance the communication and vi-
sual perception capabilities of embodied agents for domestic tasks by
training a deep neural network (DNN) or leveraging pretrained foun-
dation models. It specifically focuses on object state-level perception,
which often gives rise to increased Uncertainty, Vagueness, and Ambi-
guity (UVA-phenomena) in HRI.

With this overarching goal in mind, we further targeted the following concrete ob-
jectives while considering the different factors. Considering that children’s linguis-
tic and cognitive abilities are still developing, their requests within goal-oriented
requests are often less defined or explicit. This leads us to formulate our first
objective.

Objective 1: Develop a hybrid neural architecture that integrates visual
content into a conversational agent, enabling a domestic robot to resolve
linguistic and visual ambiguities in situated HRI.

In contrast, adults, with their well-developed linguistic and cognitive abilities, typ-
ically make highly goal-oriented requests. These imply an expectation for the robot
to autonomously execute tasks. Adults may provide complex, long-horizon instruc-
tions and hold varied personal preferences. Therefore, we propose our second ob-
jective.
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Objective 2: Design and evaluate an effective approach to leverage foun-
dation models for enabling a robot to recognize objects, interpret user in-
structions, and generate contextually appropriate object manipulation plans
at the object state-level, while aligning with commonsense knowledge and
user preferences. This approach is expected to enable the domestic robot to
autonomously complete both short- and long-horizon tasks, while remaining
robust in the face of ambiguous situations.

Regarding younger and older groups, users may expect different behaviors from
the robot, even when performing the same task. We therefore formulate our third
objective.

Objective 3: Develop and formalize a mechanism leveraging foundation
models for age-sensitive and multimodal processes in HRI. This mechanism
is expected to connect users and the robot, enabling the robot to behave
differently by default for different user groups while allowing users to modify
their preferences.

Beyond adapting to users’ linguistic and cognitive abilities, embodied agents must
also contend with the limitations of their own foundational models. Such models,
often trained primarily for language tasks, lack inherent capabilities for numerical
prediction, which is essential for the object manipulation of embodied agents. To
address this core adaptation challenge, we define our fourth objective.

Objective 4: Establish an efficient strategy for modifying general models,
large VLMs, to perform object localization and, further, affordance reasoning
at the object state-level, all within constrained computational resources and
using open-source or small-scale general models.

1.3 Research Questions

Since this thesis commenced before the methodological turning point that shifted
the field from training independent DL models for individual tasks toward lever-
aging or fine-tuning pretrained general models for specialized applications, our re-
search covers both methodological paradigms. Before this methodological turning
point, the community primarily focused on end-to-end neural dialog for conversa-
tional agents [285, 180, 343, 341, 170]. However, these approaches were limited by
their lack of visual content. Conversely, transformer-based vision-language models
such as VilBERT [182], UNITER [40], and VL-BERT [265] were developed for
visual understanding and reasoning but lack conversational capabilities. Although
datasets like GuessWhat?! [59], Visual Dialog [56], and CLEVR-Dialog [140] ad-
dress dialog challenges, they remain either overly restricted (e.g., binary yes/no)
or synthetic and unnatural. In this context, a hybrid framework becomes attrac-
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tive for task-oriented dialog modeling, as it can integrate the strengths of multiple
approaches [87, 306]. Inspired by [306, 139], we pose the Research Question 1
to address the Objective 1.

Question 1: To what extent can a hybrid neural architecture enable the
conversational agent to recognize and resolve ambiguity from the reciprocity
of visual content and natural language instructions?

Recently, general-purpose foundation models, particularly LLMs and VLMs, have
come to dominate the domains of conversational agents and visually grounded
dialog, owing to their exceptional performance and, in some cases, superhuman
capabilities. Consequently, our focus has shifted from merely discussing objects
to leveraging these models for embodied agents, such as those engaged in object
manipulation planning.

In everyday scenarios, human interaction with objects is fundamentally governed
by object states. These states are determined by object properties such as color,
shape, size, weight, texture, cleanliness, and rigidity. Accurately understanding
and managing object states is essential for robust manipulation, as misinterpret-
ing an object’s state can lead to unintended or hazardous outcomes. As a result,
object states exert a substantial influence on manipulation strategies. Despite their
importance, however, incorporating state-sensitive knowledge into robotic systems
remains a significant challenge.

Prior research has primarily addressed object state recognition [90, 89, 136] and
the anticipation of state changes, as well as object category-level manipulation
and task planning [309, 109, 342, 345, 257]. Although few studies have explored
object state manipulation for deformable objects, such as clothing, within the
fashion domain [158, 263], the use of general-purpose foundation models, including
LLMs and VLMs, for object manipulation and task planning at the object state-
level remains largely unexplored. To address this gap, we introduce Research
Question 2, which directly supports Objective 2.

Question 2: What architectural paradigms, a modular method with a per-
ception and reasoning module, or a monolithic method, best enable agents
to perceive fine-grained object states and leverage this understanding to
generate contextually appropriate manipulation plans that align with user
preferences in complex environments?

Previous research has not considered the relationship between the user’s age and
the robot’s state. For example, Zhang et al. [336] investigated the potential of LLMs
as zero-shot human models in HRI. Similarly, GPT-3 has been integrated with the
Aldebaran Pepper and NAO robots, enabling participants to chat with them [19].
Their goal is to examine the possibilities and limitations of LLM in an alive HRI
system. However, these studies overlook the fact that diverse user groups may
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expect different robot behaviors, even when performing the same task. To further
explore this problem, we propose an adaptive ROS-based framework [221] with an
open-source code base for HRI involving diverse user groups, enabling the robot to
interact with users via natural language speech. Users can interrupt the robot at
minor and major levels. For the core aspect of multimodal processes, we formulate
Research Question 3 to investigate Objective 3.

Question 3: How can we leverage the language-processing power of LLMs
to interpret multimodal inputs from the robot’s symbolic planner and the
user?

Object localization is essential for object manipulation. However, numerical predic-
tion remains challenging for monolithic VLMs. The existing VLMs tokenize object
locations into discrete text tokens, often wrapped with special start and end mark-
ers. These approaches [166, 38, 37, 12, 338, 226, 325, 339, 293] treat continuous
numerical values as discrete symbols, which introduces an abstraction that departs
from visual reality. To mitigate this mismatch, NExT-Chat [335] incorporates a
dedicated box decoder to produce continuous location outputs. Nevertheless, its
performance remains slightly below that of Shikra-7B [38], despite relying on a
similar detection-oriented training recipe. The authors attribute this gap to two
factors: (1) the difficulty of balancing token-classification and numerical-regression
losses, and (2) the fact that the core LLM within the VLM is not pretrained for
regression tasks. Building on these insights, we articulate Research Question 4
to guide Objective 4:

Question 4: To what extent can VLMs be fine-tuned for numerical predic-
tion tasks, incorporating an auxiliary regression loss to improve performance,
while continuing to infer within the original VLMs framework?

1.4 Overview of Novel Contributions

This thesis makes two directional contributions to the field of multimodal interac-
tion in embodied AI: Synthesis and Foundations and Methodological Ad-
vancements.

Synthesis and Foundations: We establish comprehensive theoretical founda-
tions for conversation, communication, and perception in embodied agents. We
highlight two aspects of contributions: (1) reviewing foundations and (2) provid-
ing conceptual clarification.

(1) We review dialog systems from an architectural perspective (Section 2.2) as
well as transformer-based language (Section 2.3) and vision-language (Sec-
tion 3.3) models from the perspective of training objectives.
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(2) We provide conceptual clarification on UVA-phenomena as they pertain to
embodied agents (Section 3.5.1), alongside a discussion of the object state
for HRI (Section 3.5.2).

Methodological Advancements: We propose four novel methodologies de-
signed to enhance the capabilities of embodied agents performing household tasks.
These methods are informed by and address the core challenges formalized in our
review, specifically the modeling of UVA-phenomena and reasoning about object
states in the context of HRI.

Chapter 4 (Learning Visually Grounded Human-Robot Dialog in a Hybrid Neu-
ral Architecture): We propose a novel architecture, HYbrid Neural Architecture
(HYNA), for visually grounded human-robot dialog learning. HYNA comprises an
object detection (OD), a multimodal dialog state tracker (M-DST), and a Human-
robot interaction Policy (HiPolicy). We introduce a neural dialog model for the
M-DST that processes user input based on visual inputs and dialog history. The
model uses bag-of-words (BoW) for its simplicity, utterance embedding (UE) due
to their successful application in other natural language tasks, and a combination
of both (BoW+UE) as multimodal2 representations. We train the M-DST on a new
visual dialog dataset, evaluate different forms of input representations, and vali-
date the model on unseen examples. We further assess its performance in handling
HRI scenarios. We demonstrate that HYNA can handle a wide range of unseen
visual inputs and verbal instructions. Finally, we deploy the proposed architecture
on the Neuro-Inspired COmpanion (NICO) robot. HYNA satisfies Objective 1
by integrating visual perception into a conversational agent. The results show that
using BoW to represent multimodal inputs for the dialog state tracking model is an
effective approach for recognizing ambiguous instructions and scenarios, thereby
addressing Research Question 1.

Chapter 5 (Object State-Sensitive Neurorobotic Task Planning): We introduce a
task-planning agent, Object State-Sensitive Agent (OSSA), which is empowered
by pretrained foundation models. We propose two methods for OSSA: (i) a mod-
ular model consisting of a pretrained vision processing module (dense captioning
model, DCM) and a natural language processing model (LLM), and (ii) a mono-
lithic model consisting only of a VLM. To quantitatively evaluate the performance
of the two methods, we use tabletop scenarios where the task is to clear the ta-
ble. We contribute a multimodal benchmark dataset that takes object states into
consideration. OSSA aims to enable the domestic robot to autonomously complete
long-horizon tasks and remain robust in the face of ambiguous, vague, and un-
certain situations, which meets Objective 2. Our results demonstrate that both
methods can be used for object state-sensitive tasks, but the monolithic approach
outperforms the modular approach, which answers Research Question 2.

2The spelling “multimodal” (unhyphenated) is used consistently throughout this thesis. Con-
temporary literature in machine learning (ML) favors this form, though the hyphenated “multi-
modal” appears in older or parallel research. The terms are functionally equivalent.
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Chapter 6 (Multimodal Language Processing for Cognitive Systems): We propose
a dialog bridge that connects the user and the robot within an adaptive ROS-
based framework [221]. A prompted LLM serves as this dialog bridge, processing
information and generating responses between the two. To quantitatively evaluate
the dialog bridge, we constructed a Command and Object Properties Recognition
(Cooper) task. The dialog bridge’s individual evaluation shows that the pretrained
foundation model GPT-3.5 can extract the command and target properties for the
robot. The trial evaluation of the ROS-based framework demonstrates that the
LLM was able to distinguish the user’s age and generate differentiated responses at
the beginning of each interaction. However, this behavior diminished after several
iterations due to the LLM’s memory limitations. As new conversation turns were
appended to the history, the LLM tended to forget the initial prompt. Therefore,
we answer Research Question 3.

Chapter 7 (State-Sensitive Vision-Language Model for Affordance Reasoning): We
propose StateVLM, a novel VLM designed to perceive fine-grained scene infor-
mation, specifically objects and their corresponding states. To enhance representa-
tional balance, StateVLM incorporates an auxiliary regression loss that emphasizes
spatial location prediction during fine-tuning. We systematically evaluate the influ-
ence of this auxiliary regression loss by conducting extensive experiments on refer-
ring expression comprehension (REC), a classic region-level image understanding
task. Our evaluation spans three established REC benchmarks: RefCOCO, Ref-
COCO+, and RefCOCOg. Additionally, we contribute an open-source benchmark
dataset for object state affordance reasoning, generated via a diffusion model to
support further research in fine-grained visual reasoning. StateVLM achieves strong
performance across both REC and object state affordance reasoning tasks. Our re-
sults demonstrate that the proposed auxiliary regression loss significantly improves
model adaptation during fine-tuning, confirming its utility in enhancing spatial and
state-sensitive visual understanding. Therefore, we answer the Research Ques-
tion 4.

1.5 Structure of this Thesis

This dissertation is organized into seven chapters, with their interconnections il-
lustrated in Figure 1.2. The scientific “we” convention is adopted throughout3.

In Chapter 2, we evaluate conversational agents from an architectural perspective
and examine the dominant transformer-based approach to language modeling. In
Chapter 3, we review key dataset challenges and models in vision-language research
and then detail two critical concepts for embodied agents: UVA-phenomena and
the object-state representations.

In Chapters 4 to 7, we present our novel methodologies proposed for each objec-

3For transparency, AI tools, including ChatGPT and DeepSeek, were used only for grammat-
ical review; all interpretations and contributions are the authors’ own.
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Figure 1.2: The structure of this thesis.

tive, along with the datasets generated for each goal, and analyze our experimental
results in detail. Finally, Chapter 8 summarizes the key contributions of this dis-
sertation, critically evaluates its strengths and limitations, and outlines directions
for future research.
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Chapter 2

From Conversation to
Communication

Communication is a broad term describing the sharing of thoughts, ideas, infor-
mation, and feelings between two or more individuals. Humans use primarily spo-
ken words, written text, gestures, body language, or digital means to communi-
cate [200]. A more specific form of communication is conversation, which is inher-
ently interactive and reciprocal, typically carried out through language. Building
on this concept, algorithmic computer systems are designed to simulate conversa-
tional interactions. These systems, which are able to interact with human users via
text-based, verbal, or multimodal communication, are referred to as dialog systems
or conversational agents [192]. In recent years, these systems have gained popu-
larity and have been employed in a variety of domains, ranging from virtual to
physical assistants.

In this chapter, we survey conversational agents in Section 2.1 from past to present,
delve into the foundational principles underlying dialog system architectures in
Section 2.2, highlight the current dominant language models, transformer-based
models, in Section 2.3. Finally, we summarize the language-centric dialog system
and generalize the concept of conversation within the broader context of commu-
nication, multimodal dialog systems in Section 2.4.

2.1 Conversational Agents: Past and Present

The earliest mainstream virtual personal assistant, Siri1, which interacts with hu-
mans by natural language speech, was launched in 2011 by Apple. It can assist
the user with multiple tasks: controlling the main functions of the phone, such as
making phone calls, sending and reading messages, retrieving information from the
internet, such as getting the updated weather and reporting stock prices, manag-
ing productivity tasks, such as making calendar appointments, writing and sending

1https://www.apple.com/siri/
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emails, and supporting entertainment, such as playing music and chit-chat. Subse-
quently, many virtual personal assistants were launched to the market by internet
commercial giants, such as Google Assistant2, Microsoft’s Cortana3, Samsung’s
Bixby4, and Amazon Alexa5, and others.

Physical personal assistant smart speakers, such as Amazon Echo6 and Google
Nest7, have become part of everyday life and are particularly specialized in home in-
teractions, for example, controlling smart devices such as lights, thermostats, locks,
cameras, and cookers. The Google Nest 2 and Amazon Echo Show even feature a
screen that can play videos. Apart from engaging in non-task-oriented, free-form
conversations with humans, these assistants also perform specific, task-oriented
functions. Task-oriented dialog systems help humans achieve specific goals by al-
lowing them to issue language commands to the assistant. RASA8 and DeepPavlov9

are software platforms that are being built for developers to develop task-oriented
dialog systems. Overall, it is a fast-moving area that has attracted researchers in
academia and industry.

However, solely language-based conversational agents lack the multimodal nature
of human communication. Humans possess eyes for observing their environment,
hands for tactile interaction and object manipulation, and legs for locomotion
through space. Therefore, multimodal conversational agents have started to be
investigated [23, 20, 49, 32]. Recently, there has been a growing body of research
focused on integrating dialog systems into robots, for example, social robots (e.g.,
Pepper10) or cognitive robots (e.g., MiPA11 and iCub12).

2.2 Architectures of Dialog Systems

Dialog systems, a subfield of natural language processing (NLP), are designed
to simulate conversational interactions with human users across textual, verbal, or
multimodal formats. The evolution of dialog systems can be traced through several
major turning points, beginning with the cornerstone system ELIZA, as illustrated
in Figure 2.1. ELIZA [300] is a rule-based dialog system that pioneered human-
machine natural language communication. It represents an early prototype of the
traditional modular dialog system [74, 288, 327], which was gradually formalized
in later studies.

2https://assistant.google.com/
3https://www.microsoft.com/en-us/cortana
4https://www.samsung.com/global/galaxy/what-is/bixby/
5https://alexa.com
6https://www.amazon.com/smart-home-devices/b?ie=UTF8&node=9818047011
7https://store.google.com/magazine/compare_nest_speakers_displays
8https://rasa.com/
9https://deeppavlov.ai/

10https://www.softbankrobotics.com/
11https://neura-robotics.com/products/mipa
12https://icub.iit.it/
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HISELIZA

Typical modular dialog systems

End-to-end neural dialog systems

Hybrid dialog systems

Rule-based methods

Machine learning

ChatGPT

Deep learning

1966 1990  2009 2015 20222018

Transformer-based language models

Timeline

Statistical methods

Figure 2.1: The timeline of dialog systems. ELIZA [300] is the earliest system
in dialog research; Hidden Information State (HIS) [326] is a pioneering hybrid
dialog architecture; ChatGPT [3] marks a major advancement in conversational
agent technology.

The first major turning point was the introduction of probability theory into di-
alog systems, which transformed them from rule-based approaches to statistical
ones. The early adoption of statistical methods relied on machine learning mod-
els such as support vector machines (SVMs) [249], partially observable Markov
decision processes (POMDPs), dynamic decision networks (DDNs), and artificial
neural networks (ANNs). These models primarily enhanced individual components
of modular dialog systems. Therefore, the overall system architecture remained
modular.

The second major turning point was the architectural innovation of hybrid dia-
log systems, exemplified by frameworks such as the Berkeley Restaurant Project
(BeRP) [128], which combined neural acoustic-phonetic modeling with symbolic
and probabilistic language components in a tightly interconnected pipeline. The
Symbolic Connectionist Robust Enterprise for Natural Language (SCREEN) [303]
integrated connectionist learning with symbolic rules for robust spoken language
understanding. The Hidden Information State (HIS) [326] model fused structured
representations with probabilistic reasoning via POMDPs to enable flexible belief-
state tracking and decision-making. More recently, a significant milestone occurred
with the release of ChatGPT13 by OpenAI14.

Subsequently, the emergence of big data and deep learning (DL) transformed dialog
system architectures. Deep neural networks (DNNs) enabled sequence-to-sequence

13https://www.chatgpt.com/
14https://openai.com/
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(Seq2Seq) learning, giving rise to what are known as end-to-end neural dialog sys-
tems [285]. In particular, transformer-based language models have come to domi-
nate research on natural language processing and conversational agents.

Accordingly, this section presents a detailed discussion of dialog systems from an
architectural perspective: traditional modular dialog systems, end-to-end neural di-
alog systems, and hybrid dialog systems, along with recent state-of-the-art (SOTA)
studies.

2.2.1 Typical Modular Dialog Architecture

ELIZA [300] is a simple rule-based approach with pattern matching and substitu-
tion, which was launched in 1966. Since then, the era of rule-based dialog systems
had started. As more research was carried out, it was gradually formalized as a
typical structural system: modular dialog system architecture, which consists of:
automatic speech recognition (ASR), natural language understanding (NLU), dia-
log manager (DM), knowledge sources (KSs), natural language generation (NLG),
and text-to-speech (TTS) synthesis, as Figure 2.2 depicts. Among these compo-
nents, the DM is the central component of the dialog system, like the brain for
humans. NLU and NLG are necessary components for the system. ASR and TTS
are not always essential, as their necessity depends on whether the dialog system
involves spoken or text-based interaction. Requirements determine whether KSs
are needed.

There have been two main phases in the history of modular dialog systems. In
the first phase, dialog systems in academic and industrial research laboratories
were developed using rules that defined each component. These components were
then combined to determine the system’s overall behavior. With the emergence
of machine learning (ML) techniques, researchers have started to use statistical
data-driven methods to optimize the components of the architecture, particularly
the NLU, DM, and NLG components. We provide a detailed development of each
component in the following sections and discuss its impact on the current study of
conversational agents.

Automatic Speech
Recognition

Natural Language
Understanding

Test-to-Speech
Synthesis

Natural Language
Generation

Dialog 
Manager Knowledge

Sources

Figure 2.2: The typical modular dialog system architecture.
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Natural Language Understanding (NLU)

The objective of the NLU component in a dialog system is to analyze the user’s
input utterance and extract a structured semantic representation of its meaning.
This representation may include various semantic elements, such as intent, entities,
slots, dialog acts, and domain. Specifically, the intent denotes the user’s goal or
action they wish to perform. Entities refer to the relevant parameters or pieces of
information required to fulfill an intent. Slots are predefined templates for specific
pieces of information that help complete an intent. The domain represents a specific
topic area or task space, each associated with a distinct set of intents and slots.
Dialog acts describe the communicative function of the utterance, such as a request,
confirmation, or question.

In the early development of dialog systems, researchers primarily relied on hand-
crafted grammars and then built a parser to extract these semantic elements from
user inputs. These handcrafted grammars encompassed a variety of approaches, in-
cluding semantic grammars, context-free grammars, finite-state models, slot-filling
frameworks, and domain-specific grammars. The selection of a particular method
typically depends on the requirements and constraints of the specific application
domain.

A handcrafted grammar [186] is supposed to contain all the rules required to cover
all anticipated inputs, and then build a parser to apply the rules to the inputs. In
practical application, however, it is impossible to guarantee that all possible inputs
have been covered by the rules of the designed parser. If an input sentence does
not match the rules exactly, it cannot be parsed, so small variations in the input
require additional rules in order to be accepted by the designed parser. Further-
more, natural human language itself has an ambiguous characteristic; for example,
one sentence can be understood in different ways because it can be structured
differently grammatically, and each structure leads to a different meaning.

Later, probabilistic theory was introduced to handcrafted grammars, resulting in
probabilistic grammars [127]. This approach enabled parsers to handle uncertainty
and ambiguity. Probabilistic context-free grammars (PCFGs) [118] are a widely
used type of probabilistic grammar in which a probability is associated with each
production rule. These probabilities are typically learned from a corpus of parsed
sentences. To enhance the accuracy of PCFGs, lexical heads can be incorpo-
rated, resulting in lexicalized PCFGs (L-PCFGs). When annotated data is lim-
ited, Bayesian priors can be employed in unsupervised grammar induction to learn
grammatical structures, as in Bayesian PCFGs. Alternatively, when semantics take
precedence, probabilistic extensions are applied to semantic grammars to improve
intent recognition or slot filling, which are called probabilistic semantic grammars.

Reconceptualization defines the extraction of semantic elements, such as domain,
intent, entities, slots, and dialog acts, from user inputs as classification problems.
Consequently, statistical data-driven methods have been widely adopted in NLU.
Compared to handcrafted grammar rules, ML approaches offer greater robustness
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and scalability, which has spurred significant research in this domain. Traditional
ML methods, such as SVMs [193] for intent recognition and conditional random
fields (CRFs) for entity recognition [220], were among the earliest used. How-
ever, DL techniques have become dominant due to their superior performance.
For instance, deep belief networks (DBNs) [247] have been employed for utter-
ance classification and intent determination [247]. To improve accuracy, efficiency,
and scalability, DBNs have been enhanced through integration with deep convex
networks (DCNs) [61].

Convolutional neural networks (CNNs) [245] have also been used for utterance
classification at first, but were replaced by recurrent neural networks (RNNs) in
sequence-based tasks later. Variants of RNNs, including bi-directional RNNs [72],
have shown strong performance in slot filling and are capable of jointly classifying
intents and extracting entities [237].

Dialog Manager (DM)

As the central component of a dialog system, the DM accepts the interpreted
inputs from the ASR or NLU components, interacts with external KSs, produces
messages to respond to the user, and controls the dialog flow. The objective of DM
is to decide the response action to the given user’s input and realize the current
state of the dialog.

In the era of rule-based dialog systems, the DM has been formalized into the dialog
context and decision models. The dialog context model keeps track of information
relevant to the dialog, including dialog history, task record, domain model, model of
conversational competence, user preference model, in order to support the process
of dialog management. The dialog decision model determines the system’s reply
action given the user’s input utterance and the dialog-relevant information in the
dialog context model. It is impossible to account for all possible interactions in a
hand-crafted model due to the uncertainties present at every level of dialog.

Later on, statistical methods were introduced into dialog systems. Therefore, vari-
ous probabilistic and neural models have been explored to model the dialog context
and decision-making processes, which are termed as dialog state tracker (DST) and
dialog policy model (DPM), respectively. The DST replaces the traditional rule-
based context model, while a learned DPM takes the role of the rule-based decision
model.

DST aims to represent the current dialog state (e.g., user goals, intents, and filled
slots) typically using a belief state, which is a probability distribution over possi-
ble dialog states. For example, Hidden Markov Models (HMMs) capture the user’s
intent over time based on observed inputs [84]. Bayesian Networks perform proba-
bilistic reasoning over user intent and slot values [280]. Conditional random fields
predict sequences of state labels conditioned on observations [275]. RNNs [169] and
transformers [34] are used to model the dialog state directly from the conversation
history. Based on these states, the DPM determines the next system action (e.g.,
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asking a question, confirming a slot, or making an API call to access the KSs). For
example, ML methods such as SVMs [6] and ANNs [274] were trained as classifiers
to map dialog states to system actions.

Another line of research in DM focuses on employing the Markov decision process
(MDP) to model the dialog system [52]. A key limitation of this approach is the
assumption within the MDP framework that the system state is fully observable.
To more effectively account for uncertainties and ambiguities in users’ goals and
intentions, a POMDP is employed for dialog modeling. The POMDP framework
can be combined with reinforcement learning (RL) to derive optimal policies that
maximize an objective function defined over dialog trajectories [101, 199, 51]. More
recently, neural policy networks have been used to learn response policies directly
from dialog history [204, 205].

Natural Language Generation (NLG)

The objective of the NLG component is to produce natural language texts accord-
ing to the output of the DM, enabling appropriate replies to user inputs, as shown
in Figure 2.2. Similar to the NLU, NLG has evolved alongside advances in artificial
intelligence (AI) technologies.

In the early stages, NLG received less attention, as it was considered a fairly triv-
ial task, which uses handcrafted methods, involving either canned text or inserting
retrieved items into pre-defined response templates. A more advanced approach
frames generation as a pipeline process comprising content planning, determina-
tion, and realization [238]. Over time, NLG gained more attention as the quality of
generated responses became essential to the user experience of the overall system.
With the emergence of statistical methods, data-driven models were developed, en-
abling the generation of more natural utterances across large, real-world domains.
However, many of these studies focused primarily on the realization level of gener-
ation [187, 214]. To better handle uncertainty, information presentation [241, 148]
treats NLG as a planning problem under uncertainty, employing RL to optimize
the dialog policy of the NLG component.

With the advancement of deep learning, its study in NLG has been extensively
explored [235]. Text generation has expanded to a wide range of tasks, including
summarization, text expansion for more detailed information, and revision for pro-
ducing alternative expressions [64], rather than being limited to dialog systems and
user response generation. However, this thesis focuses exclusively on generating re-
sponses to users. A comprehensive evaluation of template-based, rule-based, data-
driven, and Seq2Seq methods found that Seq2Seq approaches perform best [71].
The Seq2Seq architecture is detailed in Section 2.2.3.

2.2.2 Hybrid Dialog Architecture

The widely deployed conversational agent ChatGPT is a highly sophisticated hy-
brid system that integrates multiple advanced components, including large lan-
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guage models (LLMs) (such as GPT-4-turbo), multimodal language models (such
as GPT-4o), diffusion models (for example, DALL-E 2), a toolformer architecture,
function-calling capabilities, and output parsers, among others. Other contempo-
rary conversational platforms can similarly be characterized as hybrid systems,
including DeepSeek15, Claude16, LLaMA17, and Gemini18.

The notion of hybrid systems can be traced back to early studies [302] such as the
Berkeley Restaurant Project (BeRP) [128] and Symbolic Connectionist Robust
Enterprise for Natural Language (SCREEN) [303]. BeRP represents a classical
hybrid spoken dialog system, combining neural acoustic-phonetic modeling with
probabilistic language, semantic, and dialog components in a largely pipeline-based
but tightly interconnected architecture. SCREEN combines data-driven learning,
which allows syntactic and semantic structure to emerge from real spoken data,
with connectionist networks, ensuring that analysis degrades gracefully rather than
collapsing when speech is noisy, ungrammatical, or partially incorrect.

A landmark example of a hybrid dialog framework is the Hidden Information
State (HIS) [326] model, which effectively integrates probabilistic modeling with
structured, slot-based representations. By leveraging partially observable Markov
decision processes (POMDPs), the HIS model enables approximate belief-state
tracking and more flexible, data-driven decision-making.

Hybrid approaches have also emerged within neural network architectures. A rep-
resentative example is the Mixture-of-Experts (MoE) layer [254], which combines
multiple specialized expert networks through a learned gating mechanism. Ini-
tially applied to feed-forward networks for tasks such as language modeling and
machine translation, MoE architectures were later scaled and incorporated into
transformer models [150]. This evolution led to more efficient MoE variants within
transformer feed-forward layers [76]. More recently, MoE techniques have been ex-
tended to universal transformers (e.g., MoEUT [50]) and large language models
(e.g., DeepSeekMoE [54]).

Today, the term hybrid dialog architecture has broadened considerably. It generally
refers to a system that integrates modules implemented using different technical
methods, such as transformer-based large-scale models, rule-based components,
traditional machine learning, and deep learning, to achieve robust, flexible, and
scalable dialog behavior.

2.2.3 End-to-End Neural Dialog Architecture

In the early stages of DL emergence, researchers used DNNs to replace the com-
ponent of the traditional modular dialog system [196], as we discussed in Sec-
tion 2.2.1. Since its remarkable superior performance, it has become the domi-

15https://www.deepseek.com/
16https://claude.ai
17https://www.llama.com/
18https://gemini.google.com/
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Figure 2.3: The end-to-end neural dialog system architecture.

nant technique in the field of dialog systems. Inspired by previous approaches that
used RNNs to model the dialog systems for response generation in short conver-
sations [252, 348, 260], end-to-end dialog systems [285, 180, 343] were proposed
for open-domain conversations (or chit-chat) at first. More recently, end-to-end
dialog systems have also been applied to task-oriented dialog [341, 170]. However,
it presents additional challenges [229], for example, data scarcity, state tracking,
external KSs integration, and ensuring goal completion across domains.

A spoken end-to-end neural dialog system includes ASR, TTS, and a neural model,
as shown in Figure 2.3. The ASR module produces a textual utterance that is fed
into a neural model, and the neural model generates the textual response, which
is then passed to the TTS component to produce a spoken utterance. Therefore,
the ASR and TTS components are separate from the neural model.

The neural model follows a Seq2Seq architecture, which consists of several key com-
ponents: tokenization, detokenization, an encoder, a decoder, and input/output
embeddings, as depicted in Figure 2.4. Tokenization converts a textual utterance
into a sequence of discrete tokens, whereas detokenization reconstructs human-
readable text from the generated tokens. The actual representation of language,
however, lies in the embeddings. The input embeddings (x1, ..., xn) are dense and
continuous vectors that encode both semantic and syntactic information about the
textual utterance. After processing the input embeddings, the encoder produces the
final hidden states, known as the context vectors (h1, ..., hn), which summarize the
entire input and are used to initialize the decoder. Then the decoder generates the
corresponding output embeddings (y1, ..., yn). The decoder and encoder are usu-
ally deep neural networks, for example, RNNs [126, 73], long short-term memorys
(LSTMs) [104], gated recurrent units (GRUs) [45], and Transformers [284].

Therefore, in the following sections, we first present approaches for natural lan-
guage representation. We then review the architecture of DNNs, trace the core
innovation of the attention mechanism, and examine its evolution.

Natural Language Representation

First, natural languages (e.g., English, Chinese, German) need to be converted
into a structured format that computers can process, understand, and analyze.
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However, natural languages are typically in an unstructured format with multiple
granularities and domains. There are multiple levels of language entries, including
but not limited to characters, words, phrases, sentences, paragraphs, and docu-
ments. The world’s languages represent a diverse set of domains. According to the
latest edition of Ethnologue19, there are a total of 7,159 living languages, though
such counts are always approximate due to challenges in defining and distinguish-
ing languages. The number of written languages is significantly lower than this,
and around 100 are widely used online (e.g., websites, Wikipedia pages).

Where is the apple.

I do not know.

Encoder

Decoder

Output 
embeddings

Tokenization

Detokenization

Utterance

Response

Input 
embeddings

Context 
vectors

Figure 2.4: Overview of sequence-to-sequence models. The encoder and decoder are
trainable deep neural networks (DNNs), whereas tokenization and detokenization
are fixed natural language processing operations.

Conventional methods of natural language representation were typically rule-based.
One-hot encoding is a classic rule-based approach to representing words, which
assigns a unique index (1) for each word in the vector and sets it to the same index
(0) for the rest of the vector. The length of the vectors is the vocabulary size. In
one-hot encoding, each word is represented as a separate dimension. However, in
theory, such high dimensionality is unnecessary, as many words are semantically
similar or related. Another limitation of one-hot encoding is that the semantic
information about words is missing.

19https://www.ethnologue.com/insights/how-many-languages/
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Therefore, the distributional concept was introduced to the representation of words.
The distributional hypothesis is that the linguistic items that have similar mean-
ings are in similar distributions. N-gram models [253] are one of the earliest word
representation methods that are coherent with the distributional hypothesis. Doc-
ument representation models based on bag-of-words (BoW) models [100] rely on
the distributional hypothesis, and the term frequency-inverse document frequency
(TF-IDF) weighting scheme builds on this representation [261]. Distributed repre-
sentation reduces the dimensionality of the representation, which can help prevent
sparsity issues, and has been proven to be more efficient. With the great success of
DL, distributed representations have become the most common approach for NLP.

The curse of dimensionality is a fundamental problem for language models that
rely on distributed representations. However, the introduction of neural networks
has largely mitigated this issue. The neural probabilistic language model [17] is a
pioneering practice of distributed representation with neural networks. It assigns
each word in the vocabulary a distributed word feature vector and models the joint
probability function of word sequences based on these vectors. The distributed
word feature vectors and the parameters of the associated probability function are
learn simultaneously. Due to the projection and the hidden layer being densely
connected, this requires complex computations.

To reduce the complexity of computations, word to vector (Word2Vec) represents
each word as a low-dimensional vector to capture the similarities between words.
For example, continuous bag-of-words (CBOW) models remove the non-linear hid-
den layer and use a hierarchical softmax, which employs a Huffman binary tree to
represent the vocabulary. Therefore, all words share the projection layer. Another
architecture, continuous skip-gram, has a similar network structure to CBOW, but
it uses each current word as input to a log-linear classifier to predict words within a
certain range before and after the target word. The results show that the increased
range improves the quality of the resulting word vectors; however, it still suffers
from computational complexity [194]. Instead of using the hierarchical softmax, a
Huffman binary tree [116] is used to represent the vocabulary. Thus, this model’s
training speed got a significant increase, and learned more regular word represen-
tations [195]. Pennington et al. propose Global Vectors for Word Representation
(GloVe) [222], a specific weighted least squares model that trains on global word-
word co-occurrence counts, which produces a word vector space with meaningful
substructure.

Representing syntax, semantics, and polysemy is another challenge. Peters et al.
trained a bidirectional LSTM [104] with a coupled language model objective on a
large text corpus, which they named as embeddings from language models (ELMo)
representations [223]. Existing language models often overlook morphology by as-
signing a distinct vector to each word, thereby ignoring their internal structure,
which can be problematic for morphologically rich languages (e.g., Turkish or
Finnish). FastText [22] is the method that aims to solve this limitation. It is based
on the skip-gram architecture and uses a bag of character n-grams to represent
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each word. For the rare words representation, Macherey et al. divide words into
a limited set of common sub-word units (“wordpieces”) [310] for both input and
output. This provides a good balance between the flexibility of character-delimited
models and the efficiency of word-delimited models, naturally handles translation
of rare words, and ultimately improves the overall accuracy of the system.

In contrast to the methods discussed above, which operate at the word level,
transformer-based models [63, 231] utilize a global tokenizer to perform both to-
kenization and detokenization at the subword level. Transformer-based models,
trained on massive amounts of unlabeled data, have demonstrated promising per-
formance, representing a revolution in the field of NLP. The most common types
of tokenizers include WordPiece [310], used by Bidirectional Encoder Representa-
tions from Transformers (BERT) [63]; byte-pair encoding (BPE) [251], used by the
Generative Pre-trained Transformer (GPT) [231] family and RoBERTa [351]; and
SentencePiece [143], used by Text-to-Text Transfer Transformer (T5) [234].

Deep Neural Networks

Inputs

Inputs 
layer

Hidden 
layer

Output 
layer

Output

Hidden 
layer

Figure 2.5: A multilayer feed-forward neural network.

The canonical artificial neural network (ANN) is a multilayer feed-forward neural
network, which includes an input layer, hidden layers, and an output layer, as
shown in Figure 2.5. The input must be a fixed-size vector processed in parallel,
and the output is also a fixed-size vector. Many diverse neural networks have
been developed that extend feed-forward networks with novel ideas. Convolutional
neural networks (CNNs) maintain the feed-forward network structure but replace
the fully connected layers with convolutional layers. Each artificial neuron processes
only a local region of the input, making CNNs well-suited for spatial data tasks
(e.g., image processing). However, due to their lack of temporal memory, CNNs
are not well-suited for sequential data tasks (e.g., text or dialog).
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To address temporal dependencies, feedback connections, also known as recurrence
units, were introduced into feed-forward networks, resulting in recurrent neural
networks (RNNs). RNNs are effective for handling sequential data (e.g., text or
time series). However, RNNs suffer from two major limitations: their sequential
processing of tokens impedes parallelization and requires multiple steps to model
long-range dependencies, and they are prone to the vanishing gradient problem,
which complicates learning from large datasets.

Various attention mechanisms have been introduced to assist recurrence units in
addressing the above limitations, which manage long-range dependencies more
effectively by dynamically focusing on relevant encoder states during decoding.
However, this does not fundamentally solve the problems of sequential processing
and the vanishing gradient. Furthermore, self-attention and cross-attention mech-
anisms were introduced to replace recurrence [284], allowing each token to attend
to all other tokens in a sequence. This shift led to the development of transform-
ers [63], which form the foundation of LLMs.

Overall, RNNs and transformers are able to process sequential inputs of variable
length, which have been widely used in speech and language studies and appli-
cations. Therefore, we outline the preliminaries of RNNs and transformers, along
with their unique mechanisms.

Recurrent Neural Networks (RNNs)

RNNs were proposed many years ago. Some of their variants continue to perform ef-
fectively on dialog-related tasks, achieving SOTA results. Generally, modern RNNs
can be classified into Jordan-type [126] and Elman-type [73] RNNs. They are shown
in Figure 2.6, where xt, ht, and yt are the inputs, hidden state, and output of time
step t, respectively. Wh, Wy, and Uh are weight matrices. The biggest difference
between them is that each hidden state is decided by the current input and either
the output of the last time step or the hidden state of the last time step. Thus, at
the tth time step, the hidden state, ht, and output yt, of Jordan-type RNNs can be
calculated as:

ht = σh(Whxt + Uhyt−1 + bh) (2.1)

yt = σy(Wyht + by) (2.2)

The hidden state, ht, and output, yt, of Elman-type RNNs can be calculated as:

ht = σh(Whxt + Uhht−1 + bh) (2.3)

yt = σy(Wyht + by) (2.4)

Where bh and by are biases. σh and σy are activation functions.

In practical training, long-range dependencies are difficult to learn because the
backpropagation errors accumulate and increase over many time steps, which is
known as gradient vanishing and gradient explosion [93].

Long Short-Term Memory (LSTM)
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(a) Jordan-type RNNs (b) Elman-type RNNs

Inputs Inputs

Hidden
state

Hidden
state

Outputs Outputs

Figure 2.6: Graphical models of two basic types of Recurrent Neural Networks.
The primary difference between these two types of methods lies in the fact that
each hidden state is determined by the current input and either the output of the
previous time step (Jordan-type) or the hidden state of the previous time step
(Elman-type). Source: Adapted from [211]
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Figure 2.7: Overview of the LSTM and GRU architecture. Source: Adapted
from [224].
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To address the gradient vanishing problem, the gate mechanisms were introduced
in LSTMs [104], as depicted in Figure 2.7 (a). Three gates, the forget gate, f , input
gate, i, and output gate, O, were introduced to decide what information can be
removed, what information is to be stored, and what information to output. They
can be calculated as:

ft = σ(Wf [ht−1, Xt] + bf ) (2.5)

it = σ(Wi[ht−1, Xt] + bi) (2.6)

C∗
t = tanh(Wc[ht−1, Xt] + bc) (2.7)

Ct = ft ∗ Ct−1 + it ∗ C∗
t (2.8)

Ot = σ(Wo[ht−1, Xt] + bo) (2.9)

ht = Ot ∗ tanh(Ct) (2.10)

Where t represents the time step, X denotes the input, C∗ denotes short-term
memory, C (cell state) denotes long-term memory, b denotes bias, [ht−1, Xt] denotes
the concatenation of ht−1 and Xt, ∗ denotes pointwise multiplication, and h denotes
the final hidden state output.

Gated Recurrent Unit (GRU)

Inspired by the gate mechanism, GRUs [45] were proposed, see Figure 2.7 (b), which
have a single update gate Z that combines the functions of the LSTM’s forget and
input gates. The cell state is removed. Hidden states h carry all information.

The update gate Z can be calculated as:

Zt = σ(Wz[ht−1, Xt] + bz) (2.11)

Where t represents the time step, X denotes the input, b denotes bias, [ht−1, Xt]
denotes the concatenation of ht−1 and Xt, and h denotes the output, same as in
the following equations.

The reset gate r controls how much past information is used when computing the
candidate hidden state. It can be calculated as:

rt = σ(Wr[ht−1, Xt] + br) (2.12)

Candidate hidden state h∗ can be calculated as:

h∗
t = tanh(Wh[rt ∗ ht−1, Xt] + bh) (2.13)

Where ∗ denotes pointwise multiplication.

The final hidden state output h can be calculated as:

ht = (1− zt) ∗ ht−1 + Zt ∗ h∗
t (2.14)
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Figure 2.8: Overview of scaled dot-product attention. Q, K, and V represent query,
key, and value, respectively. Source: Adapted from [284].

There are many variants that have been proven to perform better than standard
LSTMs or GRUs; we will not detail them. The attention mechanism and the trans-
former have reformed the field of NLP and are now the dominant technologies. We
will detail them in the next subsection.

The Evolution of Attention Mechanisms

The attention mechanism was first proposed to improve RNN models for machine
translation and is known as additive attention. Additive attention enables the
decoder to dynamically focus on different parts of the source sentence at each
decoding step [10]. Subsequent study by Luong et al. [184] proposed two types of
attention mechanisms: global attention, which considers all encoder hidden states,
and local attention, which focuses on a small window around a predicted position.
Memory-based models [267] further extend the use of attention by integrating it
with an external memory.

Overall, early attention mechanisms, including additive, global, and local atten-
tion, served primarily as auxiliary components that augment recurrent models,
such as LSTMs and GRUs. Their role was to help these networks manage long-
range dependencies more effectively by dynamically focusing on relevant encoder
states during decoding. However, the limitations of recurrent models have not been
fundamentally resolved.

Scaled dot-product attention [284] models relationships in a sequence by weighting
values according to query-key similarity. Unlike the previous attention to assist the
recurrent models, scaled dot-product attention serves as a primary component. As
shown in Figure 2.8, it can be formalized as Equation (2.15), which computes
attention weights by taking the dot product of queries and keys and applying the
softmax function to obtain weights for values.

Attention(Q,K, V ) = softmax

(
QKT

√
dk

)
V (2.15)
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Where Q, K, and V represent query, key, and value, respectively. dk is the dimen-
sion of queries or key.
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Figure 2.9: Overview of the transformer architecture. Source: Adapted from [284].

The Transformer’s multi-head attention mechanism [284] is an extension of the fun-
damental scaled dot-product attention, running multiple heads in parallel to cap-
ture different types of relationships. It leverages two primary forms: self-attention,
where Q, K, and V are derived from the same sequence, and cross-attention,
where Q is derived from one sequence and K, V from another (e.g., connecting
the decoder to the encoder). This architecture marked a paradigm shift in neural
sequence modeling, resulting in more efficient training and superior performance
across a wide range of tasks.

Similar to the vanilla Seq2Seq learning (as shown in Figure 2.4), the architecture
of the canonical transformer consists of an encoder and a decoder, as depicted
in Figure 2.9. Both the encoder and decoder are composed of a stack of N =
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6 identical layers, as described in the original study. The encoder tokenizes the
input sentence into tokens vectors x = (x1, ..., xn) and maps it into continuous
hidden states h = (h1, ..., hn). The decoder then generates the output sequence
y = (y1, ..., yn) based on the encoder’s hidden states. Each encoder layer consists of
two sub-layers: a multi-head self-attention mechanism and a simple fully connected
feed-forward network, both of which apply residual connections. The structure of a
decoder layer is almost the same as that of an encoder layer, except for an additional
encoder-decoder attention layer, which computes the attention between decoder
hidden states of the current time step and the encoder output vectors. The input
to the decoder is partially masked to ensure that each prediction is based on the
previous tokens, thereby avoiding predictions in the presence of future information.
Both the encoder and decoder inputs use a positional encoding mechanism [284,
211].

2.3 Transformer-based Language Models

Previous dominant language methods, such as RNNs, rely on a limited local con-
text (a few preceding words), restricting the model to capture broader patterns in
the data. Attention mechanisms address this limitation by internalizing linguistic
structures and enabling models to process unstructured textual data more effec-
tively. Therefore, transformer models develop a deeper statistical understanding
of language, leading to better comprehension. In addition to encoder-decoder lan-
guage models, there are two other major variants: encoder-only and decoder-only
language models (see Figure 2.10). These three architectures serve as the founda-
tional building blocks of modern transformer-based language models. Each of these
models is trained on different objectives and so learns to solve different tasks. Fig-
ure 2.11 illustrates the relationships among SOTA LLMs.

2.3.1 Encoder-only Language Models

Encoder-only language models are trained for understanding tasks, such as sen-
tence classification or embeddings. The dominant training objective is masked
language modeling (MLM), which pre-trains the model to predict masked tokens
in order to reconstruct the original sentence. Next sentence prediction (NSP) is
another pre-training objective, designed to help the model learn whether two sen-
tences are logically related. For example, BERT [63] (Bidirectional Encoder Repre-
sentations from Transformers) is pretrained using both MLM and NSP to improve
sentence reconstruction and understanding of inter-sentence relationships. Deriva-
tives of BERT, such as RoBERTa [351], are trained on large-scale data to learn deep
contextual word representations, while SimCSE [85] is trained using a contrastive
learning approach to produce sentence-level embeddings.

Other objectives have been introduced to address different challenges. Sentence
order prediction (SOP) was proposed to overcome the limitations of NSP by en-
hancing discourse-level understanding, as in ALBERT [145]. To improve the effi-
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Figure 2.10: Transformer variants. (a) Encoder-only models, also known as autoen-
coding models (e.g., BERT [63], RoBERTa [351], SimCSE [85], ALBERT [145]
et al.); (b) Encoder-decoder models, termed sequence-to-sequence models (e.g.,
BART [151], mBART [177], T5 [209], mT5 [316], UL2 [270], PALM [18], et.
al.); (c) Decoder-only models, referred to as autoregressive models (e.g., GPT
family [231, 232], LLaMA [278], Vicuna [43], Mixtral 7B [122], DeepSeek fam-
ily [168, 95, 167], Claude [305], PaLM [46], et. al.).

ciency of MLM, replaced token detection (RTD) enables the model to learn from
all tokens rather than only the masked ones, as in Electric [48].

2.3.2 Encoder-Decoder Language Models

Encoder-decoder language models are designed for input-output tasks such as sum-
marization, question answering, and machine translation. Bidirectional and Auto-
Regressive Transformers (BART) [151] combines a bidirectional encoder (similar
to BERT) with a left-to-right autoregressive decoder (similar to GPT). It is pre-
trained using a denoising objective, enabling the model to reconstruct the original
text from the corrupted input. This training strategy allows BART to develop
strong capabilities in both understanding and generating language. mBART [177]
is a multilingual extension of BART, designed to handle a variety of languages in
the same framework.

T5 [209] is another powerful encoder-decoder model that also uses a denoising pre-
training objective. Unlike BART, T5 focuses solely on reconstructing the masked
portions of the input text rather than the entire sentence. mT5 [316] extends
T5 to multilingual settings, enabling the model to perform a wide range of tasks
across different languages. Pre-training an Autoencoding & Autoregressive Lan-
guage Model (PALM) [18] is an encoder-decoder model in which the encoder and
decoder are jointly pretrained in two stages. In the first stage, the encoder is trained
as a bidirectional autoencoder to reconstruct the original text from corrupted con-
text. In the second stage, the encoder and decoder are jointly trained to generate
text output autoregressively from the encoder’s context representations.
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Figure 2.11: Evolutionary relationships of large language models. Note: Recently,
these models have increasingly supported multimodal inputs. Gemini and Claude
3 are explicitly multimodal, whereas GPT-4, Qwen 3, Mistral 3, and LLaMA-4 are
primarily language models, with vision-language capabilities introduced through
specific multimodal variants. Their subsequent iterations increasingly adopt fully
multimodal architectures, including Gemini 2, Gemini 3, Claude 4, and GPT-5.

2.3.3 Decoder-only Language Models

Decoder-only language models are experts at generative tasks such as story writing,
conversational agents, and code generation. These models, also known as autore-
gressive models, are pretrained using causal language modeling (CLM), where the
objective is to predict the next token in a sequence based solely on the preced-
ing tokens. Notable examples include GPT [231], LaMDA [277], Mixtral 7B [122],
Vicuna [43], LLaMA [278], Qwen [11], PaLM [46] and Claude [305], et. al.

CLM can be extended to multi-task pretraining, allowing the model to develop
expertise across a wide range of domains. One such extension is prefix language
modeling (PrefixLM), a hybrid of CLM and MLM. In PrefixLM, the model is con-
ditioned on a given prefix and generates a span of text, rather than predicting
only the next token. This approach is used in models like UL2 [270]. Multi-token
prediction (MTP) extends the conventional CLM by training the model to pre-
dict multiple future tokens from each position, providing a denser training signal.
Prior research and implementations, such as DeepSeek-V3 [168], demonstrate that
this auxiliary objective can improve downstream performance and support more
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complex reasoning and planning behaviors than standard next-token prediction.

Alignment and Fine-Tuning

In addition to conventional supervised and unsupervised strategies for fine-tuning
LLMs, particularly decoder-only architectures. The SOTA systems such as Chat-
GPT, Google Gemini, Anthropic Claude, LLaMA-2-Chat, and DeepSeek-Chat em-
ploy reinforcement learning from human feedback (RLHF) [47, 216, 14] to improve
output quality and better align model behavior with human goals and values.
The recent success of DeepSeek-R1 [95] further illustrates that RL-based align-
ment methods can enhance a model’s usefulness, honesty, and safety. Neverthe-
less, RLHF remains computationally demanding, difficult to stabilize, and labor-
intensive due to its reliance on human preference data. RLHF [233] has emerged
as a more efficient and scalable alternative to RLHF, and it is adopted in mod-
els such as Mistral-Instruct and Zephyr. Gemma-IT employs a distinct RL-based
method, rejection sampling fine-tuning (RSFT) [272], which optimizes model be-
havior through filtered sampling rather than an explicit reward model.

Beyond RLHF and RSFT, LLMs can be improved through RL variants, includ-
ing reinforcement learning from AI feedback (RLAIF) [146] and constitutional AI
(CAI) [15]. RL-free methods include supervised instruction tuning [246, 298] and
preference-based optimization methods such as rank responses to align human
feedback (RRHF) [331] and direct preference optimization (DPO).

Additional advancements come from self-training and synthetic-data generation
techniques [297, 350]. Models can also be adapted using parameter-efficient fine-
tuning (PEFT) methods such as low-rank adaptation (LoRA) [107] and quan-
tized low-rank adaptation (QLoRA) [62] as well as Knowledge Distillation [103],
Retrieval-Augmented Training [77], and Helpfulness, Honesty, and Harmlessness
(HHH)-oriented fine-tuning [9]. Together, these approaches offer a flexible and ex-
tensible toolbox for aligning, specializing, and scaling the capabilities of LLMs.

2.4 Chapter Summary

In this chapter, we reviewed conversational agents in Section 2.1. These personal
assistants have become increasingly integrated into our daily life. We examined
them from an architectural perspective in Section 2.2, including modular, neural,
and hybrid dialog systems. The motivation for adopting an architectural perspec-
tive is that contemporary surveys of dialog systems typically categorize them as
rule-based, statistical data-driven, end-to-end neural, or hybrid. However, this per-
spective presents two fundamental issues.

The first issue is that, in early research, although rule-based and data-driven di-
alog systems were built on fundamentally different technologies, both were based
on modular architectures. Nowadays, statistical methods such as RNNs and trans-
formers can be applied either as individual components within a modular dialog

31



Chapter 2. From Conversation to Communication

Utterance

Touch

Vision

Speech

Action

Position

Dialog 
Manager

Input Modules Output Modules

FissionFusion... ...

Figure 2.12: Overview of the high-level multimodal dialog architecture for an em-
bodied agent. Source: adapted from [79].

system or as end-to-end neural dialog systems. Therefore, we reviewed the broader
notion of modular dialog systems in Section 2.2.1 and end-to-end neural dialog sys-
tems in Section 2.2.3. The second issue is that, as technologies evolve, researchers
have developed a deeper understanding of the strengths and limitations of these
models. A more principled approach is to select the appropriate technical foun-
dation based on specific requirements. In particular, the emergence of large-scale
transformer-based methods, especially LLMs, has demonstrated remarkable capa-
bilities. Consequently, the concept of hybrid dialog systems has evolved compared
with early studies, such as BeRP, SCREEN, and HIS. We provide a review and
summary of this new concept in Section 2.2.2.

Furthermore, we analyzed the prevailing paradigm of transformer-based language
models in Section 2.3, which can be categorized into encoder-only, encoder-decoder,
or decoder-only models, each with different training objectives, as illustrated in Fig-
ure 2.10. The detailed evolutionary relationships among these models are shown
in Figure 2.11. One notable trend is that multimodal systems are gradually be-
ing valued and explored. It also aligns with the requirements of the research on
embodied agents.

Conversation is arguably the most common form of human communication, typi-
cally involving spoken or written exchanges between two or more participants. In
situated communication, humans rely on multiple senses: we listen with our ears
(language), see with our eyes (vision), speak with our mouths (speech), and use our
hands both to perceive touch and to manipulate objects. Multimodal dialog sys-
tems for embodied agents should move beyond a purely language-centric approach,
incorporating a range of sensory inputs and outputs, as illustrated in Figure 2.12.
Inputs include linguistic, environmental, haptic, and other sensory information,
while outputs comprise speech responses, physical actions, and predictions of ob-
ject positions in the environment. For an intelligent robot to assist in everyday
human activities, environmental perception must be considered equally central to
language processing.
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Therefore, in the next chapter, we investigate how to extend conversational agents
to incorporate sensory and contextual information beyond language, with a par-
ticular focus on integrating visual information for embodied agents.
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Chapter 3

Embodied Vision-Language for
Situated Communication

In the previous Chapter 2, we reviewed the remarkable success of conversational
agents capable of communicating with humans in natural language. However, since
human-human communication is usually situated and interactive, language-only,
unimodal dialog systems are insufficient for achieving truly natural and intuitive
interactions. As a result, researchers have developed situated, interactive dialog
systems that engage in communication by processing and generating responses
through both visual and linguistic input and output modalities [191, 42]. Situated
and interactive communication refers to conversations that are based on visual
input, such as images, videos, or sensory data from the real or virtual environments.
These systems, known as multimodal dialog systems, integrate multiple modalities
for both understanding and response.

Early multimodal dialog systems often focused on screen-based interactions, com-
bining speech with a complementary input modality to control dynamic graphical
outputs. For instance: Put-That-There [23] integrates speech and 3D hand-tracking
data, outputting dynamic graphics where objects are moved, created, or deleted
based on user commands. COMIC [33] combines speech with touchscreen gestures.
The system responds with synthesized speech and updates a shared graphical de-
sign interface. QuickSet [49] uses speech and pen gestures as input to create and
manipulate entities within a map-based simulation environment, with the results
displayed graphically. MATCH [125] accepts input from speech and pen on a mo-
bile device, providing spoken feedback and displaying relevant information and
maps on its graphical interface. Consequently, the field has focused on input fu-
sion [21] to combine modalities from the user, and output fission [286] to select
appropriate responses. The statistical methods significantly advanced these fusion
and fission techniques [21, 217], enabling systems to more effectively interpret mul-
timodal inputs and generate appropriate outputs. Therefore, in this chapter, our
main research question is how to integrate the visual modality into a conversational
agent?
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This chapter highlights the importance and challenges of integrating the visual
modality into a language model for interactive and situated communication. We
begin by outlining the key challenges of vision-language datasets (VLDs) in a spe-
cific task in Section 3.1 and then review general-purpose vision-language models
(VLMs) in Section 3.3. We analyze the transition from specific task challenges
to general-purpose VLMs in Section 3.2 and summarize the transfer from general-
purpose VLMs to embodied agents, specifically addressing the robotic challenges in
Section 3.4. Furthermore, we discuss the distinction between Uncertainty, Vague-
ness, and Ambiguity (UVA-phenomena) in human-robot interaction (HRI), and
clarify the definitions and potential solutions in Section 3.5.1. Subsequently, we
examine how the object states impact HRI in the following Section 3.5.2. Finally,
we close this chapter with unresolved challenges in Section 3.6.

3.1 Vision-Language Datasets

Vision-language datasets (VLDs) are collections of image-text pairs that incorpo-
rate both natural language and visual data [185]. These datasets are used to train
models, so their design logic directly impacts model performance. From a human
perspective, the overarching goal is to empower an agent to communicate effectively
with humans. The agent must be able to perceive environmental information in
order to respond to human utterances or perform specific actions to fulfill human
requests. Based on their objectives and interaction paradigms, we classify these
datasets into three broad categories: observation-only, retrieval-based, and inter-
active VLDs. Accordingly, we examine the datasets from these three perspectives.

3.1.1 Observation-only VLDs

The objective of this type of dataset is to provide training data for agents that
generate a correct natural language answer based on a given image and a cor-
responding natural language question. However, neither the human user nor the
dialog agent directly manipulates or interacts with the environment, as illustrated
in Figure 3.1(a). Instead, the conversation focuses on describing, understanding,
or reasoning about the observed scene.

For example, visual question answering (VQA) [8] addresses the task of gener-
ating a correct natural language answer given an image and a related natural
language question. Furthermore, Visual Dialog [56] aims to enable an artificial
agent to conduct meaningful conversations with humans using natural, conversa-
tional language about visual content. CLEVR [123] and CLEVR-Ref+ [175] focus
on building artificial agents capable of reasoning and answering questions about
visual data. CLEVR-Dialog [141] is a larger diagnostic dataset designed for study-
ing multi-round reasoning in visual dialog. GuessWhat?! [59] presents a multi-turn
language-based task in which a questioner interacts with an oracle to identify an
unknown target object in a complex image scene; the questioner must ask a se-
quence of questions and make a final guess, which the oracle then verifies.
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Referring expression comprehension (REC) is the task of localizing in an image
the object referred to by a given natural language expression. The classic datasets
Referring Expressions in COCO (RefCOCO) and its variant of Referring Expres-
sions in COCO Plus (RefCOCO+) [131] were collected via a two-player game
on Common Objects in Context (COCO) image set, with the key difference that
RefCOCO+ excludes explicit location words to force reliance on fine-grained vi-
sual details. In contrast, the Google version of Referring Expressions in COCO
(RefCOCOg) [190] was collected via one-player annotation, yielding longer, more
detailed expressions that provide richer contextual information.

Human Agent

Image

Language

Language

Image

Image 
database

Human Agent

Image

Language

Language

(a) (b)

Figure 3.1: (a) Paradigm in observation-only vision-language datasets.
(b) Paradigm in retrieval-based vision-language datasets.

Situated and Interactive Multimodal Conversations (SIMMC) [201] aims to train
the virtual assistants for two shopping scenarios: fashion (grounded in an evolving
set of images) and furniture (grounded in a shared virtual environment). The vir-
tual assistant is designed to incorporate multimodal inputs (e.g., visual context,
memories of previous interactions, and users’ utterances) and perform multimodal
actions (e.g., displaying a route while generating a system utterance). However,
to effectively help users in real-world multimodal environments, an assistant must
understand conversational contexts within the user’s perceived surroundings. The
second generation, SIMMC 2.0 [139], was introduced, grounded in immersive and
photo-realistic scenes. SIMMC 2.1 [138] extends SIMMC 2.0 with additional anno-
tations for fine-grained referent candidates and new user utterances, which support
the study and modeling of visual disambiguation.

3.1.2 Retrieval-based VLDs

The objective of this type of dataset is to overcome the challenge of bridging
the semantic gap between textual and visual modalities. An agent assists users in
finding images that match certain criteria expressed in natural language. Its role is
to interpret the user’s input-often in a conversational context-and return the most
relevant results from the image database, as shown in Figure 3.1 (b).

Relative Captioning [98] introduces a dataset that captures comparative visual

37



Chapter 3. Embodied Vision-Language for Situated Communication

differences, which are difficult to describe using only a predefined set of attributes.
The goal is to enable the model to function as a dialog-based interactive retriever
that can retrieve the user’s desired images. Multimodal Dialog (MMD) [244] is a
domain-aware conversational dataset that captures interactions between shoppers
and salespersons in the retail domain, embodying the necessary capabilities for
autonomous agents. MMDialog [78] focuses on multimodal open-domain conversa-
tion, encompassing both response generation and retrieval tasks.

3.1.3 Interactive VLDs

In addition to observing the environment for language reasoning, a key advance-
ment of interactive vision-language study is that the agent can interact with the
environment, either virtually or physically. Such conversations often involve task-
oriented goals, where the agent must understand the current state of the envi-
ronment and predict appropriate actions to achieve a specific outcome. The agent
receives linguistic instructions from the user and interacts with the environment
through visual perception. It may or may not provide feedback to the user. Simi-
larly, the human may or may not physically interact with the environment. These
interaction forms can be represented in four possible variants, as illustrated in the
Figure 3.2.

Embodied Agents

In embodied agent research, robots primarily operate by navigating physical envi-
ronments and manipulating objects. TOUCHDOWN [36] examines joint reasoning
over language and vision in navigation and spatial tasks, requiring agents to gener-
ate actions that are consistent with both natural language instructions and object
properties. ALFRED [256] introduces a benchmark within AI2-THOR1 comprising
five navigation and seven interaction actions, and emphasizes task execution with-
out language-based responses. That interaction form is illustrated in Figure 3.2(a).

To incorporate linguistic responses into embodied interaction, Talk The Walk [58]
presents the first large-scale dialog dataset grounded in action and perception. The
dataset involves a guide and a tourist who collaborate through natural language,
thereby integrating perception, navigation, and interactive dialog. That interaction
form is shown in Figure3.2(c). Vision-and-Dialog Navigation [276] extends this
paradigm by enabling agents to solicit assistance when encountering difficulties
and to interpret human feedback. TEACh [219] contributes an interactive dataset
involving human commanders and robot followers, where followers are permitted
to query for clarification when instructions are ambiguous. Similarly, Imitating
Interactive Intelligence [2] collects setter-solver interactions, in which setters issue
instructions and solvers both execute them and produce language responses.

1https://ai2thor.allenai.org/
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Figure 3.2: Interactive forms of vision-language datasets in four variants. (a) No
agent feedback; no human interaction. For example, ALFRED [256] and TOUCH-
DOWN [36]; (b) No agent feedback; human interacts with the environment. Such
as CEREALBAR [266]; (c) Agent provides feedback; no human interaction. Like,
Minecraft Collaborative Building [207], TEACh [219], Talk The Walk [58], Imitat-
ing Interactive Intelligence [2], and Vision-and-Dialog Navigation [276]; (d) Agent
provides feedback; human interacts with the environment (reflecting HRI in daily
life).

Virtual Game Environments

In virtual game studies, game-playing agents execute actions conditioned on visual
and linguistic cues. To support the development of fully interactive agents capa-
ble of collaborating effectively with humans, the Minecraft Dialog Corpus [207]
was introduced, whose interaction form is illustrated in Figure 3.2(c). This corpus
features a two-player game in which an Architect and a Builder play. The given
target structure instructs the Builder via a text-based chat interface to construct
a replica of the target within a designated build region. The dialog between the
Architect and Builder serves to resolve ambiguities and correct construction errors.

CEREALBAR [266] introduces a dataset based on a collaborative game with two
agents, a Leader and a Follower. It is designed to address the challenge of grounding
the Leader’s instructions in the Follower’s actions. Beyond instruction-following,
agents must reason about a dynamically evolving environment and interpret di-
rections involving multiple, interdependent goals. That interaction form is shown
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in Figure 3.2(b).

3.2 Transition: from Datasets Challenges to Mod-

els

In the era of data-driven statistical methods, datasets are often designed to address
a specific challenge and are subsequently used to train corresponding models. Con-
sequently, the nature and structure of these datasets largely determine the func-
tionality and performance of the resulting models. However, the architecture of a
model itself also plays a crucial role in shaping its effectiveness and capabilities.

In contrast to earlier approaches that focused on developing models tailored to a
single, well-defined task, contemporary methodology has shifted toward the con-
struction of general-purpose models [230, 333, 160]. Such models are trained on
large-scale and diverse datasets to acquire the ability to perform a wide range
of tasks and adapt to various scenarios. They can subsequently be fine-tuned or
prompted to address specific downstream tasks with minimal additional supervi-
sion.

In the previous Chapter 2, we reviewed how general-purpose language models,
grounded in transformer-based architectures, have revolutionized natural language
processing (NLP) and conversational agents. Extending transformer-based lan-
guage models by incorporating visual information gives rise to transformer-based
VLMs. The fundamental principles of these models can be categorized into three
paradigms: discriminative, generative, and hybrid. We will examine these paradigms
in detail in the following section.

3.3 Transformer-based Vision-Language Models

3.3.1 Discriminative VLMs

Discriminative VLMs, also known as conditional models, are typically trained
with masked prediction objectives (e.g., masked language modeling (MLM) condi-
tioned on images, masked region/feature modeling, masked image modeling with
feature regression), matching objectives (e.g., image-text matching, next-sentence
mismatch detection), contrastive objectives (e.g., image-text contrastive), or align-
ment objectives (e.g., region-word or patch-token alignment). An encoder-based
transformer model, like Bidirectional Encoder Representations from Transform-
ers (BERT) [63], can effectively analyze and process textual data. Inspired by the
profound impact of BERT on NLP, many BERT-style innovations have been intro-
duced to advance the fusion of vision and language for understanding, reasoning,
and alignment.
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Understanding and Reasoning

ViLBERT [182] discretizes the space of visual inputs by clustering visual features
into tokens within a BERT-based architecture, which are treated analogously to
text tokens to form a vision stream. The text and vision streams are then processed
in parallel within novel cross-modal co-attentional transformer layers, which enable
learning of visual grounding from paired vision-language data, as shown in Fig-
ure 3.3(a). VisDial-BERT [206] adapts ViLBERT for multi-turn visually-grounded
conversations.
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Figure 3.3: Schematic illustration of dual-stream and single-stream vision-language
architectures. (a) Dual parallel streams approaches: ViLBERT [182] and VisDial-
BERT [206]; (b) Single stream approaches: UNITER [40], VisualBERT [154], and
VL-BERT [265].

Instead of processing vision and language as two parallel streams, VisualBERT [154],
UNITER [40], and VL-BERT [265] use object detection models to extract image
features and concatenate them with textual embeddings from BERT to form a sin-
gle stream. The self-attention mechanism in BERT and its variants then implicitly
aligns elements of the input text with regions in the input image, as depicted in
Figure 3.3(b). The results from it show that a single-stream architecture performs
better than two parallel streams.

Oscar [159] introduced object tags detected in images as anchor points to facili-
tate learning alignments between vision and language (see Figure 3.4(a)). Building
on this, VinVL [340] developed a more powerful object detection model that pro-
duces richer visual features than the classical approach [5], which is fed into Oscar
and substantially uplifts the state-of-the-art (SOTA) results on all major VL tasks
across multiple public benchmarks. The achievements of Oscar and VinVL demon-
strate that object tags as anchors enhance vision-language alignment. Notably, it
was the first to apply contrastive loss on object tags, encouraging alignment be-
tween object labels and corresponding object regions. This idea was later extended
more broadly to image-text alignment, which is termed contrastive learning.

Contrastive Learning

To facilitate a comprehensive understanding of vision, language, and their simi-
larities, contrastive learning methods have been developed to align the represen-
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tations of visual and textual modalities. As shown in Figure 3.4 (b), a simple
dual-encoder architecture learns to align visual and language representations from
image-text pairs. The textual encoder, like BERT [63], converts textual inputs
into textual embeddings, while the visual encoder, such as convolutional neural
networks (CNNs) [142] or vision transformers (ViTs) [68], extracts features from
images to produce visual embeddings. Contrastive learning aligns related image-
text pairs by minimizing the distance between their embeddings in a shared space,
while maximizing the distance between embeddings of unrelated pairs. Pioneer-
ing models such as CLIP [230], ALIGN [121], and Florence [312] are pretrained
on large-scale image-text datasets to learn transferable representations for down-
stream tasks.
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Figure 3.4: Pre-contrastive vs contrastive vision-language models. (a) Simplified
diagram for pre-contrastive vision-language models: Oscar [159] and VinVL [340];
(b) Simplified diagram for contrastive vision-language models: CLIP [230],
ALIGN [121], and Florence [312].

3.3.2 Text-Generating VLMs

Text-only generative VLMs are trained with objectives such as next-token predic-
tion (e.g., standard causal or prefix language modeling (PrefixLM)), masked re-
construction, denoising, sequence-sequence, and permutation-based modeling. To
enhance the model’s communication capabilities, multimodal instruction tuning
is employed during the fine-tuning stage. The most widely used large language
models (LLMs), serving as backbones adapted for VLMs, include LaMDA [277],
Mixtral 7B [122], LLaMA [278], Vicuna [43] (built upon LLaMA), and Qwen [11],
all of which excel at text generation2.

A straightforward approach to incorporating vision into an LLM is to employ
a pretrained visual encoder to extract visual features, followed by a multilayer
perceptron (MLP) or linear adapter to project these features into the textual em-
bedding space, as shown in Figure 3.5(a). For example, LLaVA [173] employs a

2We primarily focus on open-source or open-weights models, since official details of closed-
source models (e.g., GPT-4, Gemini, and Claude) remain undisclosed.
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Figure 3.5: Simplified diagram for generative models. (a) The straightforward ap-
proaches: LLaVA [173], MiniGPT-4 [349], CogVLM [293], and CogVLM2 fam-
ily [293]; (b) Image resolution adaptive approaches: Qwen-VL [12], Qwen2-VL [13],
MiniCPM-V-2.6 [324], and DeepSeek-VL2 [311].

linear projection layer to combine a pretrained vision encoder, CLIP [230], with a
pretrained language decoder, Vicuna [43], which updates all module weights across
different training stages. MiniGPT-4 [349] uses a single linear projection layer to
connect a visual encoder, BLIP-2 [152], into a language decoder, Vicuna [43], which
only trains the linear projection layer to align the visual features with the language
decoder. Although a single linear layer is simple and effective, it suffers from com-
putational inefficiency when processing extended image sequences, as well as from
limited expressive capacity. To address these limitations, a 2 × 2 convolutional
layer is introduced into the visual adapter in CogVLM [293] and the CogVLM2
family [105].

Image resolution is another primary factor that impacts a model’s performance.
A naive solution is using a resolution adapter to resize all input images to a spe-
cific resolution, such as Qwen-VL [12], as shown in Figure 3.5(b). Furthermore,
Qwen2-VL [13] introduces naive dynamic resolution, which dynamically converts
images into a variable number of visual tokens. To handle high-resolution images
with varying aspect ratios, GLM-4.5V [106] introduces two adaptations. First, 2D-
RoPE [264] is integrated into the self-attention layers of the ViT. Second, the
model’s original learnable absolute positional embeddings are retained. MiniCPM-
V-2.6 [324] proposes a divide-and-stride strategy that partitions the image into
optimally scored slices based on resolution matching and a calculated ideal slice
number, incorporating adjacent sets if needed, while capping the resolution for
practical efficiency.

Designed for versatility, SPHINX [166] integrates a mixture of multi-LLMs, tun-
ing tasks, visual embeddings, and high-resolution sub-images, as shown in Fig-
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ure 3.6(a). Although it achieves impressive performance, its integration of numer-
ous components renders it redundant and computationally inefficient. To mitigate
this, the SPHINX-X family [171] removes the redundant visual encoder and sim-
plifies the training stages.

To better process both low-resolution and high-resolution images, DeepSeek-VL
introduces a hybrid visual encoder [181], as illustrated in Figure 3.6(b). This hybrid
visual encoder combines a SAM-B encoder [137], which processes high-resolution
(1024Ö1024) inputs to extract semantic features, with a SigLIP-L encoder [334],
which handles low-resolution (384Ö384) inputs. However, this approach is still
constrained by a fixed resolution. To address larger resolutions and extreme aspect
ratios, DeepSeek-VL2 [311] employs a dynamic tiling strategy.
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Figure 3.6: Simplified diagram for versatile generative models: (a) SPHINX-X
family [171]; (b) DeepSeek-VL [181].

The above methods employ different strategies, such as resizing, padding, or par-
titioning, to adapt images with varying aspect ratios, thereby integrating a vi-
sual encoder into an LLM. However, these operations introduce layout distortions,
disrupt spatial continuity between image regions, and impose additional compu-
tational overhead. Consequently, researchers have begun to explore methods that
integrate perception and reasoning capabilities within a single, unified architecture,
which is termed as visual encoder-free VLMs.

EVE [65] is a representative visual encoder-free VLM (see Figure 3.7) that pro-
cesses images and text through a lightweight patch embedding layer, followed by a
hierarchical patch-aligning layer that maps features into the pairwise space of an
auxiliary vision encoder [230]. Its performance, however, is constrained by cross-
modal interference in the pretrained LLM. EVEv2 [66] addresses this limitation
by decoupling modalities within the unified decoder using modality-specific com-
ponents, including attention, feed-forward, and normalization layers, along with
modality-wise sparsity and routing. SOLO [39] instead applies a linear projection
directly to raw image pixels within a unified transformer. Mono-InternVL [183]
embeds visual experts into a pretrained LLM, thereby unifying visual encoding
and language decoding within a single transformer architecture.
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In a different vein, Chameleon [271], Emu3 [296], Show-o [314], and Transfu-
sion [346] employ image tokenizers to encode and decode images for generative
purposes. As this topic lies outside the scope of our discussion, we do not elabo-
rate further.

Patch 
Embeddings Layer 

Large Language Model
(Vicuna)

Textual
 Embeddings 

Patch 
Aligning Layer

Figure 3.7: Visual encoder-free VLM: EVE [65].

3.3.3 Hybrid VLMs

Hybrid models are trained with mixed discriminative and generative training ob-
jectives, which leverage the strengths of both training to enable the models to
become general-purpose multimodal assistants. For example, LXMERT [268] in-
troduces a cross-modality encoder to align language semantics with visual con-
cepts for vision-language reasoning (Figure 3.8(a)). The model is pretrained on a
masked cross-modality language modeling task, a masked object prediction task,
and cross-modality tasks including matching and question answering. CoCa [328]
first pretrains a visual encoder on image classification, then a dual encoder with
contrastive loss to align vision and language. A multimodal text decoder is subse-
quently trained with generative objectives for image captioning (Figure 3.8 (b)).

BLIP [153] trains a dual encoder with image-text contrastive loss, followed by an
image-grounded text encoder that incorporates cross-attention layers trained with
image-text matching loss. An image-grounded text decoder is then trained with
a language modeling loss for caption generation (Figure 3.8 (c)). BLIP-2 [152]
introduces Q-Former, which connects a frozen image encoder and text encoder. It
is trained with image-text contrastive and matching losses for alignment, and with
an image-grounded text generation loss for text synthesis.

3.4 Transfer: from General Models to Embodied

Agents

The availability of massive online datasets and ever-increasing computational power
has enabled the scientific community to make substantial progress in developing
general-purpose LLMs and VLMs. These models are capable of performing tasks
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Figure 3.8: Simplified diagram for hybrid models: (a) LXMERT [268], (b)
CoCa [328], and (c) BLIP [153].

relevant to robotics, such as long- or short-horizon task planning, commonsense
reasoning, and multimodal perception. However, because their primary training
data are collected from the web, they lack exposure to the physical world, which
limits their abilities in tasks such as object affordances, handling uncertainty and
ambiguity, spatial reasoning, and the dynamics of physical interactions.

Vision-language-action (VLA) models extend the capabilities of VLMs by training
on datasets derived from physical robot interactions, thereby grounding the models
in real-world dynamics. Notable examples include RT-2 [352] and PaLM-E [69]. A
significant challenge for this paradigm is its reliance on massive, costly datasets
and prohibitive computational resources. Consequently, advancing this direction
may require a shift away from scaling transformer-based architectures and toward
fundamental algorithmic innovations.

There are two other notable dominant strategies for adapting a general-purpose
LLM or VLM to embodied agents. One is direct utilization: a general model can be
applied directly through in-context learning or chain-of-thought (CoT) prompting.
For example, PaLM-SayCan [28] leverages the LLM, Pathways Language Model
(PaLM) [46], to provide high-level semantic knowledge about procedures for per-
forming complex, temporally extended instructions, while value functions associ-
ated with low-level robotic skills provide the grounding necessary to connect this
knowledge to a specific physical environment. KnowNo [239], as a follow-up to
this research, directly utilizes the LLM, PaLM-2L [7], to model uncertainty in
complex, multi-step planning tasks. TidyBot [309] leverages the summarization
capabilities of the LLM, GPT-3, to infer users’ preferences for sorting objects.
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ViLa [109] utilizes the VLM, GPT-4V (vision), to perform long-horizon task plan-
ning for robotic operations. MOKA [172] leverages visual prompting on the VLM,
GPT-4V, for open-vocabulary robot manipulation, annotating marks on images,
and converting the prediction of keypoints and waypoints into a series of visual
question-answering problems that the VLM can feasibly solve.

The second strategy is task-specific fine-tuning, where a general model is adapted
using robotics datasets. This process tailors the model’s embedded commonsense
knowledge for specific embodied tasks. The standard methodology involves cu-
rating a domain-specific dataset and fine-tuning the model to specialize its capa-
bilities. For instance, to teach VLMs about physical concepts, Gao et al. [83] cre-
ated PhysObjects, an object-centric dataset with extensive annotations of physical
concepts. Their study showed that fine-tuning InstructBLIP [55] on this dataset
significantly improved its understanding of physical object concepts by capturing
human priors from visual appearance. Similarly, KALIE [269] developed an auto-
mated pipeline for synthesizing high-quality, affordance-aware data. The authors
demonstrated that after fine-tuning on just 50 data points, CogVLM [293] was able
to robustly solve new manipulation tasks involving unseen objects. To address a
broader lack of robotics knowledge, including affordances and physical concepts,
ManipVQA [111] compiled a diverse dataset of interactive objects. This dataset
presents challenges in tool detection, affordance prediction, and physical concept
prediction. Furthermore, RT-Grasp [315] explored the use of VLMs for numerical
predictions in robotics. Their results with LLaVA [173] confirm that VLMs can
be successfully adapted for such precise, regression-based tasks.

The volume of research utilizing LLMs or VLMs in robotics is vast [161, 112],
making exhaustive coverage impossible. However, much of this study operates at
the object category-level, whereas in real life, we interact with objects based on
their states. Although prior studies have explored uncertainty [115, 239] and ambi-
guity [162, 130, 57], they often fail to distinguish between these two concepts and
overlook the essential concept of vagueness. A further limitation is that LLMs and
VLMs themselves are not well-suited for spatial reasoning and object localization.
The following chapters will analyze these challenges and detail our contributions
to addressing them. First, the next section discusses the key challenges faced by
embodied agents and formally defines the problem settings tackled in this thesis.

3.5 Challenges and Problem Formulation in Em-

bodied Agents

Embodied agents are artificial intelligence (AI) robotic systems that integrate mul-
timodal environmental perception, situated interaction, natural language under-
standing (NLU), and adaptive learning mechanisms [81]. The principal challenges
of embodied agents, which we focus on in this thesis, concern visual perception
and communication. As reviewed in the preceding sections, research on VLMs and
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LLMs has demonstrated near-human-level capabilities in NLU, visual perception,
commonsense reasoning, and content generation. These advances motivate further
investigation into household robots that are capable of coexisting harmoniously
with humans.

The constraints faced by embodied agents that interact with humans give rise to
several conceptual questions that must be addressed before tackling the research
objectives and research questions proposed at the beginning of this thesis:

� Why clarity about Uncertainty, Vagueness, and Ambiguity (UVA-phenomena)
is needed (or not needed) in HRI? Why distinguish them, or should we simply
merge them?

� Why is the object state important in HRI?

� How can an embodied agent formalize and handle object-state representa-
tions and UVA-phenomena?

3.5.1 Why Clarity about Uncertainty, Vagueness, and Am-
biguity (UVA-phenomena) is Needed (or not needed)
in HRI? Why Distinguish them, or Should we Simply
Merge them?

Before discussing the clarity of the concepts of UVA-phenomena that arise in HRI,
it is necessary to first review the definitions of these three words as provided by
the official dictionaries, Oxford3 and Cambridge4. Uncertainty refers to the state of
being uncertain, or a situation that causes one to feel unsure or doubtful. Vagueness
is the noun form of vague, which describes something that is unclear in a person’s
mind, lacking sufficient detail or information, indicating a lack of clear thought
or attention, or lacking a well-defined shape or form. Ambiguity is defined as the
state of having more than one possible meaning, or a word or statement that can
be interpreted in multiple ways. It can also refer to something that is difficult to
understand or explain due to its complexity or the involvement of many different
aspects.

Those concepts manifest in different communicative and decision-making processes
in HRI. These phenomena can occur independently or in combination [133, 281]
in the interdisciplinary research areas of linguistics and cognitive robotics. Their
tight relationships are depicted in Figure 3.9 by large circles, and their further cat-
egorization is shown by smaller circles. Uncertainty includes both epistemic and
aleatoric uncertainty, each of which influences the agent’s decision-making capa-
bilities [1]. Epistemic uncertainty refers to whether the agent possesses sufficient
cognitive capabilities and has been provided with adequate knowledge. Aleatoric
uncertainty arises from the inherent stochasticity of a dynamic environment or

3https://www.oxfordlearnersdictionaries.com/
4https://dictionary.cambridge.org/dictionary/english/
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Figure 3.9: The principal problems of Uncertainty, Vagueness, and Ambiguity in
the interdisciplinary research of linguistics and HRI. Uncertainty refers to states
of incomplete knowledge that can be modeled as a probability problem. Vagueness
pertains to concepts with indeterminate boundaries, where membership is a matter
of degree rather than binary classification. Ambiguity arises when a linguistic or
symbolic expression maps two or more distinct interpretations.

event. Vagueness indicates that conceptual boundaries are not clearly defined by
the users, which complicates the agent’s ability to make decisions [133, 283]. Am-
biguity pertains to natural language instructions and involves multiple possible
interpretations of words, phrases, or sentence structures. Although such instruc-
tions may be grammatically correct, they can still yield multiple interpretations in
relation to the environment.

At its core, the primary source of uncertainty derives from the agent’s lack of infor-
mation, whether due to limitations of internal cognition or the absence of external
data. The underlying cause of vagueness stems from the imprecise boundaries of
concepts, which may result from the user’s subjective cognition or from objective
characteristics. In contrast, the root cause of ambiguity lies in the language in-
structions provided by the user, particularly when these instructions refer to the
environment, leading to multiple possible interpretations or understandings [188].
Because these problems can arise from either different or the same causes, clarifying
and distinguishing between them is essential in the context of HRI.

3.5.2 Why is the Object State Important in HRI?

Humans intuitively rely on their understanding of object states and commonsense
knowledge to reason about how to interact with everyday objects. However, what
is the clear definition of an object state? The concept of an object state from
object-oriented programming [24] is: “The state of an object encompasses all of the
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Figure 3.10: Illustration of dynamic object state changes. St represents object states
at time t.

(usually static) properties of the object plus the current (usually dynamic) values
of each of these properties.” Therefore, in our context, the properties are object
properties (usually static), such as color, shape, size, weight, texture, cleanliness,
and rigidity. The values of these properties are dynamic, meaning they can change
over time or remain constant, with different properties often changing at varying
rates. As shown in Figure 3.10, the bottles and their lids are in a separated state
at time S1; they can be assembled into a combined state at time S2. The plate can
be in a clean state at time S1 and in a dirty state at time S2. The apple can be in
an intact state at time S1, a peeled state at time S2, and a bitten state at time St.
Among these examples, the bottle exhibits reversible state changes, as it can be
separated into two parts again at time St. Similarly, a dirty plate can be washed
to return to a clean state at time St. However, a bitten or cut apple cannot revert
to its intact state.

Closely related to the concept of object state is that of affordances. In HRI, affor-
dances [178, 86] refer to the potential actions an object enables for a perceiving
agent, which are determined by the object’s state and functionality. For instance,
consider a bottle. Its affordances change with its state: a bottle with its lid on
affords carrying and storing, while the same bottle with its lid removed affords the
action of pouring water into it.

We formalize the relationship between the object state (S), property (P ), and
affordance (A). The observation model (fobservation) predicts the object state S
from environment V according to property (P ).

S = fobservation(V | P ) (3.1)

The affordance inference model (faffordance) that infers affordances A from S using
commonsense knowledge CK.

A = faffordance(S | CK) (3.2)
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From Equation 3.2, we observe that object state and commonsense knowledge are
crucial for determining affordances. Overlooking the object state can lead to unfore-
seen consequences [317]. Therefore, we conclude that object state is a fundamental
component for effective HRI.

3.5.3 How Can an Embodied Agent Formalize and Handle
Object State Representations and UVA-phenomena?

Action

User

Environment

PerceptionPerception Action

Robot
Language

Language

Uncertainty

Ambiguity

Vagueness

Figure 3.11: Formalization of a human-robot interaction scenario, as seen in Fig-
ure 1.1. The scenario comprises three main components: the user, the robot, and
the environment. From the human-centered perspective, the user assumes a dom-
inant role by interacting with the environment or issuing commands to the robot
in natural language to achieve specific goals. From the agent-centered perspective,
the robot perceives the environment and interprets the user’s commands to execute
actions and provide appropriate responses.

In exploring these problems within a common daily life scenario, we focus on em-
bodied agents that assist humans in the context of HRI. We model the interaction
diagram between the user (Language), the robot (Action), and the environment
(Vision), as depicted in Figure 3.11. The robot perceives the environment and in-
terprets the user’s commands to execute actions and provide appropriate responses.

We extend the observation model (Equation 3.1) into a perception model (fperception).
This model fuses language (L) and vision (V ) modalities to jointly infer the object
state (S) as well as Uncertainty, Vagueness, and Ambiguity (UVA-phenomena).

S,UVA-phenomena = fperception(L, V ) (3.3)

Similarly, we extend the affordance inference model (Equation 3.2) into a decision-
making model (fdecision). This model uses commonsense knowledge (CK) to inter-
pret the perceived object state (S) and UVA-phenomena, generating both corre-
sponding actions (A) and natural language responses (L).
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A, L = fdecision(S,UVA-phenomena | CK) (3.4)

Specifically, limitations in users’ expressive abilities lead to linguistic ambiguity, as
users may express goals imprecisely or refer to undefined concepts. This, in turn,
results in intentions that lack clear operational boundaries for the agent, referred to
as vague intentions. These factors, together with robot cognition, further contribute
to overall uncertain decisions [67, 147].

In traditional dialog systems, dialog managers (DMs) are commonly used to miti-
gate and interpret UVA-phenomena. More recently, LLMs have been increasingly
leveraged to detect and resolve linguistic ambiguity. For instance, KnowNo [239]
employs an LLM to generate multiple candidate actions, which aids in identifying
linguistic ambiguities. Furthermore, this framework utilizes conformal prediction
techniques for uncertainty estimation. The environment is modeled as a Partially
Observable Markov Decision Process (POMDP) to account for incomplete informa-
tion. More advanced VLMs integrate both language and vision for tasks involving
understanding, reasoning, and generation. This integration enhances the agent’s
ability to achieve epistemic certainty. Additionally, fusing multiple modalities-such
as speech, gesture, and gaze-has been shown to reduce uncertainty [279], although
it introduces additional complexity. The reviews presented in Chapter 2 and earlier
in this chapter show that LLMs and VLMs are beginning to bridge the gap between
perception (recognizing objects and their states), communication (interacting with
users), common sense (reasoning for decision-making), and action (predicting af-
fordances). This thesis explores the role of DMs, LLMs, and VLMs in
understanding object state and UVA-phenomena.

3.6 Chapter Summary

This chapter began by examining the key challenges inherent to vision-language
datasets. Based on the nature of model inputs and outputs, we categorized existing
datasets into three overarching paradigms: observation-only, retrieval-based, and
interactive vision-language datasets. Within this framework, we positioned embod-
ied agents and virtual game environments under the interactive paradigm, which
constitutes the central focus of this thesis. Prior to the emergence of large-scale
transformer-based general-purpose models, dataset construction and model train-
ing were conducted in a more isolated and task-specific manner. Contemporary
transformer-based models, however, are trained on a comprehensive amalgama-
tion of all aforementioned dataset types. Understanding these distinctions remains
important for appreciating the developmental trajectory of the field.

Then, we reviewed the influence of architectural choices and training objectives
on model behavior and performance, with particular attention to open-source or
open-weights general-purpose VLMs. Such knowledge is essential for us, both for
selecting models aligned with the objectives and for addressing inherent limitations.
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Subsequently, we analyzed the transferability between general-purpose models and
embodied agents. Owing to constraints imposed by the scarcity of large-scale
physical-world datasets and the substantial computational cost of training, we ar-
gue that a purely transformer-based approach is currently unsuitable for advancing
research on VLAs. More fundamentally, progress in this area will require method-
ological innovation rather than continued scaling alone. A more pragmatic strat-
egy involves prompting or lightly fine-tuning general-purpose models with small,
domain-specific datasets to better leverage their capabilities for robotic study.

The findings from our literature review, spanning Chapter 2 to Chapter 3.4, can
be summarized in three points:

(1) The conceptual problem of UVA-phenomena remains poorly defined, charac-
terized by inconsistent terminology, uneven emphasis, and a lack of a unified
conceptual framework.

(2) The representational problem lies in the fact that current embodied agent
studies operate primarily at the object category level during interaction,
whereas humans interact with everyday objects at the state level.

(3) The methodological problem of existing general VLMs is that they are trained
mainly for token classification tasks, whereas object localization, one of the
core requirements for embodied agents, is a regression task.

We clarify the conceptual foundations of UVA-phenomena in Section 3.5.1, state
the importance of object states in HRI in Section 3.5.2, and formalize an embodied
agent that perceives at the object state level and handles UVA-phenomena in
Section 3.5.3.

Building on the clarified concept of UVA-phenomena, we investigate solutions to
linguistic and visual ambiguities in visually grounded human-robot dialog in Chap-
ter 4. At the object state level, we examine architectural paradigms enabled by
foundation models for robotic task planning in Chapter 5. A collaborative study
addresses multimodal language processing, grounded in the foundations presented
in Chapter 6. To fundamentally overcome the inherent limitations of LLMs, we
explore and evaluate a fine-tuning strategy for VLMs applied to numerical predic-
tion tasks in Chapter 7. Overall, each contribution is dedicated to addressing one
or more of these challenges.
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Chapter 4

Learning Visually Grounded
Human-Robot Dialog

4.1 Introduction

Visually grounded human-robot interaction (HRI) is usually situated in an environ-
ment that can be perceived visually and with other sensors, and in which a robot
can interact or execute commands. The interaction usually involves a multi-turn
dialog. Especially in complex scenarios, ambiguities often arise when one person
instructs another to perform a task. Multiple turns of conversation are needed to
unambiguously determine the goal. Conducting a dialog that requires disambigua-
tion remains a scientific challenge in visually grounded HRI.

The development of visually grounded dialog requires suitable multimodal datasets.
Related areas like visual question answering (VQA) [91], visual dialog (VisDial) [56],
image-grounded conversations [203], and CLEVR-dialog [140] are mainly focused
on understanding the image information, not the interaction within an environ-
ment. A seller-buyer interaction in a virtual shop is covered in the Situated and
Interactive Multimodal Conversations (SIMMC) dataset [201], where the focus is,
however, on fashion and furniture, but not HRI.

To study the ambiguity problem in HRI, we designed the conversational scenario
shown in Figure 4.1, proposed a new challenge, and collected a dataset in the
area of robotic manipulation research. The robot, Neuro-Inspired COmpanion
(NICO) [135], sits at a table on which there are some common household objects.
The user uses natural language to instruct NICO to pick or point to one of those
objects. We assume there are always three different objects on the table, and the
robot cannot point to two objects at once. Sometimes, the user’s command may
be ambiguous. For example, the user instruction could contain two targets (e.g.,
Show me the lemon and apple). NICO can understand that this is an ambiguous
instruction and give feedback. Another situation is that the user gives an unam-
biguous instruction (e.g., Point to the red object), but multiple objects have
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the same color. In such situations, the robot needs to use visual information to un-
derstand the ambiguity of the command and request the user for additional input.
Once the user and NICO reach a consensus, NICO will execute the appropriate
action.

To achieve this goal, the agent must recognize objects in the environment and
associate visual information with their corresponding names, colors, and spatial
positions as conveyed through language.

(1) We explore the challenge of intermediate complexity for visually grounded
human-robot conversations, focusing on the ambiguity between human in-
structions and the surrounding environment. To support this exploration,
we introduce a multimodal dataset comprising images and dialog instances
grounded in those images.

(2) We propose a novel hybrid neural architecture that tracks dialog state in
visually grounded human-robot conversations.

(3) We demonstrate that the proposed hybrid architecture, when trained on
the introduced multimodal dataset, can effectively address this intermediate-
complexity challenge, particularly in handling linguistic ambiguity and visual
perception.

The remainder of this chapter is structured as follows. Section 4.2 focuses on bridg-
ing gaps in visually grounded human-robot dialog. Section 4.3 outlines the task
definition and provides a summary of the dataset. Our hybrid neural architecture is
detailed in Section 4.4. Section 4.5 presents and analyzes the experimental results.
Section 4.6 discusses these findings. Finally, Section 4.7 concludes the chapter and
suggests directions for future work.

Figure 4.1: Visually grounded human-robot conversational scenario. The user is
talking to the NICO robot about objects on the table.
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4.2 Bridging Gaps in Visually Grounded Human-

Robot Dialog

4.2.1 Multimodal Datasets

SIMMC incorporates multimodal inputs (e.g., vision, memories of previous interac-
tions, and users’ utterances) for multimodal actions (e.g., representing the search
results while generating the agent’s next utterance) [201]. The next generation
of SIMMC 2.0 is still focused on a shopping scenario [139], which consists of four
main benchmark tasks: Multimodal Disambiguation, Multimodal Coreference Res-
olution, Multimodal Dialog State Tracking, and Response Generation [139]. The
primary task of SIMMC is dialog state tracking. To solve this task, many stud-
ies focus on leveraging transformer architecture, such as Bidirectional Encoder
Representations from Transformers (BERT) [63, 114], Bidirectional and Auto-
Regressive Transformers (BART) [151], and Generative Pre-trained Transformer
(GPT) [231, 120, 227].

VQA [91] and VisDial [56] are used for commonsense learning of visual-language
representations, which are both based on Microsoft Common Objects in Context
(COCO) [165]. In contrast, GuessWhat? [59] is a two-player guessing game, which
aims to find an unknown object in a rich image scene by question-answering strate-
gies based on reinforcement learning (RL). The CLEVR-dialog [140] dataset fo-
cuses on multi-round reasoning learning in visual dialog, which constructs a dialog
grammar that is grounded in the scene graphs of the images from the CLEVR
dataset. Lu et al. [182] present Vision-and-Language BERT (VilBERT), which
extends BERT [63] to process visual and linguistic input. Murahari et al. [206]
pretrained the VilBERT on the VQA [91] dataset and fine-tuned it on the VisDial
dataset, then created the VisDial-BERT for multi-turn visually grounded conver-
sations. The augmented extended train robots dataset [134], which expands the
extended train robots dataset [4], offers tasks for a robotic agent to reach for
objects in three-dimensional space based on augmented reality and a simulation
environment. However, in all the above approaches, no dialog studies focus on the
visually grounded HRI domain.

4.2.2 Neural and Hybrid Approaches

A traditional dialog pipeline usually contains natural language understanding (NLU),
dialog manager (DM), and natural language generation (NLG). The core part of a
dialog system is the DM, including a dialog state tracker and dialog policy [210, 26].
Recurrent neural networks (RNNs) can be trained in an end-to-end manner to
match an observable dialog history to output sentences [102]. A hybrid approach
is also attractive for task-oriented dialog modelling, since it can combine multiple
approaches, such as rule-based and data-driven [87]. Hybrid-code networks com-
bine an RNN with domain-specific knowledge, which perform well on the bAbI
dataset [25], and are applied to a real customer support domain [306].
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Due to the lack of robotic, visually grounded datasets, we generated an artificial
multimodal dataset for our HRI domain. This dataset primarily focuses on human
language use, including naturally occurring ambiguities, to instruct a humanoid
robot to point to an object in the environment. Drawing on the principles of
Hybrid Code Networks [25], we train an RNN for multimodal dialog state tracker
(M-DST) and define a Human-robot interaction Policy (HiPolicy) for our scenario.

4.3 Multimodal Dataset for Human-Robot Dia-

log Tasks

We propose a dataset consisting of two modalities, visual scenes and conversations
in text form. The visual scenes were generated with Blender1 and CoppeliaSim2.
The conversations consist of the user and NICO discussing the characteristics of
objects in the scene, such as their position, color, and name.

4.3.1 Task Definition

The task is set in the context of robot interaction with human instruction, which
requires understanding user utterances and recognizing objects. The subtasks are:

Subtask 1: Opening greetings. The greeting is the start of the conversation.

Subtask 2: Receiving user requests. We assume that the user request is always
related to the objects on the table. Nevertheless, there are still two types of am-
biguities: ambiguous instructions from user utterances and ambiguous scenes that
contain multiple objects with the same characteristic (e.g., color). In this subtask,
the agent clarifies ambiguous instructions from the user. If an instruction does not
contain enough information to identify any object on the table. NICO will, there-
fore, ask the user to specify and include more detailed information, which we call
Unspecified Object Instruction (UOI, a5). If the user’s instructions contain multi-
ple names or colors, NICO will announce its inability to point to multiple objects
at once. We term this action Ambiguous Instruction Recognition (AIR, a6). When
the robot receives unambiguous instructions, it will confirm the valid instruction.
We term this action Unambiguous Instruction Recognition (UIR, a7). After this,
NICO will detect the relevant objects using the camera command Image Call (IC,
a8). Table 4.1 shows all ambiguous and unambiguous instructions in this subtask.

Subtask 3: Confirming user requests. Upon receiving results from OD, the robot
confirms the user’s request. The main challenge of this subtask is matching an un-
ambiguous instruction with the environment, so the model can find a corresponding
dialog action (refer to Table 4.2 for a list of all dialog actions). NICO tackles this

1https://www.blender.org/
2https://www.coppeliarobotics.com/
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Table 4.1: Instruction utterances in human-robot dialog. The parts left and right
of the slash can be substituted for each other. An ambiguous instruction refers to
multiple objects. An unambiguous instruction refers to one specific object.
Show me: SM, Where is: WI, Point to: PT, Where are: WA.

Unambiguous SM/ WI/ PT the [name].

instructions SM/ WI/ PT the [color] object/ [name].

SM/ PT the [position] object/ [name].

SM/ PT the [color] object/ [name] on the

[position].

Ambiguous SM/ PT the object on the table.

instructions SM/ WA the [color1] and [color2] objects.

SM/ WA the [name1] and [name2].

matching problem with one of the following approaches. If the user asks for the
position, he replies with the name. We term this action Name Confirmation (NC,
a9). If the user’s instructions contain a name and/or a color, NICO replies with
the position. We term this action Position Confirmation (PC, a10). If the user re-
quests an object by its color, name, and position, NICO replies with the name.
We term this action Object Identification (OI, a11). If the user’s request contains
ambiguous information in relation to the environment, so that the matching task
cannot be fulfilled, the robot should recognize this ambiguity. An action we term
Scene Ambiguity Recognition (SAR, a12). The robot can also automatically detect
if an image capture failure within the camera occurred, henceforth called Visual
Recognition Failure (VRF, a13).

Subtask 4: Issuing Arm action calls. After getting the confirmed information,
the user either gives a negative or an affirmative answer. For the negative response,
the robot will ask for the reason and guide the user to restart the conversation.
When receiving an affirmative response, the robot will call for the arm motor to
execute the specific action.

4.3.2 Benchmark Dataset

Visual Scenes

We employed a subset of everyday objects from the Yale-CMU-Berkeley (YCB)
benchmark [30], focusing on those commonly encountered in domestic and daily
environments. We use 28 objects each for both, the training and test set, where
each set contains 9 colors (red (8 objects), blue (3 objects), yellow (5 objects),
brown (2 objects), green (1 objects), orange (3 objects), black (2 objects), white (3
objects), purple (1 objects)). We selected three different objects out of 28 objects
for every scene. Following the combination formula, we generate 3276 scenes for
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Table 4.2: Dialog actions in human-robot dialog.

Tasks NO. Content

Subtask 1 a1 ∼ a4 [Greeting], what can I do for you.

Subtask 2 a5, (UOI) Please give me a specific target instruction.

a6, (AIR) I cannot point to multiple things at once.

a7, (UIR) Ok, let me check.

a8, (IC) image call

Subtask 3 a9, (NC) Do you mean the [name]?

a10, (PC) Do you mean the one on the [position]?

a11, (OI) Ok, let me show you the [name].

a12, (SAR) There is more than one object you ask for.

a13, (VRF) I cannot see anything.

Subtask 4 a14 arm action call

a15 Am I wrong, or do you want to change your mind?

a16 It is fine, you can try again by saying hello.

a17 Sorry, I am still learning.

a19 Do you want to try again, start by saying hello.

a20 You are welcome, See you.

every set. An ambiguous scene means objects have the same color. An unambiguous
scene means the objects have three different colors, as shown in Figure 4.2. For
each set, there are 1136 ambiguous scenes and 2140 unambiguous scenes. The test
and training sets contain the same number of objects and the same color balance
to let the percentage of ambiguous scenes be the same (34.7%).

(a) (b)

Figure 4.2: Example scenes in visually grounded human-robot dialog. (a) Am-
biguous scene, (b) Unambiguous scene.
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Conversations

Based on the task that we define in Section 4.3.1 and the visual scenes, we generate
a dialog instance dataset, which is inspired by Bordes and Weston’s study [25,
304]. We use 15 unambiguous instruction utterances (see Table 4.1) and create
15 templates for every visual scene. Every template also includes some ambiguous
instructions. Overall, we have 147,420 dialog instances for both the training and
test sets. For the training set, there are 117,936 dialog instances for training and
29,484 dialog instances for validation.

4.4 Proposed Method: HYNA

We proposed HYbrid Neural Architecture (HYNA), which contains six compo-
nents: automatic speech recognition (ASR), text-to-speech (TTS) synthesis, object
detection (OD), Robotic Planner (RP), Human-robot interaction Policy (HiPol-
icy), and multimodal dialog state tracker (M-DST), as shown in Figure 4.3. The
cycle begins when the user starts with a greeting. The very first action of the ar-
chitecture is to process the user input with its ASR. The ASR result is then fed
into the M-DST, which predicts the dialog action (Table 4.2 states all the dialog
actions used in this study). In addition to the user’s utterance, the M-DST po-
tentially has two other input modalities, depending on the situation. One is from
the OD containing the scene’s visual information. The other is its previous dialog
action. Based on the classified action, the HiPolicy determines NICO’s behavior.
The behavior entails detecting the object with its camera, pointing to a target, or
forming appropriate verbal responses. The main contribution of this contribution
is that the M-DST can handle the ambiguity in users’ linguistic instructions and
environmental contexts. The OD and M-DST are both neural models trained on
our datasets. In this chapter, we mainly focus on OD, M-DST, and HiPolicy.

4.4.1 Object Detection (OD)

Our object detection is realized with the single-stage object-detector RetinaNet [164].
The neural architecture backbone of RetinaNet is formed by a feature pyramid
network (FPN) and a connected deep residual network. In essence, it constructs
a semantic feature map at multiple scales, thereby compensating for the convo-
lutional neural networks (CNNs)’s low resolution on high-level feature maps. The
FPN regression and classification subnetworks perform the actual object detection.
The RetinaNet is trained on a corpus of one thousand images like the one shown in
Figure 4.4. The images are generated using Blender and automatically annotated
with bounding boxes. During the interaction, the OD is invoked by the predicted
dialog action to perceive environment information. The RetinaNet subsequently
detects the objects and returns the object names, positions, and colors. These at-
tributes can then be used to formulate appropriate responses through the M-DST
and HiPolicy.
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Figure 4.3: HYbrid Neural Architecture (HYNA). The main components, Object
Detection (OD) and the Multimodal Dialog State Tracker (M-DST), are both
trainable deep neural networks (DNNs), while the Human-Robot Interaction Pol-
icy (HiPolicy) is rule-based. The auxiliary components, Automatic Speech Recog-
nition (ASR), Text-to-Speech (TTS) synthesis, and the Robotic Planner (RP), are
pretrained modules. The dashed arrows denote conditional inputs.

4.4.2 Multimodal Dialog State Tracker (M-DST)

Multimodal Feature Representation

As shown in Figure 4.3, HYNA is based on multimodal audio-visual input, consist-
ing of the user’s utterance and an image of the environment. The M-DST receives
purely textual input (see Figure 4.4, image I and utterances U = [u1, . . . , un]).

Therefore, the representation of these two modalities for M-DST is essential. As
reviewed in Section 2.2.3, many methods can be chosen for this purpose. However,
given the need for multimodal fusion and the successful application of these meth-
ods in other natural language processing tasks, we opt for simple representations:
bag-of-words (BoW) and a pretrained utterance embedding (UE) method.

For the BoW representation, we first build a vocabulary dictionary from the train-
ing set. We then construct the representation vector by summing the individual
one-hot vectors corresponding to the words in this dictionary. For the UE represen-
tation, we compute the mean vector of the word vector representations obtained
from word to vector (Word2Vec). The Word2Vec model [194] was pretrained using
the Skip-gram method on the Google News corpus.
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These two representation methods are applied to both utterances and image de-
scriptions. Moreover, each dialog instance dj combines user utterances, image in-
formation and labeled dialog actions (dj = [(u1, a1), . . . , (I, ai), . . . , (un, an)], i is
the position of an image reading within a dialog instance, n is the number of
conversational turns). There is a total of m dialog instances (D = [d1, . . . , dm]).

Hidden units
（dim = 256）

LSTM 
Layer

Fully Connected
Layer

（dim = 256 * 20）
Utterance and

image 
representation

Predicted
dialog actions

Output

Softmax
LSTM

Input

BOW(         )
   or
UE(         )

Image information:
   = 'lemon yellow left 
    mug red middle
    bowl red right.'

Utterance:
     = 'Show me the mug.'

Figure 4.4: Multimodal dialog state tracker (M-DST). We use the BOW or UE to
represent utterances and image information. These are fed as input, vt, at time
step t, into the network. The output ât at time step t denotes the predicted dialog
action. n is the number of conversational turns of the person as well as of the agent.

LSTM Network

We train a RNN, specifically an LSTM network [104], for visual and textual pro-
cessing. As illustrated in Figure 4.4, the LSTM network consists of an input layer,
an LSTM layer, a fully connected layer (FCL), a softmax function, and an output
layer.

The user’s utterances U and the image I are both represented using either BoW or
UE. Additional variants incorporate the previously predicted dialog action (PDA)
as a third input. Each utterance ui in the dialog instance, its corresponding image
information I, and its PDA ai−1 are concatenated to form a feature vector. These
feature vectors are fed into the long short-term memory (LSTM) network. The
output of this LSTM is then passed to the FCL, followed by the application of the
softmax function. The output of the softmax function consists of the predicted
dialog actions (â1, . . . , ân).

4.4.3 Human-Robot Interaction Policy (HiPolicy)

In the previous section, we explained how to train an LSTM network for the M-
DST. Additionally, a rule-based policy is required for knowledge extraction and
decision-making. We designed HiPolicy to serve as this rule-based policy. Based
on the dialog action predicted by the M-DST, HiPolicy determines the robot’s
behavior. Possible robot behaviors include requesting the camera to capture an
image for OD, requesting the RP to execute the predicted action (e.g., pointing
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to the target object), and generating appropriate verbal responses for the TTS
synthesis.

4.5 Experiments and Results

4.5.1 Human-Robot Dialog Action Prediction

In this experiment, we aim to identify the optimal training strategy for our pro-
posed method, HYNA, by quantitatively evaluating different variants. The primary
idea behind HYNA is to integrate the visual modality into a dialog state tracker
to develop a multimodal tracker for visually grounded Human-Robot Dialog. Ac-
cordingly, the architecture’s core components are OD and M-DST. We employ the
state-of-the-art (SOTA) OD model, RetinaNet, to convert the visual modality into
text descriptions. After fine-tuning exclusively on our visual scenes, the extrac-
tion achieves 100% accuracy. Consequently, our quantitative evaluation focuses on
comparing different variants of the M-DST component.

Experimental setup

During training, each dialog instance constituted an individual minibatch. For
parameter updates, we employed non-truncated backpropagation through time
(BPTT). As the task is formulated as a multi-class classification problem, we
used categorical cross-entropy (CCE) to compute the loss. For parameter
optimization, we chose adaptive delta (AdaDelta) [332] to minimize the loss
function.

We vary the multimodal feature representations to evaluate their impact on the
performance of the M-DST. We selected BoW and UE as our representation meth-
ods. The conversational context is another critical factor in dialog. Therefore,
we augment the model configuration with the previously predicted dialog action
(PDA) to create new variants.

Overall, we evaluated six M-DST variants: BoW features only, UE only, a com-
bination of BoW and UE, and each of these three configurations with the addi-
tion of the previous system action. For the distinction, we denote them as M-
DSTBOW, M-DSTBOW+PDA, M-DSTUE, M-DSTUE+PDA, M-DSTBOW+UE, and M-
DSTBOW+UE+PDA. Each configuration was trained nine times with different sam-
pling orders over 30 epochs to reduce variance and mitigate potential bias.

Results

Subtask 1 (Opening greetings) and subtask 4 (Issuing Arm action calls) are both
essential parts of our visually grounded human-robot dialog. Since they are not
the focus of our research, we define them in a simple fashion, using the same
data in training and test sets. The M-DST successfully predicts the correct dialog
action with an accuracy of 100% for all action classes belonging to these subtasks.
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Table 4.3: HYNA variants: Average accuracy in subtask 2 and subtask 3 (Human-
Robot Dialog). Unspecified Object Instruction (UOI), Ambiguous Instruction
Recognition (AIR), Unambiguous Instruction Recognition (UIR), Image Call (IC),
Name Confirmation (NC), Position Confirmation (PC), Object Identification (OI),
Scene Ambiguity Recognition (SAR), Visual Recognition Failure (VRF).

Labeled Mean accuracy(%)±Standard deviation

actions M-DSTBOW M-DSTBOW+PDA M-DSTUE M-DSTUE+PDA M-DSTBOW+UE M-DSTBOW+UE+PDA

UOI 100±0 100±0 100±0 100±0 100±0 100±0

AIR 100±0 100±0 73.98±12.19 77.50±10.45 100±0 100±0

UIR 100±0 100±0 98.33±0.85 99.58±0.63 100±0 100±0

IC 100±0 100±0 98.72±1.94 99.91±0.26 100±0 100±0

NC 78.24±5.84 78.96±6.08 98.09±2.18 99.99±0.02 95.51±3.93 97.96±3.29

PC 100±0 99.94±0.18 97.76±1.54 99.48±1.52 100±0 96.64±9.44

OI 99.56±0.75 100±0 89.24±12.99 98.15±2.64 99.81±0.55 97.63±4.40

SAR 91.65±6.3 90.98±7.84 55.79±22.32 42.70±15.85 74.17±7.47 67.40±9.97

VRF 100±0 100±0 97.38±6.32 99.83±0.48 100±0 100±0

Table 4.3 only shows the results for subtask 2 (Issuing user requests) and subtask
3 (confirming user requests). Mean and standard deviation of the accuracy are
computed from 9 runs. The challenge of subtask 2 is to deal with an ambiguous
instruction from the user, and the challenge of subtask 3 is to correctly combine
the user’s instruction and image input.

Action AIR responds to a type of ambiguous instructions (see table 4.1). Com-
pared with variants M-DSTBOW and M-DSTBOW+UE that can predict the dialog
action with 100% accuracy, variant M-DSTUE cannot properly react to a user’s un-
specific instruction, achieving only an accuracy of 73.98%. Action SAR responds
to an ambiguous scene. The variant M-DSTBOW performs better than M-DSTUE

and M-DSTBOW+UE in situations when SAR is the expected dialog action. In un-
ambiguous situations when action NC is expected, utterance embedding cannot
help the model handle ambiguous situations, but it helps the model perform well
in unambiguous situations. Comparing variant M-DSTBOW with M-DSTBOW+UE,
a striking difference is that the addition of UE helps in NC but has a negative
effect in SAR.

4.6 Discussion

The results indicate that using BoW to represent the inputs for the M-DST model is
a worthwhile option to tackle the visually grounded human-robot dialog challenge.
For the BoW, we found that one problem is the multiple meanings of the word
orange, which can be either a color or an object name, but is represented the same
via BoW. For the UE in subtask 2, M-DST may predict a wrong dialog action, e.g.,
for Show me the [name1] and [name2], it incorrectly predicts UIR. The reason is
that the UE uses Word2Vec, which does not have a representation of stop words like
and. Furthermore, the pretraining of the UE on a non-related corpus could explain
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some issues. For the action SAR in subtask 3, the predicted dialog action is NC,
which means the model misunderstood the user’s instruction for a position. These
limitations of our model are related to the simple utterance representations, which
might be remedied in future work by more sophisticated sentence embeddings.

4.7 Chapter Summary

In this chapter, we explored the solution for our Objective 1:

Develop a hybrid neural architecture that integrates visual content into a
conversational agent, enabling a domestic robot to resolve linguistic and
visual ambiguities in situated HRI.

We contribute a novel method HYNA for visually grounded human-robot con-
versations that integrates visual content into a conversational agent. The results
demonstrate that our proposed model can resolve both linguistic and visual ambi-
guities in situated HRI. HYNA was inspired by Hybrid Code Networks [306] and
supported by the fundamentals that described in Section 2.2.3.

Our quantitative experiments show that HYNA, using a simple bag-of-words (BoW)
representation, outperforms HYNA with a pretrained Word2Vec representation,
UE. Notably, the model generalizes to objects in the test set that were never
observed during training, indicating its ability to handle unseen objects, provided
that the object detector (OD) can recognize them. Moreover, although the number
of dialog actions is fixed, these actions depend on the interaction scenario rather
than the model architecture, allowing the system to be adapted to a wide range of
scenarios and application domains. The limitation of HYNA is that ill-formed ut-
terances - where user language does not strictly follow grammatical rules - were not
included during training, which limits the robustness of the model. Additionally,
the objects in the tabletop scene are fixed; introducing greater variability, such as
a random number of objects, could further improve robustness and applicability.

Despite these limitations, HYNA leveraged SOTA visual and language models at
the time to propose a novel hybrid architecture, which was valuable in its his-
torical context. However, recent advances in foundation models, particularly large
language models and large vision-language models, have fundamentally reshaped
research on dialog and multimodal dialog systems. We acknowledge that many of
the limitations of our hybrid neural architecture are addressed by these newer mod-
els, which incorporate world knowledge, advanced reasoning capabilities, language
mastery, efficiency, and multi-task learning. Consequently, we shift our approach
from training dialog systems based on predefined scripts to leveraging foundation
models directly. On the other hand, we observe a mismatch in object-perceiving
level between current embodied agent research and how humans interact with ob-
jects in real-world environments. We focus on this mismatch in the next chapter.
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Chapter 5

Object State-Sensitive Agent
Task Planning

5.1 Introduction

Object attributes such as color, shape, and size play important roles in shaping the
diverse states objects can exhibit, significantly impacting our daily interactions.
Understanding and managing these states is crucial, as overlooking them can re-
sult in unforeseen consequences. Humans intuitively rely on their understanding of
object states and common sense to interact with everyday objects. However, inte-
grating state-sensitive knowledge poses a significant challenge for robotic systems.
Enumerating and integrating this nuanced understanding into robotic systems re-
mains a complex endeavor.

Recent approaches that leverage large language models (LLMs) and large vision-
language models (VLMs) [342] have shown promising results in tasks that require
human-level commonsense knowledge. Such approaches use commonsense reason-
ing ability of LLMs to interpret natural language goals [345], such as ‘put one

apple into the fridge.’ According to those goals, LLM generates the suggested
action plan, ‘next actions: pick up the apple, move to the kitchen, open the fridge,
. . . .’ However, the object’s physical state (e.g., intact apple, sliced apple, etc.) is
crucial yet less considered in the task planning [257]. To the best of our knowledge,
there is hardly any research that leverages a pretrained neural network (e.g., LLMs
or VLMs) to address the integration of object states into planning tasks for house-
hold robots. To address this gap, we introduce an Object State-Sensitive Agent
(OSSA), which utilizes commonsense reasoning of pretrained neural networks for
robotic task planning.

We pose several real-world challenges in OSSA task planning. First, in order to
solve the tasks, the agent not only involves identifying different objects in the
scene but also distinguishes between their states. For example, in the clear the

table [213, 99] task, a robot needs to be able to distinguish between whole and
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sliced fruit, and between clean and dirty plates. This is a challenge because ex-
isting state-of-the-art (SOTA) object detection models often fail at differentiating
between objects in different states. A plan lacking state-sensitive awareness may
lead to unexpected results.

Second, the agent needs to employ commonsense reasoning for taking state-sensitive
actions that correspond to the object states of various scenarios instead of asking
the users for an exhaustive design or an intervention. For example, whole fruit
goes directly into the fridge or to the cupboard, while sliced fruit can either go
into the fridge or be discarded into the trash bin if they are regarded as leftovers.
One way to solve the commonsense reasoning problem is using rule-based symbolic
approaches [213], but by design, they do not generalize to situations outside their
rule base, i.e., they cannot handle new objects and states. Commonsense reasoning
with a data-driven model trained on a large dataset that generalizes well (e.g., an
LLM [291]) is, therefore, a more viable choice.

Third, the robot needs to identify cases where common sense should not dominate.
For example, a robot has to take into account the preferences of the user when
handling specific objects in specific states [309]. In the table clearing example,
different users might handle the leftover food differently, e.g., some might prefer to
discard the leftovers, while others are more frugal and prefer to keep the leftovers
for the next meal. The robot, therefore, needs to detect situations where different
user preferences come into play, and has to ask the user for clarification instead
of arbitrarily choosing one on its own. Existing approaches, however, do not take
user preferences into account [239].

In this chapter, we contribute an Object State-Sensitive Agent (OSSA) for the
problem of state-sensitive instruction following.

(1) We propose two architectural paradigms: a modular system consisting of an
object detection module and an LLM, and a monolithic VLM-only to caption
and reason universally for OSSA.

(2) We contribute a robotic task planning benchmark1 based on 40 cluttered
tabletop clearing scenes with 184 objects in total, each paired with three
distinct instruction commands.

(3) We demonstrate that both approaches are sensitive to object states (e.g.,
clean or dirty) and user preferences, generating accurate and state-aware
action sequences on our proposed benchmark.

The remainder of this chapter is structured as follows. Section 5.2 focuses on bridg-
ing gaps in robotic task planning. Section 5.3 outlines the task definition and pro-
vides a summary of the dataset. The architecture of OSSA is detailed in Section 5.4.
Section 5.5 presents and analyzes the experimental results, while Section 5.6 dis-
cusses these findings. Finally, Section 5.7 summarizes this chapter and suggests
directions for future work.

1https://github.com/Xiao-wen-Sun/OSSA.git
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Clear the table 

Apples are fresh and intact, preserve
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The plate contains leftover food.
Keep or discard it? I need to ask the
user.
...

+

[Actuation or
conversasion with the
user for specification]
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Figure 5.1: Diverse object states in a robotic task planning scene. For example,
orange, half-orange, and orange peel; clean napkin and dirty napkin; banana and
banana peel. Based on commonsense knowledge, the agent sorts the objects (dis-
cards the banana peel in the trash bin; keeps the bananas in the cupboard). How-
ever, the robot is not able to decide how to deal with the leftover food because
different people may have different preferences regarding leftover food (e.g., half
orange and half bread).

5.2 Bridging Gaps in Robotic Task Planning

5.2.1 Vision and Language Models for Task Planning in
Robotics

Recently, VLMs [291, 295] and LLMs [342] have transformed robotic task planning,
with the integration of LLMs’ commonsense knowledge into planning for embodied
agents, garnering growing interest [301, 113, 28, 258, 236, 344, 257, 345]. However,
these methods assume a singular state for objects in their plans, which may not
suit the variability of the domestic settings we focus on. The most widely used
visual perception methods, such as OWL-ViT [198], OWL-V2 [197], YOLO [35],
and CLIP [230], are not trained to distinguish the object states, e.g., half apple,
apple, dirty plate, and clean plate. Therefore, these approaches are not sensitive
to object states [347].

One of the closely related studies to ours is TidyBot [309], a system that enables
a domestic cleaning robot to adapt to individual user preferences in managing ob-
jects, recognizing that each item may require a unique approach based on personal
taste. They leverage the summarization capabilities of LLMs to get the user’s pref-
erence for sorting the objects, e.g., ‘put light-colored clothes in the drawer

and dark-colored clothes in the closet’. In this study, we take advantage of
commonsense knowledge from LLMs to sort the objects and detect when human
preference needs to be involved in automation tasks.
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In other research, ViLa [109] utilizes GPT-4V(vision) as VLM to do task planning,
which is also close to our focus. However, the difference is that they focus on long-
horizon robotic tasks, where the manipulation actions and goals can be derived
from the user’s instructions. We focus on automation tasks where the robot ma-
nipulation goals stem from visual perception. Then our model performs reasoning
and generates a manipulation plan, according to the visual perception.

5.2.2 Benchmarks for Task Planning in Household Robots

Gutman et al. [99] use the clear the table as an experiment task to explore the
users’ preference for different autonomy levels of an assistive robot. The results
show that the participants prefer the highly autonomous assistant. Other research
uses table clearing task to study the robot to understand and execute humans’
natural language instructions [213]. However, overall, their studies do not mention
that the objects from the same category may be in a different state, which would
change the robot’s action.

From the computer vision (CV) research perspective, two datasets [119] focus on
object state recognition in cooking, e.g., whole, peeled, floured, etc. The Object
State Detection Dataset [90] involves the object states: open, closed, empty, con-
taining something liquid, containing something solid, plugged, unplugged, folded,
and unfolded. However, it does not consider the leftover food in our daily life. From
the perspective of robot kinematics research, many benchmarks [27, 352, 117, 282]
and methods have been proposed to enable robots to execute manipulation tasks,
e.g., picking, wiping, dragging, pushing, pouring, and placing.

We focus on automated task planning and research how to utilize these enabled
robot skills to complete certain complex tasks. For example, the robot, according
to various object states, generates plans for a robot low-level executor that receives
a specification of how to ‘pick’ and where to ‘place’ the target.

5.3 Multimodal Dataset for Robotic Task Plan-

ning

5.3.1 Task Definition

In our study, we identify two types of object states about leftovers: “contain-
ing leftover food”, where containers like plates or bowls hold liquid or semi-fluid
contents that are not directly manipulable by the robot (e.g., a bowl filled with
leftover soup), and “leftover food”, referring to food remains that have been sliced
or peeled, which robots can handle.

According to these specified leftover types, we consider three different common
scenarios:

� T1) The instruction is clear the table without specifying what to do with
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the leftover food. In this scenario, the robot is supposed to generate a ma-
nipulation plan for all the objects except those classified as “leftover food” or
“containing leftover food”. In this case, the expected behavior of the robot
is to ask the user for handling specifications about the leftovers.

� T2) The instruction is clear the table and keep all the leftover food.
In this scenario, if the object state is “leftover food” or “containing leftover
food”, the robot should store it in the fridge.

� T3) The instruction is clear the table and discard all the leftover

food. In this scenario, if the object state is “leftover food”, the robot is
supposed to throw it into the trash bin.

However, if the object state is “containing leftover food”, the robot is supposed to
grab the container (not the soup directly) and pour the contents into the trash bin
before putting the container into the dishwasher.

5.3.2 Benchmark Dataset

(a) (b)

Figure 5.2: Example scenes in robotic task planning. (a) A scene from daily life.
(b) A scene generated by a diffusion model.

To quantitatively evaluate the methods that we propose, we built a benchmark
dataset, which is composed of 40 scenes involving 184 objects. First, we sourced
27 scenes from our daily lives. Second, to create balanced data, we use a diffusion
model [242] to generate an additional 13 scenes, as shown in Figure 5.2. Figure 5.3
shows all the objects that are involved in this dataset and the proportion among
them. The same object may be in different states at different times. The object
states that we consider, and their proportion are shown in Figure 5.4.

71



Chapter 5. Object State-Sensitive Agent Task Planning

plate 28.8

saucer
0.5

bowl

8.2
fork

12.0 banana
0.5 knife

6.5

spoon8.7

orange
4.9

apple
3.8

tray
3.8

cup

10.3

chopsticks

1.6
napkin

8.7bread
1.6
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Figure 5.4: Object state distribution in robotic task planning(%).

Annotation Rules

The object manipulation plan format, outlined in Section 5.4.2, was employed for
annotating the dataset. We asked two individuals to label the dataset according
to set rules to reduce bias. In the end, they collaborated to resolve discrepancies
and finalize the annotations.
Object name: use the object name as a JSON key. When more than one item
from the same object category is in the scene, add the number behind the name
(e.g., ‘plate 1’, ‘plate 2’); Color: the object color (e.g., ‘white’, ‘silver’, ‘orange’,
‘red’); Size: the object size, ‘small’, ‘medium’, ‘big’; Shape: the object shape,
‘elongated’, ‘irregular’, ‘oval’, ‘round’, ‘spherical’, ‘cylindrical’, ‘rectangle’; Con-
tainer: use ‘true’ or ‘false’ to label the object as a container or not; State: If the
object is a container, we label it with three states: ‘clean’, ‘dirty’, or ‘containing
leftover food’. If the object is not a container but edible, we label it with three
states: ‘intact’, ‘peel’, or ‘leftover food’. If the object is not a container and inedible
(fork, knife, spoon), we label it with two states: ‘dirty’ or ‘clean’; Destination:
we use four places: ‘trash bin’, ‘fridge’, ‘cupboard’, and ‘dishwasher’; Grasping
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type: we set two types of grasp action: ‘top grasp’ or ‘edge grasp’; Placing type:
In most cases, the robot places the object in the destination. But in the special
case that the object is a container that contains leftover food, the robot should
pour the leftover food into the trash bin.

Evaluation Metric

In this study, we aim to generate a manipulation plan for the objects for the robot’s
low-level executor. The main evaluation metric is accuracy. There are five parts
of the output needed for low-level execution. We evaluate our proposed methods’
performance in those five parts: 1) State Detection Accuracy (StaA), 2) Ambigu-
ous Detection Accuracy (AmbA), 3) Destination Generation Accuracy (DesA),
4) Grasping Type Generation Accuracy (GraA), and 5) Placing Type Generation
Accuracy (PlaA). Finally, we calculate one overall accuracy, representing how
many objects are being predicted correctly, Completion Accuracy (ComA).

5.4 Proposed Method: OSSA

5.4.1 OSSA Architecture

We introduce an OSSA that can perceive fine-grained scene information (object
name and state, etc.) and generate an appropriate object manipulation plan for the
robot’s low-level executor according to those visual perceptions. The pseudocode
of the system control flow is provided in Algorithm 1. OSSA generates object
manipulation plans when an utterance (U) and an image of the table (I) are given.
A chat system is for ambiguous situations. If ambiguities arise (e.g., encountering
a peeled pear on the table), the robot will ask the user for disambiguation. Lastly,
a low-level executor will execute language-conditioned instructions, such as picking
and placing, to fulfill the tasks. We assume that the low-level executor has these
skills, which can be acquired via machine learning (ML) [218] approaches (e.g.,
reinforcement learning (RL) [129, 16] and Imitation Learning [117]) or Direct Hard-
coding.

5.4.2 Experimental Approaches

To explore the best way to employ commonsense knowledge [345] and reason-
ing [113] capabilities of pretrained neural networks (e.g., LLMs or VLMs) for OSSA,
we propose two categories of methods for object manipulation plan generation. The
input of the method is a scene (I) and a user’s utterance (U). We prompt the LLM
to generate structured responses in a JSON-like format, ‘object name’: { ‘color’,
‘size’, ‘shape’, ‘container’, ‘state’, ‘grasping type’, ‘destination’, ‘placing type’ }.
‘Color’, ‘size’, and ‘shape’ are the object attributes that are visible in the scene.
The object’s physical ‘state’ is visible in the scene. However, reasoning a human-
defined object state requires commonsense knowledge. ‘Grasping type’ is an action
that informs the robot how to grasp the target at the initial place. ‘Destination’ is
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Algorithm 1 System control flow

1: r ← Robot.Initialize()
2: commands = NULL
3: while True do
4: U ← r.GetUserUtterance()
5: I ← r.GetImageofTable()
6: {OMP1, . . . ,OMPn} ← r.Ossa(U, I)
7: for OMPi in {OMP1, . . . ,OMPn} do
8: if OMPi.destination is “ambiguity” then
9: AIResponse ← r.ChatSystem(OMPi)
10: U ← r.GetUserUtterance()
11: OMPi ← r.ChatSystem(U) # ChatSystem revise OMPi

12: commands.append(OMPi)
13: else
14: commands.append(OMPi)
15: end if
16: end for
17: if commands not NULL then
18: r.LowLevelExecutor(commands)
19: commands = NULL
20: end if
21: end while

a place that informs the robot where the target should be stored. ‘Placing type’ is
an action that informs the robot what it should do at the destination. Those three
items are from commonsense knowledge reasoning.

For object state recognition, a CV system dense captioning [124] can localize salient
regions in images and use natural language to describe them. The natural language
description of a salient region includes the condition of the object in the region.
Therefore, SOTA dense captioning can be utilized in our study. However, the out-
put of the dense captioning model (DCM) does not include ‘grasping type’, ‘placing
type’, and ‘destination’; another module with commonsense knowledge and reason-
ing abilities is needed to generate them. GPT-4 [321, 215] can not only be a visual
perception model but also perform as a VLM. In this study, we utilize both of
the abilities of GPT-4. We propose two methods: i) a modular model consisting
of a vision processing module (dense captioning model) and a natural language
processing model (LLM), and ii) a monolithic VLM-based model.

Modular Method

A modular pipeline [28, 344, 236, 258, 257, 113, 309] combines two models, e.g.,
vision and language. First, a vision detection model (e.g., YOLO [35], ViLD [94],
OWL-ViT [198], OWL-V2 [197], etc.) detects the objects in the scene. Second, an
LLM processes the user’s instruction and the output of the vision model. Those
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Figure 5.5: Modular method: OSSALLM-DCM represents the modular model that
combines a prompt large language model (LLM) and a dense captioning model
(DCM)
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Figure 5.6: Monolithic Method: OSSAVLM represents only a VLM.

vision models are trained to detect the abstract object category. Therefore, we
cannot use their methods directly.

The DCM does not only localize salient regions in images but also uses natural
language to describe them [124]. Instead of object detection models, we use a DCM
to get the description of salient regions of a scene as text. As Figure 5.5 shows, a
prompt LLM processes a user instruction and dense caption. The quality of the
dense captions is an important factor influencing the model’s performance. We
choose the SOTA DCM GRiT [308]. Additionally, GPT-4V was also successfully
used for image or video understanding [163, 291, 287]. In this method, we use both
GPT-4V and GRiT to generate the dense caption for a given image.
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Figure 5.7: Chain-of-thought (CoT) for OSSA. (a) The pretrained model (e.g.,
LLM or VLM) utilizes commonsense knowledge to reason about the object state;
(b) According to the object’s state and the user’s preference, the model generates
a destination for the object. (c) According to the object’s state, shape, and size,
the model generates a grasping action for the object. (d) According to the object’s
state and destination, the model generates a placing action for the object.

Monolithic Method

As shown in Figure 5.6, the user’s instruction U and image of a table I are the
input of a monolithic model. The model’s output is object manipulation plans:
{OMP1,OMP2, . . . ,OMPn}. Yang et al. [321, 215] are given preliminary explo-
rations with GPT-4V(ision). GPT-4V has also shown remarkable results for game
action prediction in the simulation environment [88, 70]. The approach VILA by Hu
et al. [109] unveils the capability of GPT-4V for long-horizon robotic planning to
generate a sequence of actionable steps. The difference from those studies is that
we leverage GPT-4V to recognize the object state and generate a manipulation
plan for an object according to its state.

Prompt Formulations for Object State Recognition and Reasoning

LLMs and VLMs are pretrained on massive datasets from a diverse set of sources,
which allows them to acquire human-level commonsense knowledge for handling
object states. To unleash their full potential, however, it is necessary to devise
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appropriate prompts and guide them; otherwise, their generation cannot be directly
used for robot tasks [28, 239]. In this study, we utilize an LLM or a VLM as a high-
level planner for the robot’s low-level executor. Figure 5.7 shows a schematic chart
of the chain-of-thought (CoT) [299, 322] that both models share, which guides
them to recognize the objects’ states and plan the objects’ destinations, grasping
types, and placing types.

5.5 Experiments and Results

In our experiments, we aim to evaluate the proposed modular and monolithic
methods on object state-sensitive tasks. First, we investigate the best combination
of the two methods for object state-sensitive recognition performance. Second,
beyond recognizing object states, we further explore effective object state-sensitive
methods for more complex tasks, specifically generating an object manipulation
plan consisting of ‘grasping type’, ‘destination’, and ‘placing type’.

5.5.1 Object State Recognition

Experimental Setup

In the modular method, we use two different visual models to generate the descrip-
tion of the image. One is the GPV-4V(ision)2 as a visual model. The other one is
GRiT, a DCM. We leverage an LLM (GPT-43) to process the image description
(text) from the visual model to reason about the object states. In the monolithic
method, we utilize GPV-4V(ision) as a VLM to directly recognize the object state.
We set up two methods in zero-shot or few-shot settings, respectively.

Therefore, we get six different variants: OSSA-LLM-GRiT with the zero-shot set-
ting, OSSA-LLM-GRiT with the few-shot setting, OSSA-LLM-GPT-4V with the
zero-shot setting, OSSA-LLM-GPT-4V with the few-shot setting, OSSA-VLM with
the zero-shot setting, and OSSA-VLM with the few-shot setting. For the distinc-
tion, we denote them as OSSALLM(Z)+GRiT, OSSALLM(F)+GRiT, OSSALLM(Z)+GPT-4V,
OSSALLM(F)+GPT-4V, OSSAVLM(Z), and OSSAVLM(F), respectively.

Results

As Figure 5.8 shows, the monolithic method, OSSAVLM(F), achieves the highest per-
formance compared to the other two combinations. OSSALLM(F)+GPT-4V performs
worse than OSSAVLM but better than OSSALLM+GRiT. However, this combination
is the most expensive in this experiment because it calls two pretrained models
for each plan generation. OSSALLM+GRiT performs worse than the other two com-
binations. Nevertheless, its advantage is that the agent does not require an extra
object detection model to determine the object’s location.

2gpt-4-vision-preview
3gpt-4-0125-preview
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Figure 5.8: OSSA variants (with zero-shot or few-shot): Average accuracy of object
state recognition. (Mean±Standard Deviation)

Overall, few-shot prompts enhance the models’ performance, especially for the
monolithic method. From the results of OSSAVLM and OSSALLM+GPT-4V, we con-
clude that GPT-4 performs well as a VLM for planning multimodal tasks. Potential
visual information may be lost when images are converted into text descriptions.
For example, spatial reasoning and detailed understanding of object attributes are
no longer possible.

5.5.2 Object Manipulation Planning

Experimental Setup

While the previous experiment demonstrated GPT-4V’s superior efficiency as a
VLM, the OSSALLM+GPT-4V proved less performant and more costly than the
OSSAVLM. Furthermore, unlike OSSALLM+GPT-4V, it does not provide object loca-
tion information. Consequently, we excluded this combination from the present ex-
periment. We now evaluate the two remaining model combinations: OSSALLM+GRiT

and OSSAVLM. Our evaluation also considers the influence of prompting by testing
both zero-shot and few-shot settings. Therefore, we assess a total of four variants
across the three tasks defined in Section 5.3.1.

Results

Table 5.1 presents the performance of the four variants on three different task
types. The columns State Recognition Accuracy (StaA), Ambiguity Detection Ac-
curacy (AmbA), Destination Generation Accuracy (DesA), Grasping Type Gen-
eration Accuracy (GraA), and Placing Type Generation Accuracy (PlaA) each
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Table 5.1: Average accuracy in object manipulation plan generation. State Recogni-
tion Accuracy (StaA), Ambiguous Detection Accuracy (AmbA), Destination Gen-
eration Accuracy (DesA), Grasping Type Generation Accuracy (GraA), Placing
Type Generation Accuracy (PlaA), and Completion Rate (ComR). T1 is designed
with ambiguous intent; tasks T2 and T3 are designed as concrete controls with no
intended ambiguity. A dash “-” indicates no ambiguity was detected.

Average accuracy(%)±Standard deviation

Task Method State Ambiguity Destination Grasping Placing Completion

T1

OSSALLM(Z)+GRiT 51.09±0.94 65.78±12.54 50.37±2.62 85.83±1.44 90.74±2.72 21.74±1.09

OSSALLM(F)+GRiT 50.54±0.55 95.30±0.26 57.00±1.47 92.10±1.73 96.41±0.66 26.27±0.83

OSSAVLM(Z) 71.10±1.33 92.97±2.33 83.38±0.19 89.51±0.57 97.70±0.76 52.91±1.14

OSSAVLM(F) 74.36±1.78 97.37±0.07 84.81±1.29 83.90±1.74 93.64±0.84 53.09±1.12

T2

OSSALLM(Z)+GRiT 50.18±1.13 − 59.20±2.52 88.45±0.38 90.31±3.72 22.65±0.83

OSSALLM(F)+GRiT 50.36±0.63 − 46.76±3.26 92.83±2.15 97.84±0.03 21.38±1.75

OSSAVLM(Z) 68.67±1.32 − 81.17±0.90 90.20±1.50 94.99±2.73 48.63±1.91

OSSAVLM(F) 72.55±0.97 − 85.59±1.01 83.72±1.64 95.48±1.34 54.18±1.11

T3

OSSALLM(Z)+GRiT 50.72±0.83 − 57.54±2.44 84.26±2.70 92.85±1.26 22.83±1.44

OSSALLM(F)+GRiT 50.18±0.31 − 58.13±4.45 92.06±1.67 90.97±0.65 25.18±1.25

OSSAVLM(Z) 70.00±0.39 − 74.80±2.36 91.43±2.81 94.80±1.19 47.26±1.92

OSSAVLM(F) 72.19±0.87 − 77.85±2.08 84.88±0.87 91.19±1.87 47.45±0.83

measure performance on a single planning subtask. The final column, Completion
Rate (ComR), represents the overall success rate for generating a complete object
manipulation plan.

Across all three tasks, the monolithic method OSSAVLM(F) performs best in state
recognition, ambiguity detection, and destination generation. Few-shot prompts
also enhance model performance in these tasks. For grasping type generation
(GraA), the modular model, OSSALLM(F)+GRiT, performs best. We conclude that
the pretrained model reasons more effectively from textual descriptions than from
images, as the latter requires interpreting object size and shape. We notice outliers
in the placement action generation, for which we cannot offer a clearer explanation.
Nevertheless, for all variants in the placing action generation (PlaA), performance
remains above 90 %. Based on the completion rate (ComA), OSSAVLM(F) outper-
forms the other variants.

5.6 Discussion

The findings of our OSSA evaluation demonstrate its capability for fine-grained
scene perception, identifying object categories and states. Based on this perception
and linguistic commands, OSSA generates appropriate object manipulation plans
for a robot’s low-level executor.

We propose two approaches: (1) a modular approach consisting of a vision mod-
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ule (GRiT or GPT-4V) and a language module (GPT-4), and (2) a monolithic
approach that relies solely on a vision-language model (VLM), namely GPT-4V.
We quantitatively evaluate object state recognition and manipulation planning to
demonstrate the state sensitivity of these approaches.

We further analyze the main findings from each experiment. A comparison of
object state recognition accuracy across the two experimental settings reveals no-
ticeable differences. Specifically, performance is slightly better in the pure object
state recognition task than in the object manipulation planning task. This sug-
gests that models dedicated to a single task of state recognition outperform those
required to handle multiple tasks simultaneously. Accordingly, we conclude that
when pretrained models (e.g., LLMs or VLMs) are tasked with increased reason-
ing demands, their performance tends to degrade. This observation aligns with
human cognitive behavior, where focusing on a single task generally yields better
performance than multitasking.

The analysis of OSSAVLM in object manipulation planning shows that the over-
all success rate for generating a complete manipulation plan (ComR) is signifi-
cantly lower than the accuracy achieved in individual reasoning components (StaA,
AmbA, DesA, GraA, and PlaA). Nevertheless, the model demonstrates stable and
reasonably strong performance under both zero-shot and few-shot prompting con-
ditions. This performance gap can be attributed to the variability in object cate-
gories and state requirements, which poses challenges for the model’s generalization
capabilities.

Overall, we observe that the VLM (GPT-4V) provides more concrete and informa-
tive visual understanding than the SOTA dense captioning model (GRiT). As a
result, the monolithic GPT-4V approach outperforms the pipeline-based modular
approach that combines GRiT with GPT-4.

5.7 Chapter Summary

In this chapter, we explored the solution for our Objective 2:

Design and evaluate effective approaches to leverage foundation models for
enabling a robot to recognize objects, interpret user instructions, and gener-
ate contextually appropriate object manipulation plans at the object state-
level, while aligning with commonsense knowledge and user preferences.
These approaches are expected to enable the domestic robot to complete
long-horizon tasks autonomously and remain robust in the face of ambigu-
ous, vague, and uncertain situations.

Advances in foundation models, particularly LLMs and large VLMs, have fun-
damentally reshaped research on dialog and multimodal dialog systems. These
models possess extensive world knowledge, advanced reasoning capabilities, strong
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language mastery, high efficiency, and multi-task learning abilities. Motivated by
these strengths, we leverage such models to develop a method termed OSSA, which
perceives fine-grained scene information (e.g., object categories and states) and
generates appropriate object manipulation plans for a robot’s low-level executor
based on linguistic commands and visual perceptions. For task formulation, we
distinguish between specific and ambiguous instructions. When an instruction is
ambiguous, the proposed method is expected to identify missing information and
proactively request further clarification from the user.

We explore two approaches: (1) a modular approach consisting of a vision mod-
ule (GRiT or GPT-4V) and a language module (GPT-4), and (2) a monolithic
approach that relies solely on a vision-language model, namely GPT-4V. Quanti-
tative evaluations of these approaches demonstrate that both are capable of en-
abling an embodied agent to perform object state-sensitive tasks. Based on the
final performance in object state recognition and object manipulation planning,
the monolithic approach outperforms the modular approach.

However, each approach has its own advantages and limitations. The modular
approach benefits from explicit visual perception, as the vision model (GRiT)
provides object localization information, despite its lower overall performance. In
contrast, a key limitation of the monolithic approach (GPT-4V) is that it is not
trained to generate object bounding boxes; therefore, an additional object detection
model is required to obtain object locations. In the Chapter 7, we focus on how to
adapt a monolithic model to better support object state-sensitive tasks, specifically
in object state identification and affordance reasoning.
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Chapter 6

Multimodal Language Processing
for Cognitive Systems

6.1 Introduction

In this chapter, we extend the evaluation of foundation models, specifically large
language models (LLMs), to the user age-sensitive and multimodal processing
capabilities for human-robot interaction (HRI). Recently, the LLMs reviewed in
Section 2.3 (e.g., the GPT family of models [232], LaMDA [277], BLOOM [149],
LLaMA [278], etc.) have revolutionized research across many fields, especially HRI.
Although some existing studies have explored the benefits of incorporating LLMs
into HRI [289], they do not consider the relationship between the user’s age and
the robot’s state. For example, Zhang et al. [336] investigated the potential of
LLMs as zero-shot human models in HRI. Similarly, GPT-3 has been integrated
with the Aldebaran Pepper and NAO robots, enabling participants to chat with
them [19]. Their goal is to examine the possibilities and limitations of LLM in an
alive HRI system. However, these studies overlook the fact that diverse user groups
may expect different robot behaviors, even when performing the same task.

To address this limitation, we propose an adaptive, ROS-based framework with
an open-source code base1 for HRI with diverse user groups, as illustrated in Fig-
ure 6.1. This framework extends the PyCRAM language [132] with an interrupt
client and recovery behavior, enabling the robot to interact with users via natural
language speech. Users can interrupt the robot at two levels: minor and major. A
minor interruption signals a change to the execution plan, while a major interrup-
tion commands a complete stop.

To meet these requirements and explore the LLM’s capability for this framework,
we propose a dialog bridge, a concept that leverages the language processing power
of LLMs to interpret multimodal inputs from the robot’s symbolic planner and the

1https://github.com/TPekarekRosin/UHH_UB_AgeAwareHRI.git
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Figure 6.1: Within our adaptive ROS-based framework, the user interacts with
the robot via natural language. A combined speech recognition model identifies
the user’s age group and transcribes their utterance. This information is then pro-
cessed by a dialog bridge, which integrates it with the robot’s internal states. This
dialog bridge has three key functions: generating responses to the user, recognizing
actionable commands, and extracting target properties for the robot’s planning
and execution. Figure adapted and rearranged from [221].

user. This method is elaborated on in Section 6.2. We then present the experiments,
results, and discussion in Section 6.3, followed by the conclusion and summary in
Section 6.4.

6.2 Proposed Method: Dialog Bridge

The dialog bridge is a mechanism that connects the user and the robot. As shown
in Figure 6.2, a prompted LLM serves as this dialog bridge, processing information
and generating responses between the two. Each turn of the message process can
be formally represented:

R,C, P = LLM(U,A, S|prompts) (6.1)

where U denotes the user’s utterance; A denotes the user’s age group; S denotes
the robot’s symbolic states (‘step’, ‘interruptable’, ‘move arm’, ‘move base’, ‘cur-
rent location’, and ‘destination location’); R denotes the response to the user; C
denotes the commands (minor and major) to the robot, the minor commands in-
clude: ‘bring me’, ‘setting breakfast’, ‘replace object’, and ‘change location’, the
major command is ‘stop’; P denotes the target properties of the object (‘type’,
‘size’, and ‘color’). While the robot can be interrupted by the user at any time,
some of the atomic actions of the robot need to be finished before plan changes
can be implemented (e.g., opening the cabinet to look for an object). We use the
boolean ‘interruptable’ variable to inform the dialog bridge of these specific ac-
tions. However, major interruptions are the exception, and the robot immediately
stops the current step, which is why the interaction needs to be restarted after a
major interruption occurs.
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Prompts

       
LLM

Figure 6.2: Dialog bridge. A mechanism connects the user and the robot by pro-
cessing the user’s utterances (U), user’s age (A), turning them into a command
(C) with extracted target properties (P) for the robot, as well as monitoring the
internal state (S) of the robot and generating an appropriate response (R) to the
user.

Figure 6.3: Experimental scenario. The kitchen simulation environment includes a
service robot and two users.

6.3 Experiments and Results

We construct a simulated virtual kitchen environment comprising a robot and two
users, as shown in Figure 6.3. The robot follows the user’s requests to serve them
in their daily lives. We aim to explore the LLM’s capability to recognize commands
and object properties from the user’s input and to provide age-appropriate feedback
based on the robot’s symbolic state. For instance, the command, Please bring

me a cup instead of a bowl, requires the LLM to identify a ‘replace object’
action (a minor interruption) and ‘cup’ as the replacement for ‘bowl.’ For older
users, the LLM initially generates detailed feedback, including information about
the robot’s navigation between locations and its arm movements during execution.
Thus, the robot is more vocal about its actions overall. For younger users, the
feedback is initially reduced to simple confirmations, and the robot displays a
higher level of autonomy. We selected two GPT-3.5 models (gpt-3.5-turbo-1106
and gpt-3.5-turbo-0125) for their cost efficiency.
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Table 6.1: Dialog Bridge: Average accuracy in Cooper(%)±Standard Deviation. ‘Add
object’ refers to object requests, and ‘Delete object’ refers to object changes. Type
is the object identifier. Color, size, and location are additional properties.

LLM
Com- Add object Delete object

mand Type Color Size Location Type Color Size Location

ChatGPT 81.57 89.08 86.60 68.40 84.53 83.12 85.54 83.77 99.96

(gpt-3.5-turbo-1106) ±0.003 ±0.004 ±0.003 ±0.001 ±0.001 ±0.003 ±0.001 ±0.002 ±0.000

ChatGPT 80.93 82.43 88.56 69.28 85.48 76.48 84.75 82.04 99.99

(gpt-3.5-turbo-0125) ±0.003 ±0.002 ±0.003 ±0.003 ±0.004 ±0.004 ±0 ±0.002 ±0.000

6.3.1 Multimodal Dataset for Command and Object Prop-
erties Recognition

To demonstrate the performance of our proposed dialog bridge in multimodal lan-
guage processing, we constructed a benchmark, Command and Object Properties
Recognition (Cooper), in a kitchen scenario. Cooper comprise five objects (‘milk’,
‘bowl’, ‘cereal’, ‘spoon’, and ‘cup’) with four colors (‘green’, ‘blue’, ‘red’, ‘white’),
three sizes (‘small’, ‘normal’, ‘big’), and three locations (‘countertop’, ‘dishwasher’,
‘cabinet’). We collect ten template instructions to request an object (e.g. Bring me

the small red cup.) and generate 800 instructions for the command ‘bring me’
by combining different object attributes. Interruptions to replace an object can
either be expressed in a single sentence containing all necessary information (e.g.
Bring me a cup instead of a bowl.), or require extracting the object from the
context of previous instructions (e.g. Bring me the bowl instead.). In this mod-
ule test, we only consider the first situation. We collect 15 template instructions
for replacing one object with another, resulting in 1770 instructions by combining
different object attributes. Additionally, we collect 41 variants to request break-
fast preparation from the robot, leading to 2611 generated instructions for the
benchmark dataset overall.

6.3.2 Results

Table 6.1 shows the performance of two GPT-3.5 models in Cooper. The models
perform similarly on the benchmark dataset across three experiments, achieving
overall above-average accuracies and low standard deviations, which indicates con-
sistent performance. Because our instructions for replacing objects do not include
location details, the accuracy of deleting object locations is nearly 100%. Overall,
we conclude that GPT-3.5-Turbo-1106 outperforms GPT-3.5-Turbo-0125. There-
fore, it will be used for the overall evaluation of the system.

Having evaluated the dialog bridge in isolation, we subsequently integrated and as-
sessed it within the proposed adaptive ROS-based framework using the PR2 robot
as our platform. Because the dialog bridge handles the flow of information between
multiple modules, speech recognition, age recognition, and the robot planner, live
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evaluation was complicated. Instead, we documented the framework’s behavior
over 150 trials. We observed that the LLM was able to distinguish the user’s age
and generate differentiated responses at the beginning of each interaction. How-
ever, this behavior diminished after several iterations due to the LLM’s memory
capacity. As new conversation turns were appended to the history, the LLM tended
to forget the initial prompt.

6.4 Chapter Summary

In this chapter, we explored the solution for our Objective 3:

Develop and formalize a mechanism leveraging foundation models for age-
sensitive and multimodal processes in HRI. This mechanism is expected to
connect users and the robot, enabling the robot to behave differently by
default for different user groups while allowing users to modify their prefer-
ences.

We proposed a dialog bridge that connects the user and the robot within the
adaptive ROS-based framework. A prompted LLM serves as this dialog bridge,
processing information and generating responses between the two. We designed
the Cooper task for quantitative and individual evaluation. The results show that
the pretrained foundation model GPT-3.5 can extract the command and target
properties for the robot.

The trial evaluation of the ROS-based framework demonstrates that the LLM
was able to distinguish the user’s age and generate differentiated responses at the
beginning of each interaction. However, this behavior diminished after several it-
erations due to the LLM’s memory limitations. As new conversation turns were
appended to the history, the LLM tended to forget the initial prompt. While the
system performed as intended in the majority of cases, the most common causes
for unsuccessful interactions were: 1) the LLM misclassifying a request for object
replacement, resulting in it fetching two objects instead of one; 2) the LLM receiv-
ing faulty transcriptions from the automatic speech recognition (ASR); and 3) the
limitation of the LLM’s context window.

In the future, incorporating the system into real-world settings through user studies
with diverse age groups will further validate our simulation results and ensure the
robustness of the framework across various environments.
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Chapter 7

State-Sensitive Vision-Language
Model for Affordance Reasoning

7.1 Introduction

Object- and region-level image understanding [179, 31, 41] is a form of image pro-
cessing where a model does not just analyze a holistic image, but instead identifies,
segments, and interprets distinct objects or regions within it. The approaches have
become a crucial research area in computer vision (CV) for robotics, as they enable
robots to interpret and interact with their surroundings effectively. This capabil-
ity is particularly vital for applications like robotic manipulation, human-robot
interaction (HRI), and autonomous driving, where precise localization and com-
prehension of objects within a scene are essential. In recent studies, large vision-
language models (VLMs) [294, 97] have been successfully adapted for dense pre-
diction tasks in image understanding, such as image captioning, visual question
answering (VQA) [8], and referring expression comprehension (REC) [131, 190],
yielding state-of-the-art (SOTA) results. However, there are two principal limita-
tions of VLMs for robotics.

First, existing VLMs are predominantly limited to recognizing object categories
and tend to overlook the nuanced states of individual objects [166, 37, 337, 293].
As a result, most downstream tasks in robotics can only be defined on a cate-
gory level. However, understanding object states is more essential for affordance
reasoning in robotic manipulation. Moreover, state-level affordance reasoning is sig-
nificantly more challenging than category-level reasoning because object states are
dynamic [262, 92, 319]. For instance, two dirty plates may require different grasp-
ing strategies depending on the specific locations of the dirt. Similarly, a knife may
be entirely clean or dirty, or its handle and blade may exhibit different cleanliness
conditions. For example, if a knife is accidentally dropped into food, it may have a
clean blade but a contaminated handle. A human would readily infer that, in such
a scenario, grasping the knife by the blade is more appropriate [178, 86].
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Second, VLMs typically tokenize object locations (commonly represented as bound-
ing box coordinates) as normal text symbols, starting and ending with the special
tokens, such as ⟨box⟩ x1, y1, x2, y2 ⟨/box⟩, during large-scale training. Those ap-
proaches [166, 38, 37, 12, 338, 226, 325, 339, 293] treat continuous numbers as
discrete symbols, which is an abstraction of visual reality. It can be termed as
pixel-to-sequence (Pix2Seq) prediction. However, object coordinate prediction is
inherently a regression task. To address this mismatch, NExT-Chat [335] proposed
the pixel-to-embedding (Pix2Emb) method, which introduces a box decoder for
continuous location outputs as embeddings. The key distinction between Pix2Seq
and Pix2Emb methods concerns the decoding of numerical information. However,
its performance on REC remains slightly below that of Shikra-7B [38], which is
based on the Pix2Seq method, despite both using a similar detection-training data
recipe.

To further explore the numerical regression task in VLMs, we propose a less in-
trusive alternative strategy. Specifically, during the training phase, we utilize the
output of the box encoder to calculate an auxiliary regression loss for the VLM fine-
tuning in an object state-sensitive task, while continuing to standardize sequence
prediction in the inference phase.

Our primary contribution in this chapter is summarized as follows:

(1) We propose StateVLM1, a novel model capable of perceiving fine-grained
scene information (i.e., objects and their states). To address the limitation
of standard VLMs that tokenize object locations as discrete text symbols,
StateVLM introduces an auxiliary regression loss to emphasize location pre-
diction during fine-tuning.

(2) We demonstrate that this auxiliary regression loss improves the VLM’s con-
vergence during fine-tuning, thereby encouraging the intermediate layers of
the VLM to learn numerical features. The experiments were conducted on a
classical region-level image understanding task, REC. For this task, we used
the following datasets: RefCOCO, RefCOCO+, and RefCOCOg.

(3) We provide an open-source benchmark dataset, Object State Affordance Rea-
soning, focused on object state identification and affordance reasoning. It
comprises both complex and simple scenes, totaling 1,172 scenes, containing
7,746 individual objects.

The remainder of this chapter is structured as follows. Section 7.2 focuses on bridg-
ing gaps in VLMs for object understanding and reasoning. Section 7.3 outlines the
task definition and provides a summary of the dataset. The architecture and train-
ing procedure of StateVLM are detailed in Section 7.4. Section 7.5 presents and
analyzes the experimental results, while Section 7.6 discusses these findings, high-
lighting the role of the auxiliary loss in improving performance. Finally, Section 7.7
concludes the chapter and suggests directions for future work.

1https://github.com/Xiao-wen-Sun/StateVLM_V0.git
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7.2. Bridging Gaps in VLMs for Object Understanding and Reasoning

7.2 Bridging Gaps in VLMs for Object Under-

standing and Reasoning

7.2.1 VLMs for Referring Expression Comprehension

Referring expression comprehension (REC) [131, 190] is a fundamental region-
level image understanding task that seeks to identify and localize a target ob-
ject described by a natural language expression within a given scene. In recent
years, SOTA VLMs have achieved remarkable performance on this task [166, 38,
37, 12, 338, 226, 325, 339, 293], significantly surpassing traditional non-VLM ap-
proaches [292, 60, 40, 82, 320, 176]. This improvement can largely be attributed to
the integration of visual representations or embeddings into large language mod-
els (LLMs). Due to their training on massive and diverse text corpora, LLMs
exhibit strong linguistic interpretation abilities and extensive commonsense rea-
soning, both of which are crucial for advancing embodied artificial intelligence
(AI) and robotic perception. Nevertheless, these models demand substantial com-
putational resources and prolonged multi-stage training processes, which present
notable practical challenges.

The computational resources and training times of the most representative VLMs
for the REC task are summarized in Table 7.1. Notably, most of these models are
designed for general-purpose multimodal understanding rather than being explic-
itly optimized for REC. Depending on the number of transformer layers in the
LLM and the scale of the visual backbone, they typically contain either 7B(illion)
or 13B parameters. Furthermore, the models adopt several different training con-
figurations. First, they are trained on computational clusters of varying sizes, such
as 8, 32, or 256×A100 GPUs. Second, they employ various training strategies,
including one-stage, two-stage, or multi-stage training. Third, training durations
are reported inconsistently, with some measured in wall-clock time and others in
training steps.

A rigorous scientific conclusion is drawn under the premise that a single variable
is controlled [307]. Therefore, it is difficult to determine whether simply combining
two different types of data distributions (discrete text and continuous location)
leads to low-efficiency training for bounding box coordinate prediction.

7.2.2 Affordance Reasoning: From Object Categories to
Properties

Object affordance refers to the range of actions an agent can perform with an
object, as perceived through its properties [86, 212]. A robust understanding of
object categories (e.g., ‘a cup’, ‘a plate’, and ‘an apple’) provides a foundational
basis for such reasoning. Building on this, a model can leverage finer-grained at-
tributes to infer an object’s potential affordances. Object attributes, as generaliz-
able properties, are central to this reasoning process. For instance, instead of rely-
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Table 7.1: Summary of VLM configurations capable of performing the REC task.
* refers to different resources to be used in the second stage. × states that this
stage is not included. Pix2Seq and Pix2Emb stand for pixel-to-sequence and pixel-
to-embedding.

VLMs VLMs VLMs Training Training Training

Architecture Name Size GPUs Stage 1 Stage 2

Shikra [38] 8×A100 ˜100 hours ˜20 hours

Ferret [325] 8×A100 ˜125 hours ×
Ferret (v2) [339] 8×A100 N/A N/A

SPHINX-1K [166] ˜13B 32×A100 ˜125 hours ˜38 hours*

SPHINX-2K [166] 32×A100 ˜250 hours ˜38 hours*

VistaLLM [226] 32×A100 ˜72 hours ˜30 hours

Pix2Seq CogVLM-G [293] 256×A100 ˜120,000 steps ˜60,000 steps

Shikra [38] 8×A100 ˜100 hours ˜20 hours

MiniGPT (v2) [37] 8×A100 ˜90 hours ˜20 hours*

Qwen-VL [12] N/A ˜50,000 steps ˜19,000 steps

LLaVA-G [338] ˜7B N/A ˜10,000 steps ˜8,000 steps

VistaLLM [226] 32×A100 ˜48 hours ˜22 hours

Ferret [325] 8×A100 ˜60 hours ×
Ferret (v2) [339] 8×A100 N/A N/A

Pix2Emb NExT-Chat [335] ˜7B 8×A100 ˜59 hours ˜10 hours

ing solely on category recognition, Yang et al. [319] developed a robotic grasping
method based directly on object attributes. Similarly, Attr-POMDP [318] presents
an attribute-guided formulation of a partially observable Markov decision process
for task disambiguation. In the Octopi system [330], the authors selected hard-
ness, roughness, and bumpiness as key physical attributes for physical reasoning.
Another prominent direction in affordance reasoning, particularly for robotic ma-
nipulation, involves physically grounded methods [110, 157, 111]. PhyGrasp [96] is
designed to accurately assess the physical properties of object parts to determine
optimal grasping poses.

These finer-grained properties are complex, and some of their values are dynamic
for any given object. Our method centers around understanding an object’s state,
the set of its property values at a given time, and leverages the commonsense
knowledge embedded in VLMs to reason about affordances. This new approach of
predicting object affordance by understanding the state of the object has been less
explored so far.
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7.2.3 The Missing Link Between Object State and Manip-
ulation

Previous dataset challenges have primarily focused on object state recognition
and classification [89]. For example, the cooking state recognition challenge [119]
focused on 18 types of objects and their corresponding states, such as diced, juli-
enned, or creamy paste. Another dataset [262] classified whether a container was
full or half empty. Furthermore, the Object State Detection Dataset [90] includes
a larger number of objects and state classes.

Another line of the dataset focuses on detecting or anticipating object state changes.
For example, a subset of Ego4D [92] addresses object state change classification
and detection. Ego4D-OSCA [189] contributes a dataset for anticipating object
state changes from Ego4D video sequences. The OSCaR dataset [208] focuses on
object state captioning and state change representation. State-aware Keypoint Tra-
jectories (SKT) [158] provides a synthetic dataset encompassing a broad spectrum
of garment configurations, ranging from flat to deformed and folded states. How-
ever, none of these datasets explicitly focus on how an object’s state influences its
manipulation.

Overall, further investigation is needed to determine whether simply combining
discrete and continuous data distributions leads to inefficient training for bounding-
box coordinate prediction in VLMs. Developing a multimodal dataset is essential
for examining the potential of VLMs for object-state-level affordance reasoning in
object manipulation.

7.3 Multimodal Dataset for Object State Affor-

dance Reasoning

Robotic task planning can be decomposed into macro- and micro-planning. The
macro-level involves task planning, where the robot identifies objects and reasons
their destinations. The micro-level involves motion planning for grasping and plac-
ing the object, as shown in Figure 7.1. As noted in the previous Chapter 5, we
focused on the macro-level task. A limitation of monolithic approaches is object
localization. To investigate this, we design a novel benchmark for object state
localization studies.

7.3.1 Task Definition

Object Detection and Object State Identification Similar to the REC [131]
task, the user gives explicit instructions about a target, and the models confirm
the request and predict the location of the referring object. We adopt the form for
the conversational sample, as shown in Table 7.2 object detection.
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  How to grasp?
  Where to grasp?

  How to place?

  Where is the 
  destination?

  Which object? 
  Where is it?

Excution 
Trajectory

Initial Location Goal Location

Task 
Planning

Motion 
Planning

Figure 7.1: The decomposition of robotic task planning into macro- and micro-
levels. The macro-level involves task planning, identifying objects, and their des-
tinations. The micro-level involves motion planning, grasping, and placing the ob-
jects. While an object’s state can affect all steps, we focus on its impact on local-
ization, specifically determining the target object, its position, and the grasping
point.

Table 7.2: Dialog templates in object state affordance reasoning. The placeholder
[target] is instantiated with the state of objects present in the corresponding scenes,
such as ‘empty plate’, ‘dirty plate’, or ‘bowl with noodles’. ⟨box⟩x1, y1, x2, y2⟨/box⟩
denotes the bounding box coordinates, where x1, y1 is the top-left corner, and x2, y2
is the bottom-right corner.

Task Conversations

Types Roles Content

User: “Show me the [target].”

Object StateVLM: “response: Here is the [target]. ⟨box⟩x1, y1, x2, y2⟨/box⟩.”
detection User: “Where is the [target]?”

and StateVLM: “response: Here is the [target]. ⟨box⟩x1, y1, x2, y2⟨/box⟩.”
object state User: “Where is the location of the [target]?”

identification StateVLM: “response: Here is the location of the [target]. ⟨box⟩x1, y1, x2, y2⟨/box⟩.”

User: “Hand me the [target].”

StateVLM: “response: Sure. I will hand you the [target]. ⟨box⟩x1, y1, x2, y2⟨/box⟩.”
Affordance User: “Pass me the [target].”

reasoning StateVLM: “response: Alright, I will pick up the [target] for you. ⟨box⟩x1, y1, x2, y2⟨/box⟩.”
User: “Give me the [target].”

StateVLM: “response: Okay, I will give you the [target]. ⟨box⟩x1, y1, x2, y2⟨/box⟩.”

Affordance Reasoning: Object Grasp Prediction In everyday kitchen con-
texts, we usually refer to an object rather than its container. During physical
interaction, the decision to grasp the container or its contents is determined by the
properties and state of the contents. For instance, we grasp a bowl to pass noodles,
but grasp an apple directly to pass it, even when it is contained within a bowl. For
the purpose of this physical commonsense, we construct the second object grasp
prediction task. It is the same as the previous sample (see Table 7.2 affordance
reasoning).
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(a) (b) (c)

Figure 7.2: Example scenes in object state affordance reasoning: (a) Simple scenes
are defined as those with only one object from each category. (b) and (c) Complex
scenes are defined as those with multiple objects from each category in various
states. The red box marks the ideal grasp region; this is an example of how an
object’s state affects its affordance, as the area covered with food should be avoided
when grasping.

7.3.2 Benchmark Dataset

We consider two levels of scene complexity: simple and complex. As illustrated in
Figure 7.2, the ‘Simple Scene’ contains a limited number of objects and presents
no ambiguous cases (see Figure 7.2a). In contrast, the ‘Complex Scene’ features
a higher object count (see Figure 7.2b and c), including multiple instances of the
same object category in different states, which are prone to causing ambiguity.

Visual Scenes

We employ the stable-diffusion model [243] to generate a total of 1,172 images,
comprising 780, 267, and 125 images for templates (a), (b), and (c), respectively,
as illustrated in Figure 7.2. From each scene, we selected 11.2% of the images as
test samples. The final dataset comprises 7,746 individual objects, of which 11.17%
belong to the test set. These objects were in different states within their respective
categories, as shown in Figure 7.3.

Annotation Rules

When assessing the state of kitchen tools, multiple dimensions must be considered,
including contents, usage, hygiene, physical condition, position, accessibility, and
operational status. This dataset challenge specifically focuses on clearing the

table after a meal. Our scope within this task is defined as follows: containers are
analyzed based on their contents, specifically whether they are empty or contain
food, and what type of food they contain. Cutlery and napkins are evaluated based
on hygiene and readiness for usage; they are categorized simply as clean or dirty.
For object state identification, we generated two distinct expressions for each object
based on the ambiguous opposites and synonyms listed in Table 7.3. Overall, we
obtained 25,401 expressions and 76,203 dialog instances.
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Figure 7.3: Object statistics in object state affordance reasoning. Semi-solid foods
usually include sauces, pasta, soup, noodles, and creams. Solid foods typically
refer to various states of apples, bread, and oranges. Liquids encompass a variety
of drinks, beverages, and juices.

Table 7.3: Ambiguous opposites and synonyms in object state affordance reasoning:
Tableware states reflect the shifting semantics of use and cleanliness.

Object Category Physical Condition Semantic Interpretation

Plate, Bowl
Empty, no residue clean / unused

Cup, Mug, Glass
Empty with little residue used / dirty

With / holding contents used / dirty

Bottle
Cap open possibly used (depends on liquid level)

Cap closed / unopened possibly unused (depends on liquid level)

Spoon, Fork, Knife
No residue clean / unused

Has residue dirty / used

Napkin

Has residue
used / dirty

Unfolded

No residue
clean / unused

Folded neatly

Evaluation Metric

Our main challenges lie in accurate localization and bounding box prediction of
object states and grasp regions. Following prior studies [335, 325, 38, 293], we
adopt Generalized Intersection Over Union (GIoU) [240] as our evaluation metric.
GIoU is the extension of the standard Intersection over Union (IoU).
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The standard IoU is a widely used measure in CV for tasks such as object detection
and segmentation. Let Bp ⊂ R2 denote the predicted bounding box and Bg ⊂ R2

the corresponding ground-truth box. The intersection and union are defined as

I = Bp ∩Bg, U = Bp ∪Bg.

The standard IoU is

IoU(Bp, Bg) =
|I|
|U |

,

where | · | denotes the area measure. Standard IoU is bounded in [0, 1], which does
not capture spatial discrepancies when the boxes do not overlap.

Therefore, Generalized IoU introduces an additional penalty term that accounts
for the normalized area outside the union of two bounding boxes but within their
smallest enclosing box. Let C denote the smallest enclosing box that contains both
Bp and Bg. The GIoU is defined as

GIoU(Bp, Bg) = IoU(Bp, Bg)−
|C| − |U |
|C|

.

GIoU is bounded in [-1, 1] and reduces to IoU when the predicted box Bp exactly
coincides with the ground-truth box Bg.

7.4 Proposed Method: StateVLM

7.4.1 Motivation and Overall Structure

In the previous Chapter 5, we presented the Object State-Sensitive Agent (OSSA)
to address task planning challenges. However, the high-performance monolithic
approach exemplified by GPT-4V has notable limitations: it does not predict object
locations, and its closed-source nature, combined with reliance on extensive GPU
cluster training, precludes targeted fine-tuning. Conversely, small-scale and open-
weight models have been achieving performance comparable to GPT-4V while
allowing fine-tuning with limited computational resources. The proliferation of
small-scale and open-weight VLMs means practitioners must choose from a wide
range of models trained on diverse datasets with varying strategies, leading to
significant performance disparities and making it difficult to identify the optimal
candidate for downstream tasks.

As established in the previous section, one of the key limitations of VLMs is their
training strategies on numerical prediction tasks. However, commonsense reason-
ing abilities are equally critical for success in robotic domains. Among the available
models, MiniCPM-V [323] stands out as a compelling choice for our investigation:
first, it is designed for edge devices and offers strong commonsense reasoning ca-
pabilities, which are essential for robotic tasks. Second, it lacks inherent object
detection functionality. These characteristics make it an ideal testbed for isolating
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Hand me half of the apple

Figure 7.4: The overall framework of StateVLM. During the training phase (a),
a specially designed box decoder converts sequence predictions into embedding
predictions for calculating an auxiliary regression loss. In the inference phase
(b), however, the model continues to rely on standard sequence-based text and
number predictions.

and validating our hypothesis regarding numerical challenges in affordance reason-
ing.

To this end, we propose StateVLM, a state-sensitive vision-language model that
uses MiniCPM-V as its backbone. Inspired by NExT-Chat [335] findings, and given
the fundamental challenge of retraining a VLM for regression, we propose a less
intrusive alternative. Specifically, in the training phase, we utilize the output of
the box encoder to calculate an auxiliary regression loss for VLM fine-tuning in
text-conditioned detection, as shown in Figure 7.4a. In the inference phase, we
continue to use the standard VLM format, as shown in Figure 7.4b.

7.4.2 StateVLM Modules

BackBone

We adopt MiniCPM-V 2.6 [323] as our backbone, which comprises three key mod-
ules: a visual encoder, a compression layer, and an LLM. The visual encoder lever-
ages an adaptive visual encoding approach, SigLip-400M [334], to tokenize the
image inputs into visual tokens. The compression layer uses a perceiver-resampler
structure [12] with a single cross-attention layer to compress the large number of
visual tokens into a fixed set of 96 tokens. Finally, the compressed visual tokens and
the text input are fed into the LLM, a causal language model (Qwen2-7B [273]),
which uses a specific linear head to predict the next word.
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Box Decoder

Building on the backbone network, we propose a box decoder module, a lightweight
feed-forward linear head to transform the sequence output into continuous values.
Specifically, we first perform global average pooling over the temporal (sequence)
dimension using an AdaptiveAvgPool1d layer, reducing each hidden-state se-
quence to a single vector. The resulting vector is flattened and passed through
a two-layer multilayer perceptron (MLP) with a ReLU non-linearity. The MLP
maps the LLM hidden size to a lower-dimensional intermediate representation and
then to a 4-dimensional output corresponding to the four continuous numbers,
which are the predicted location coordinates [x1, y1, x2, y2].

7.4.3 Training Objectives

The overall training objective of StateVLM is a weighted combination of the causal
language modeling (CLM) loss and auxiliary regression loss (ARL):

LCLM+ARL = αLCLM + βLARL,

where α and β are the weights of these two losses. Based on the initial values of
LCLM and LARL, α was set to 0.2 and β to 0.8 to balance them and ensure they
play equivalent feedback roles in model tuning.

Causal Language Modeling

The backbone, Qwen2-7B, is trained autoregressively using the CLM objective,
predicting each token conditioned on all previous tokens via a causal self-attention
mask.

Given a token sequence [x1, . . . , xT ] and vocabulary size V , with model logits zt ∈
RV at timestep t, the CLM loss is

LCLM = −
T−1∑
t=1

log
exp(zt,xt+1)∑V
v=1 exp(zt,v)

,

where zt,v is the predicted logit for the token v and xt+1 is the corresponding
ground-truth token.

Auxiliary Regression Loss

To enhance numerical reasoning and improve bounding box prediction, we incorpo-
rate an ARL. This loss jointly supervises both the location and shape of predicted
bounding boxes by combining Least Absolute Deviations (L1) loss [29] and GIoU
loss [240].
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Let Bp ⊂ R2 denote the predicted bounding box and Bg ⊂ R2 the corresponding
ground-truth box. The L1 loss is computed as

LL1 = ∥Bp −Bg∥1,

and the GIoU loss as

LGIoU = 1−GIoU(Bp, Bg).

The total bounding box loss is a weighted sum of the two components:

LARL = γLL1 + δLGIoU.

γ = 0.2 and δ = 0.8 follows the ratio utilized in DETR [31] and NExT-Chat [335].

7.4.4 Implementation

We implement StateVLM using PyTorch2 and the HuggingFace libraries3. The
model is initialized with weights from the pretrained MiniCPM-V 2.6. In our exper-
iments, we perform both full fine-tuning of the entire model and parameter-efficient
fine-tuning via LoRA [107]. All experiments are conducted on four NVIDIA A100
GPUs (80GB each). We employ DeepSpeed4 to optimize distributed training and
use an automatically warmed-up learning rate of 1e-6 for both training regimes.
The batch size is set to 24 for full fine-tuning and 48 for LoRA fine-tuning.

7.5 Experiments and Results

In our experiments, we aim to explore our earlier hypothesis that the current
training paradigm for numerical tasks may lead to inefficient learning. We also seek
to investigate whether a small, well-annotated dataset can unlock the potential of
the VLM for object state affordance reasoning.

7.5.1 Referring Expression Comprehension

Experimental Setup

To verify our hypothesis that the current training paradigm for numerical tasks
may lead to inefficient learning, we conduct comparative experiments on the REC
task. We use the standard REC datasets: RefCOCO, RefCOCO+ [131], and Re-
fCOCOg [190]. RefCOCO and RefCOCO+ contain train, validation, testA, and

2https://pytorch.org/
3https://huggingface.co/
4https://www.deepspeed.ai/
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Figure 7.5: StateVLM: Training loss progression over steps.
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Figure 7.6: StateVLM: Validation loss progression over steps.

testB splits, while RefCOCOg contains train, validation, and test splits. We fine-
tune our models on the training split and report performance on the corresponding
validation and test sets (i.e., testA and testB for RefCOCO and RefCOCO+, and
the test set for RefCOCOg.

We first assess the performance of our backbone model, MiniCPM-V, as a baseline.
Then, we conduct two full fine-tuning experiments: one in which the model is
trained solely with the standard CLM objective and another in which it is trained
using the CLM combined with the ARL objective described in Section 7.4.3. For
the distinction, we denote them as StateVLM (LCLM) and StateVLM (LCLM+ARL),
respectively.

Results

We observe that the training loss varies with the number of steps for each model.
As shown in Figure 7.5, the loss gradually decreases as the number of training steps
increases. StateVLM (LCLM) and StateVLM (LCLM+ARL) show a similar trend (see

101



Chapter 7. State-Sensitive Vision-Language Model for Affordance Reasoning

6000 8000 10000 12000 14000
Model Step

76

78

80

82

84

86

88

Ac
c@

0.
5

83.4 83.5
83.0

88.7 88.5 88.5

75.4
74.9 75.1

RefCOCO

6000 8000 10000 12000 14000
Model Step

67.5

70.0

72.5

75.0

77.5

80.0

82.5

85.0

78.6
79.1 78.8

84.8
85.3 85.1

69.5
68.9

67.9

RefCOCO+

6000 8000 10000 12000 14000
Model Step

76.5

76.6

76.7

76.8

76.9

77.0

77.1

77.2

77.3

77.2

77.3

76.5

77.1

76.8

76.9

RefCOCOg

Val TestA TestB Test

Figure 7.7: StateVLM (LCLM) performance changes over training steps.

Figure 7.6b). However, the validation loss increases with the number of training
steps for StateVLM (LCLM) (see Figure 7.6a). We suspect that the model begins
to overfit after 5000 steps of training.

Furthermore, we evaluated StateVLM (LCLM) and StateVLM (LCLM+ARL) on the
validation and test splits of RefCOCO, RefCOCO+, and RefCOCOg. We used a
fixed random seed for evaluation to ensure deterministic model outputs. Conse-
quently, all runs yield identical results, and no deviation metrics are applicable.

As illustrated in Figure 7.7, the performance of StateVLM (LCLM) remains sta-
ble between 5,000 and 10,000 steps and decreases at 15,000 steps, indicating that
it reaches its maximum performance at 5,000 steps. We compared the average
performance of the two models at 5,000 and 10,000 training steps on the Ref-
COCO, RefCOCO+, and RefCOCOg splits in Figure 7.8. In contrast, StateVLM
(LCLM+ARL) performance improves significantly from 5,000 to 10,000 steps and is
better than StateVLM (LCLM)

Therefore, we continue training the model and, to better monitor its performance,
evaluate it every 2,500 steps starting from 15,000. The model’s performance gen-
erally improves over the training steps on RefCOCO and RefCOCO+, as shown
in Figure 7.9. However, performance decreases at 17,500 steps, increases at 20,000
steps, and decreases again at 22,500 steps on RefCOCOg. Considering these fluc-
tuations, we select the model at 22,500 steps as our best-performing model. We
report the best performing models of StateVLM (LCLM and LCLM+ARL) in Ta-
ble 7.4, alongside SOTA models on the REC task.
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Figure 7.8: StateVLM (LCLM) and StateVLM (LCLM+ARL): Comparative perfor-
mance over training steps
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Figure 7.9: StateVLM (LCLM+ARL) performance changes over training steps.

Ablation Study

We conducted several ablation studies to identify the components essential for
achieving the final performance.

Box Decoder Design: One way is to reduce the two linear layers to a single linear
layer. Additionally, we tried different activation functions within the MLP, testing
GELU and Sigmoid.

Text Prompts : We tested two different text prompts to understand the effect of
text content on model performance:
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Table 7.4: StateVLM and baselines performance comparison in REC. The evalua-
tion metric is Acc@0.5. * refers to the specialist or fine-tuned methods.

VLMs
Methods

RefCOCO RefCOCO+ RefCOCOg

Type val testA testB val testA testB val test

non-VLM

MAttNet* [329] 76.4 80.4 69.3 64.9 70.3 56.0 66.7 67.0

OFA-L [292] 80.0 83.7 76.4 68.3 76.0 61.8 67.6 67.6

TransVG* [60] 81.0 82.7 78.4 64.8 70.7 56.9 68.7 67.7

UNITER* [40] 81.4 87.0 74.2 75.9 81.5 66.7 74.0 68.7

VILLA* [82] 82.4 87.5 74.8 76.2 81.5 66.8 76.2 76.7

UniTAB* [320] 86.3 88.8 80.6 78.7 83.2 69.5 80.0 80.0

G-DINO-L* [176] 90.6 93.2 88.2 82.8 89.0 75.9 86.1 87.0

Pix2Seq-13B

Shikra [38] 87.8 91.1 81.8 82.9 87.8 74.4 82.6 83.2

Ferret [325] 89.5 92.4 84.4 82.8 88.1 75.2 85.8 86.3

Ferret (v2) [339] 92.6 95.0 88.9 87.4 92.1 81.4 89.4 90.0

SPHINX [166] 89.2 91.4 85.1 82.8 87.3 76.9 84.9 83.7

SPHINX-1K [166] 91.1 92.7 86.7 86.6 91.1 80.4 88.2 88.4

SPHINX-2k [166] 91.1 92.9 87.1 85.5 90.6 80.5 88.1 88.7

VistaLLM [226] 89.9 92.5 85.0 84.1 90.3 75.8 86.0 86.4

CogVLM-G [293] 92.8 94.8 89.0 88.7 93.0 83.4 89.8 90.8

Pix2Seq-7B

Shikra [38] 87.0 90.6 80.2 81.6 87.4 72.1 82.3 82.2

MiniGPT (v2) [37] 88.1 91.3 84.3 79.6 85.5 73.3 84.2 84.31

Qwen-VL [12] 88.6 92.3 84.5 82.8 88.6 76.8 86.0 86.3

LLaVA-G [338] 89.2 — — 81.7 — — 84.8 —

VistaLLM [226] 88.1 91.5 83.0 82.9 89.8 74.8 83.6 84.4

Ferret [325] 87.5 91.4 82.5 80.9 87.4 73.1 83.9 84.8

Ferret (v2) [339] 92.8 94.7 88.7 87.4 92.8 79.3 89.4 89.3

Pix2Emb-7B NExT-Chat [335] 85.5 90.0 77.9 77.2 84.5 68.0 80.1 79.8

Pix2Seq-7B

Baseline (MiniCPM-V) 16.2 19.6 13.4 12.4 15.7 9.9 7.2 6.7

StateVLM (LCLM) 83.4 88.7 75.4 78.6 84.8 69.5 77.2 77.1

StateVLM (LCLM + ARL) 85.3 89.7 77.9 80.7 86.5 71.8 79.3 79.5

� Simple Prompt: “A chat between a human and an AI that understands vi-
suals. Follow instructions.”

� Concrete Prompt: “A chat between a human and an AI that understands
visuals. In images, [x, y] denotes points: top-left is [0, 0], bottom-right is [1,
1]. Increasing x moves right; y moves down. A bounding box is defined as
[x1, y1, x2, y2] where (x1, y1] is the top-left corner and (x2, y2) is the bottom-
right corner. Follow instructions.”

Overall, the combination of the MLP architecture that we presented, along with
the simple prompt, achieved the best performance.
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Figure 7.10: StateVLM and baselines: Comprehensive performance comparison.

7.5.2 Object State Affordance Reasoning

Experimental Setup

To investigate the potential of VLMs for object state affordance reasoning, we in-
troduce a small, well-annotated dataset, as detailed in Section 7.3. We first evaluate
our proposed dataset using the baseline model, MiniCPM-V, and then evaluate it
on our fine-tuned models: StateVLM (LCLM) and StateVLM (LCLM + ARL). Sub-
sequently, we further fine-tune these models by the LoRA strategy, obtaining the
models StateVLM (LCLM, LoRA) and StateVLM (LCLM + ARL, LoRA).

Results

Figure 7.10 presents qualitative results on the test set for the proposed object state
identification and object grasp prediction tasks. The baseline model, MiniCPM-V,
fails to perform these tasks, as it is not trained for object detection or object state
sensitivity.

After full fine-tuning on REC tasks with an auxiliary regression loss, StateVLM
(LCLM + ARL), and without, StateVLM (LCLM), both models are able to predict ob-
ject locations. We further evaluate these models on the proposed tasks. StateVLM
(LCLM) and StateVLM (LCLM + ARL) achieve scores of (37.3, 47.3) and (26.7, 34.0)
on object state identification and object grasp prediction, respectively. Applying
LoRA fine-tuning further improves performance. Overall, StateVLM (LCLM + ARL,
LoRA) achieves the best results. However, StateVLM (LCLM, LoRA) performs best
on single-object state identification.

7.6 Discussion

The first finding is that our fine-tuning strategy, which incorporates an auxiliary
regression loss and leverages limited computational resources, can efficiently adapt
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a VLM for object localization on the public REC challenge. The second finding
is that a small-scale and well-annotated dataset can unlock the potential capabil-
ities of VLMs for object state-sensitive reasoning on our formulated object state
affordance reasoning challenge.

To address the mismatch between the continuous nature of bounding boxes and
the simple tokenization approach used in Pix2Seq models, we propose StateVLM,
which introduces an auxiliary regression loss during fine-tuning. We also contribute
an object state affordance reasoning dataset to enhance the state sensitivity of
VLMs.

The final performance of StateVLM on the REC challenge is reported in Table 7.4.
Although StateVLM does not reach the performance of SOTA Pix2Emb models,
this is due to differences in computational resources and dataset scale. To quantita-
tively evaluate our fine-tuning strategy, we compare the baseline, the standard Stat-
eVLM (LCLM), and StateVLM with the auxiliary regression loss (LCLM+ARL).
On average, the latter achieves a 2% performance improvement over the former.

StateVLM (LCLM+ARL) outperforms NExT-Chat on the RefCOCO+ task and
achieves comparable performance on the RefCOCO and RefCOCOg tasks, while
using only half of the computational resources required by NExT-Chat. Further-
more, the performance of StateVLM on our proposed object state affordance
reasoning task demonstrates that the auxiliary regression loss is effective when
combined with LoRA. Overall, we propose an alternative strategy for teams with
limited computational resources, focusing on numerical reasoning tasks in VLMs
through full fine-tuning and LoRA, particularly at the object state-level.

Regarding object state-level perception and interaction, the performance of Stat-
eVLM demonstrates the potential capabilities of VLMs in this setting. However,
further refinement is still required. In practical applications, it is often necessary
to predict the precise segmentation region of an object rather than relying solely
on bounding box localization.

7.7 Chapter Summary

In this chapter, we explored the solution for our Objective 4:

Establish an efficient strategy for modifying general models, large VLMs, to
perform object localization and, further, affordance reasoning at the object
state-level, all within constrained computational resources and using open-
source or small-scale general models.

We proposed StateVLM, which leverages an efficient fine-tuning strategy incorpo-
rating an auxiliary regression loss while requiring limited computational resources.
This approach serves as an alternative to the Pix2Emb and Pix2Seq methods for
numerical tasks, retaining the generative nature of VLMs while explicitly speci-
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fying object bounding boxes during training. The promising results on the REC
task demonstrate that both full fine-tuning and LoRA-based training are effective.
Furthermore, the results of the object state affordance reasoning challenge indi-
cate that the latent capabilities of vision-language models can be unlocked using
a small-scale yet well-annotated dataset.

Despite these promising outcomes, there remains a considerable gap between the
proposed approach and real-world embodied agents. First, affordance is a broad
and multifaceted concept, and we believe that more extensive and carefully anno-
tated datasets are required to advance this field. Although we leveraged a diffusion
model to generate the dataset, human verification is still necessary. Second, our
evaluation focused on distinguishing objects in different states, and we did not
investigate ambiguous or vague instructions in depth. Addressing these challenges
will require the development of novel approaches that extend beyond efficient fine-
tuning strategies.
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Chapter 8

Conclusion

In this chapter, we first summarize the contributions of this thesis in Section 8.1.
Second, we provide an in-depth discussion of the research questions and the cor-
responding problem-solving approaches in Section 8.2. Third, we acknowledge the
challenges that persist 8.3. Fourth, we outline directions for future research in
Section 8.4. Finally, we evaluate our overall contribution to the field in Section 8.5.

8.1 Thesis Summary

This thesis focuses on enhancing the communicative and perceptual capabilities
of embodied agents in domestic environments. To achieve this, it explores training
deep neural networks (DNNs) (e.g., long short-term memory (LSTM)) and lever-
aging pretrained foundation models (e.g., large language models (LLMs), vision-
language models (VLMs)), with a specific focus on Uncertainty, Vagueness, and
Ambiguity (UVA-phenomena) We first reviewed the state-of-the-art (SOTA) in the
foundations of conversation, communication, and perception for embodied agents.
Then, motivated by these foundations, we structured our goal into four objectives.
For each objective, a specific research question is posed and addressed through a
novel methodological contribution. In what follows, we summarize our contribu-
tions from two perspectives: synthesis and foundations, and methodological
advancements.

Synthesis and Foundations First, the widely used dialog system categories
are typically based on technology: rule-based, statistically data-driven, end-to-end
neural, and hybrid. However, there are two problems with these categories. First,
deep learning (DL) models can be applied as individual components within a mod-
ular dialog system, such as natural language understanding (NLU), dialog manager
(DM), or natural language generation (NLG), or they can be used to construct an
end-to-end neural dialog system. Second, there is flexibility in combining multiple
technologies to develop a dialog system for a specific application, resulting in a
hybrid dialog system. However, such practical combinations do not always align
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with the original definition of a hybrid dialog system as introduced in research on
BeRP [128], SCREEN [303], and HIS [326]. Therefore, we proposed and reviewed
dialog systems from an architectural perspective and discussed the appropriate
concept of a hybrid dialog system. In addition, we analyzed the dominant tech-
nology, transformer-based language models, LLMs, with respect to their training
objectives.

Second, communication is a broader concept that encompasses the exchange of in-
formation across different modalities. We analyzed vision-language datasets (VLDs)
from an interactive perspective, as well as the training objectives of general VLMs
and the ways in which these models are integrated with vision and language com-
ponents. We further investigated the transition from individual task-specific DNNs
models to general foundation models.

Last, we identified three key challenges in the field of embodied agents:

� C1: The conceptual problem of UVA-phenomena remains poorly defined,
characterized by inconsistent terminology, uneven emphasis, and a lack of a
unified conceptual framework.

� C2: The representational problem lies in the fact that current embodied agent
studies operate primarily at the object category level during interaction,
whereas humans interact with everyday objects at the state level.

� C3: The methodological problem of existing general VLMs is that they are
trained mainly for token classification tasks, whereas object localization, one
of the core requirements for embodied agents, is a regression task.

Methodological Advancements We clarify the conceptual problem and es-
tablish the necessity of object state-level representations in Section 3.5. Based on
this foundation, we propose four objectives with corresponding research questions
and develop three methods, each addressing different combinations of the identified
conceptual, representational, and methodological problems.

We identified gaps in Sections 4.2, 5.2, 6.1, and 7.2 between the SOTA and
our objectives. We need to contribute benchmarks aligned with our objectives
and then use them to support the proposed methodologies. A high-level summary
of these datasets, covering their targeted challenges, primary use, target models,
modalities, scene sizes, and language instance criteria, is provided in Table 8.1,
and the corresponding proposed methodologies are shown in Table 8.2.

This thesis was initiated before the pivotal shift in which transformer-based foun-
dation models came to dominate the fields of dialog systems and human-robot
interaction (HRI). Overall, we proposed four distinct neural network methods.
These methods can be categorized into three types: task-specific deep learning
models trained from scratch, prompted foundation models, and fine-tuned founda-
tion models.

The first method, HYbrid Neural Architecture (HYNA), enhances robot commu-
nication by integrating visual context into an end-to-end neural dialog system.
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Table 8.1: Summary of four datasets for multimodal perception, reasoning, and
communication.

Dataset
Human-Robot Robotic

Cooper
Object State

Dialog Tasking Planning Affordance Reasoning

Targeted
Challenges

( 8.1)
C1 C1 and C2 - C1, C2, and C3

Primary Use
Training DNNs from

Scratch
Promting Pretrained

LLMs and VLMs
Promting Pretrained

LLMs
Fine-tuning Pretrained

VLMs

Target Models RetinaNet and LSTM
GRiT, LLM and

VLM
LLM VLM

Modalities Vision and Language Vision and Language
Language and

Auxiliary Context
Vision and Language

Tasks
Visual Perception and

Dialog

Visual Perception,
Reasoning, Planning,

and Dialog

Multimodal
Processing and

Reasoning, Dialog

Referring Expression
Comprehension and Dialog

Scenes 3,276 40 - 1,172

Language
Instances

147,420 120 2,611 76,203

This integration enables visually grounded human-robot dialog capable of resolv-
ing both linguistic and visual ambiguities in situated HRI. HYNA demonstrates
how to train an individual deep neural network (DNN) tailored to a HRI sce-
nario. As transformer-based foundation models became the mainstream approach
in these domains, the second method, Object State-Sensitive Agent (OSSA), was
developed as a task-planning agent that observes objects and reasons at the ob-
ject state level by adapting pretrained foundation models. OSSA explores how to
leverage chain-of-thought (CoT) to prompt foundation models for robotic tasks.
The third method, Dialog Bridge, connects the user and the robot and serves as a
core component of an adaptive ROS-based framework. It tackles the challenges of
leveraging LLMs for multimodal processing. Dialog Bridge demonstrates how to
employ CoT prompting to adapt foundation models for robotic tasks. The fourth
method, State-sensitive Vision-Language Model (StateVLM), addresses the limi-
tations of VLMs in numerical reasoning tasks, while maintaining a continued focus
on object state-level observation and reasoning. StateVLM demonstrates how to
fine-tune open-weight, small-scale foundation models under limited computational
resources for robotic applications.

In the next section, we provide a detailed analysis of the research questions, discuss
the limitations and progress in problem-solving, and outline directions for future
research.

8.2 Addressing the Research Question

Our first objective is to develop a hybrid neural framework for visually
grounded human-robot dialog that integrates visual content into a con-
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Table 8.2: Summary of four methodologies evaluated against core desiderata for
advanced embodied agents. ✔ indicate that a desideratum is explicitly addressed;
● indicates partially support; and ✘ indicates no support.

Core Desiderata
HYNA OSSA Dialog Bridge StateVLM

(Ch. 4) (Ch. 5) (Ch. 6) (Ch. 7)

Visual Perception ✔ ✔ ✘ ✔

Object State-Sensitive ✘ ✔ ✘ ✔

Uncertainty Awareness ✘ ● ✘ ●

Vagueness Awareness ✘ ● ✘ ✘

Ambiguity Awareness ✔ ✔ ✘ ✔

Communication ✔ ✔ ✔ ✔

Interaction and Adaptation ✔ ✔ ✔ ✔

Scalability and
Generalization

✔ ✔ ✔ ✔

Trustworthy ✔ ✔ ✔ ✔

versational agent, enabling a domestic robot to resolve linguistic and
visual ambiguities in situated HRI. As demonstrated in Chapter 4, the pro-
posed HYNA can resolve such ambiguities in situated HRI. We evaluated differ-
ent variants of the core component of HYNA, multimodal dialog state tracker
(M-DST). The results indicate that using a simple representation method, bag-of-
words (BoW), for multimodal inputs to the M-DST model is an effective approach
for the visually grounded human-robot dialog task. A comparison of the variant
using only BoW against the variant using both BOW and utterance embedding
(UE) reveals a key difference: while the addition of UE improves performance on
name confirmation, it negatively impacts scene ambiguity recognition. Testing and
evaluation on unseen scenes confirm that the system meets the desiderata of scala-
bility and generalization. Finally, the deployment of HYNA on the physical robot
Neuro-Inspired COmpanion (NICO) demonstrates that it fulfills the desiderata of
communication, interaction, adaptation, and trustworthiness.

Our second objective is to design and evaluate effective approaches that
leverage foundation models to enable a robot to recognize objects, in-
terpret user instructions, and generate contextually appropriate ma-
nipulation plans at the object-state level, while remaining aligned with
commonsense knowledge and user preferences. These approaches are
expected to allow a domestic robot to autonomously complete long-
horizon tasks and to remain robust when faced with ambiguous or vague
situations. As exemplified in Chapter 5, we propose OSSA, a task-planning agent
equipped with pretrained neural networks. We explore two architectural paradigms:
(i) a modular approach with separate perception and reasoning modules, consisting
of a pretrained vision processing module (dense captioning model (DCM)) and a
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natural language processing module (LLM); and (ii) a monolithic approach, which
consists solely of a VLM. We conduct a quantitative evaluation on tabletop sce-
narios in which the task is to clear the table. The command clear the table itself
represents a long-horizon task, as it does not specify how leftover food should be
handled. As such, the command is unclear, vague, and ambiguous. In contrast, the
two more concrete commands, clear the table and keep all the leftover food and clear
the table and discard all the leftover food, do not involve uncertainty or vagueness.
Overall, the monolithic approach outperforms the modular approach. However,
each approach has its own advantages and limitations. The modular approach
benefits from explicit visual perception, as the vision model (GRiT) provides ob-
ject localization information, despite its lower overall performance. In contrast, a
key limitation of the monolithic approach (GPT-4V) is that it is not trained to
generate object bounding boxes; therefore, an additional object detection model is
required to obtain object locations.

Our third objective is to develop and formalize a mechanism leveraging
foundation models for age-sensitive and multimodal processes in HRI.
This mechanism is expected to connect users and the robot, enabling
the robot to behave differently by default for different user groups while
allowing users to modify their preferences. As shown in Chapter 6, the dia-
log bridge is a core component of an adaptive ROS-based framework. It connects
the user and the robot by processing user information and the robot’s symbolic
states to generate natural language responses for the user, as well as to recognize
commands and target properties for the robot. The individual evaluation of the
dialog bridge shows that the prompted LLM (GPT-3.5) can successfully extract
commands and properties from the user’s input. System-level trials demonstrate
that the LLM is able to distinguish the user’s age and generate differentiated re-
sponses at the beginning of each interaction. However, this behavior diminishes
after several iterations due to the LLM’s memory limitations. As new conversa-
tion turns are appended to the interaction history, the LLM tends to forget the
initial prompt. Therefore, an improved memory mechanism must be investigated
to address this limitation.

Our fourth objective is to establish an efficient strategy for modifying mono-
lithic general models, VLMs, to perform object localization and, further,
affordance reasoning at the object state-level, all within constrained
computational resources and using open-source or small-scale general
models. As substantiated in Chapter 7, StateVLM is capable of perceiving fine-
grained scene information, including objects and their states. We evaluate the
influence of this auxiliary regression loss through extensive experiments on classi-
cal region-level image understanding tasks, specifically referring expression com-
prehension (REC), using the RefCOCO, RefCOCO+, and RefCOCOg datasets.
The results demonstrate that incorporating an additional box decoder transforms
sequence prediction into regression-based prediction, and that leveraging the aux-
iliary regression loss effectively facilitates the fine-tuning of VLMs. Furthermore,
low-rank adaptation (LoRA) adaptations modify and unlock state-sensitive knowl-
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edge embedded within VLMs, increasing model performance from 47.3% and 34.0%
to 65.7% and 50.2% on object state identification and object grasp prediction, re-
spectively. However, further refinement is required. In practical applications, it is
often necessary to predict precise object segmentation regions rather than relying
solely on bounding-box localization.

Although OSSA and StateVLM have not been implemented on a physical robot, we
believe that these methods align with the desiderata of communication, interaction,
adaptation, scalability, generalization, and trustworthiness.

8.3 Remaining Challenges

Overall, we discussed the concepts of UVA-phenomena and demonstrated the
importance of object state-level in HRI. We developed a scenario that incorpo-
rates these aspects and, grounded in this scenario, proposed four corresponding
approaches for the embodied agent domain. Nonetheless, a tripartite distinction
framework could be further generalized to account for a broader range of UVA-
phenomena, and additional theoretical investigation is required to fully articulate
its scope. For a comprehensive framework that handles UVA-phenomena, while
supporting fine-grained perceptual reasoning, the availability of physical data is
crucial.

A further limitation lies in the difficulty of efficiently acquiring the relevant physical
data, particularly the fine-grained data describing interactions between human
and object states. Although we employed diffusion models to generate small-scale
and well-annotated datasets, a larger and more diverse dataset will ultimately be
necessary to enable full automation.

8.4 Future Directions

Building on the findings of this thesis and the preceding discussion, several promis-
ing directions are recommended for future research to further advance the commu-
nication, autonomy, and adaptability of domestic robots.

User Preference Adaptation and Atmospheric Sensitivity. For domestic
robots, the ability to learn and adapt to the preferences of family members is
essential. Additionally, robots should be capable of perceiving and distinguishing
the surrounding social or emotional atmosphere, whether the owner is enjoying a
meal, hosting guests, experiencing loneliness, or undergoing emotional conflict.

Haptic Sensor Fusion. While this thesis focused on vision-language fusion, it
did not incorporate the haptic modality [80], which plays a crucial role in grasp-
ing. Many object properties can only be captured through tactile sensing. For a
truly intelligent household robot, future research should aim to integrate touch,
language, and vision into a unified multimodal framework.
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Dexterous Grasping. Further advancing domestic robotics, dexterous grasping
represents another essential direction. It pertains to physical execution, which re-
mains highly challenging both algorithmically and hardware-wise. Consequently,
further research into dexterous grasping, combined with a unified multimodal
framework, is critical for enabling more realistic and robust manipulation in house-
hold environments.

8.5 Final Remarks

It is far too early for robots to achieve human-level capabilities across all aspects.
However, we have taken an important first step in that direction. In this thesis, we
enhance the intelligence of embodied agents along two dimensions:

Communication: we have explored agents to communicate with users with greater
depth and robustness by distinguishing between Uncertainty, Vagueness, and Am-
biguity. We considered that a mismatch between the user’s intention (expressed
through language) and the robot’s environment (perceived through vision) can
give rise to ambiguities, wherein multiple interpretations or actions are possible.
In addition, the user and the robot may lack a shared, common sense threshold
for interpreting a concept or executing a task, resulting in vagueness. The robot’s
inability to effectively manage these ambiguities and instances of vagueness consti-
tutes epistemic uncertainty. To mitigate this form of uncertainty, we enhance the
robot’s reasoning capabilities by training DNNs or by leveraging pretrained foun-
dation models. Furthermore, we made the robot capable of communicating with
the user to request supplementary information to address aleatoric uncertainty, to
resolve vagueness by establishing the appropriate threshold, and to clarify ambi-
guities when necessary.

Visual Perception: we have explored agents to detect, reason, and interact with
the world at a finer granularity, specifically at the object state-level. Visual per-
ception serves as a critical source of information for a robot’s communication,
reasoning, and task execution. However, increasing the granularity of perceptual
information introduces more ambiguities and vagueness, thereby necessitating more
advanced intelligence to mitigate epistemic uncertainty. We presented two diagrams
outlining approaches that leverage SOTA pretrained models to perform task plan-
ning at the object state-level. These approaches were quantitatively evaluated on a
representative task, and the results indicate that the monolithic approach (VLM)
outperforms the modular approach (an LLM combined with a DCM). Furthermore,
we explored modification strategies for monolithic methods (VLMs) in the context
of object localization and affordance reasoning. Our proposed strategy provides a
principled compensatory mechanism for its inherent limitations, and we anticipate
that it can be generalized to a broader class of numerical tasks for a VLM.
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Appendix A

Nomenclature

AdaDelta adaptive delta. 64,

AI artificial intelligence. 4, 7, 17, 47, 91,

ANN artificial neural network. 13, 17,

ASR automatic speech recognition. 14, 16, 19, 61, 87,

BART Bidirectional and Auto-Regressive Transformers. 29, 57,

BERT Bidirectional Encoder Representations from Transformers. 22, 28, 29, 40,
41, 57,

BoW bag-of-words. 8, 21, 62, 63, 64, 65, 112

BPE byte-pair encoding. 22,

BPTT backpropagation through time. 64,

CAI constitutional AI. 31,

CBOW continuous bag-of-words. 21,

CCE categorical cross-entropy. 64,

CLIP Contrastive Language-Image Pre-training.

CLM causal language modeling. 30, 99,

CNN convolutional neural network. 16, 22, 42, 61,

COCO Common Objects in Context. 37, 57,

Cooper Command and Object Properties Recognition. 86,

CoT chain-of-thought. 46, 77, 111
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CV computer vision. 4, 70, 74, 89, 97,

DBN deep belief network. 16,

DCM dense captioning model. 74, 75, 77, 112, 115

DDN dynamic decision network. 13,

DL deep learning. 4, 5, 13, 16, 18, 21, 109

DM dialog manager. 14, 16, 17, 52, 57, 109

DNN deep neural network. 4, 13, 18, 19, 109, 110

DPM dialog policy model. 16,

DPO direct preference optimization. 31,

DST dialog state tracker. 16,

ELMo embeddings from language models. 21,

FPN feature pyramid network. 61,

GloVe Global Vectors for Word Representation. 21,

GPT Generative Pre-trained Transformer. 22, 57,

GRU gated recurrent unit. 19, 25, 26,

HiPolicy Human-robot interaction Policy. 8, 61, 63,

HIS hidden information state.

HRI human-robot interaction. XIII, 2, 4, 6, 8, 36, 39, 48, 49, 50, 51, 53, 55, 57,
58, 66, 83, 89, 110, 111, 112

HYNA HYbrid Neural Architecture. 8, 61, 62, 64, 66, 110, 111, 112

KS knowledge source. 14, 16, 17, 19,

LLM large language model. 4, 6, 7, 17, 23, 28, 31, 32, 42, 44, 45, 46, 47, 48, 52,
67, 69, 73, 74, 75, 76, 77, 80, 83, 84, 85, 87, 91, 99, 109, 110, 111, 113, 115

LoRA low-rank adaptation. 31, 113

LSTM long short-term memory. 19, 21, 25, 26, 63, 109

M-DST multimodal dialog state tracker. 8, 61, 62, 63, 64, 65, 112

MDP Markov decision process. 17,
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ML machine learning. 8, 14, 15, 16, 17, 73,

MLM masked language modeling. 28, 29, 30, 40,

MLP multilayer perceptron. 99, 103, 104,

MTP multi-token prediction. 30,

NICO Neuro-Inspired COmpanion. 8, 55, 56, 58, 59, 61, 112

NLG natural language generation. 14, 17, 57, 109

NLP natural language processing. 4, 12, 21, 22, 26, 40,

NLU natural language understanding. 14, 15, 16, 47, 48, 57, 109

NSP next sentence prediction. 28,

OD object detection. 8, 61, 64,

OSSA Object State-Sensitive Agent. 8, 67, 68, 73, 79, 81, 97, 111, 112, 114

PALM Pre-training an Autoencoding & Autoregressive Language Model. 29,

PaLM Pathways Language Model. 46,

PCFG probabilistic context-free grammar. 15,

Pix2Emb pixel-to-embedding. 90, 106,

Pix2Seq pixel-to-sequence. 90, 106,

POMDP partially observable Markov decision process.

PrefixLM prefix language modeling. 30, 42,

QLoRA quantized low-rank adaptation. 31,

REC referring expression comprehension. 9, 37, 89, 90, 91, 93, 100, 102, 105, 106,
107, 113

RefCOCO Referring Expressions in COCO. 37,

RefCOCO+ variant of Referring Expressions in COCO Plus. 37,

RefCOCOg Google version of Referring Expressions in COCO. 37,

RL reinforcement learning. 17, 31, 57, 73,

RLAIF reinforcement learning from AI feedback. 31,

RLHF reinforcement learning from human feedback. 31,

RNN recurrent neural network. 16, 19, 23, 26, 28, 31, 57, 58, 63,
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RRHF rank responses to align human feedback. 31,

RSFT rejection sampling fine-tuning. 31,

RTD replaced token detection. 29,

Seq2Seq sequence-to-sequence. 13, 17, 19, 27,

SIMMC Situated and Interactive Multimodal Conversations. 37, 55, 57,

SL supervised learning.

SOP sentence order prediction. 28,

SOTA state-of-the-art. 14, 23, 28, 31, 41, 64, 66, 68, 74, 75, 80, 89, 91, 102, 106,
109, 110, 115

StateVLM State-sensitive Vision-Language Model. 111, 113, 114

SVM support vector machine. 13, 16, 17,

T5 Text-to-Text Transfer Transformer. 22, 29,

TF-IDF term frequency-inverse document frequency. 21,

TTS text-to-speech. 14, 19, 61,

UE utterance embedding. 8, 62, 63, 64, 65, 66, 112

UVA-phenomena Uncertainty, Vagueness, and Ambiguity. 3, 8, 9, 36, 48, 51, 52,
53, 109, 110, 114

VLA vision-language-action. 46, 53,

VLD vision-language dataset. 36, 110

VLM vision-language model. 4, 5, 6, 7, 9, 36, 40, 42, 44, 45, 46, 47, 52, 67, 69, 70,
73, 74, 75, 76, 77, 78, 80, 89, 90, 91, 92, 93, 97, 98, 105, 106, 109, 110, 111,
113, 114, 115

VQA visual question answering. 36, 55, 57, 89,

Word2Vec word to vector. 21, 62, 65, 66,
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Table B.1: Statement of Author Contributions.

Paper
NO.

Dataset Details Conception Implementation Writing

[1] No dataset was used.
X.S. proposed the idea;
C.W., M.K., and J.S.

participated in discussions.
No code was released.

X.S. wrote the draft; all
authors reviewed and
edited the manuscript.
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X.S. designed the dataset;
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X.S. designed, implemented,
and evaluated the method,
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authors reviewed and
edited the manuscript.
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contributed the remaining
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authors reviewed and
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