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Abstract

Rooted in the principles of Industry 5.0, Human-centric Smart Manufacturing

(HSM) prioritizes human welfare within manufacturing processes, leveraging

Artificial Intelligence (AI) to simultaneously improve operational efficiency

and employee well-being. Under this paradigm, Human–Robot Interaction

(HRI) technologies are central because they unify human problem-solving and

decision-making strengths with the precision and efficiency of robotic systems,

resulting in adaptive, intelligent, and superior manufacturing processes.

Nevertheless, existing HRI works commonly face several challenges: 1) Data

scarcity for specific tasks - limited availability of data for particular tasks

can hinder the development of efficient models or systems; 2) Requirement

for re-training for different scenarios - many existing approaches necessitate

re-training or fine-tuning models for different scenarios, which can be time-

consuming and impractical; 3) Predominantly pre-defined manners - most

interaction approaches are predetermined, offering limited adaptability and

failing to support open-ended or natural exchanges between humans and

robots..

Recently, Vision-Language Models (VLMs) and Large Language Models (LLMs)

have attracted significant attention in the field of HRI, and they hold strong

potential as effective solutions to address the current limitations faced in

HRI. Firstly, as pretrained on vast repositories of world knowledge, VLMs

and LLMs possess the capacity to generalize across diverse scenarios and

tasks, thereby addressing the limitations of previous models that suffered
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from insufficient datasets and required frequent retraining, thus rendering

HRI more adaptable and effective across multiple domains. Secondly, VLMs

strengthen robotic intelligence by fusing visual and linguistic inputs with

unified reasoning, thereby mirroring the multimodal perception characteristic

of humans. Thirdly, VLMs and LLMs enhance user experience by enabling

flexible interaction and communication, thereby making HRI more natural,

efficient, and intuitive.

In this case, this research aims to develop a VLM-based HRI methodology

that makes it possible for robots to engage with humans naturally and sys-

tematically follow their commands to collaborate on accomplishing complex

tasks—such as supplementing assembly materials, repairing malfunctioning

machines, and detecting potential safety issues—toward future human-centric

smart manufacturing. To realize this goal, three fundamental robotic tasks

warrant exploration: robot system task planning, mobile robot navigation,

and robot arm manipulation. Accordingly, this research proposes a systematic

vision-language model-based methodology for human-robot interactive task

planning, navigation, and manipulation in manufacturing.

Chapter 2 provides a survey of vision–language techniques applied to HRI

within human-centered smart manufacturing, and concludes by outlining

unresolved challenges in task planning, navigation, and manipulation.

In Chapter 3, the background and research challenge of vision and language-

based task planning are introduced, and a coarse-to-fine vision-grounded

Chain-of-Thought (CoT) reasoning approach is proposed to address the

unforeseen challenge faced by smart manufacturing systems. By integrating

multi-granularity visual parsing with a coarse-to-fine CoT framework, our

method jointly leverages global scene context and local visual perspectives

to enable interpretable, zero-shot reasoning, while generating clear and

precise robot-executable task plans. The evaluation results indicate that

our framework attains remarkable success and generalization in challenging
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as well as novel scenarios, emphasizing its reliability and applicability to

real-world smart manufacturing environments.

In Chapter 4, the background and research gaps of vision and language navi-

gation is introduced. Then proposes a human-guided mobile robot navigation

method for unstructured manufacturing environment. Finally, we use some

experiments to evaluate these methods. Learning-based VLN methods heavily

rely on data and are constrained by the availability of a fixed number of

scenes for training. This limitation prevents them from effectively addressing

the challenges of realistic application scenarios, where objects may exist out-

side the pre-defined domains and language instructions can be more diverse.

Additionally, although the current method shows promising performance in

simulated environments, it faces challenges when applied in real-world sce-

narios due to sensor noise. This noise can lead to the loss of geometric details

in the reconstructed maps, resulting in inaccurate segmentation of the navi-

gation target. To tackle these issues, we integrate classical 3D reconstruction

techniques with zero-shot VLM, aiming to construct an open-vocabulary 3D

semantic mapping framework. Furthermore, an LLM is utilized to interpret

natural language commands and produce control code for robots, thereby

facilitating navigation supported by vision and language.

In Chapter 5, the background and research challenge of vision and language-

based robot manipulation is fistly introduced, and then a foundational model-

based framework is proposed for 3D Hierarchical Affordance Reasoning,

concentrating on high-precision tool operations in factory environments.

Within this framework, two components are proposed: 3D Joint Tool-Part Af-

fordance Grounding enables open-vocabulary 3D affordance detection, jointly

grounding tool and part interactions; task-aware Trajectory Generation lever-

ages an LLM alongside motion affordance priors to generate task-specific

motion trajectories, enabling robots to perform complex tool-use operations

with high precision and adaptability. Extensive experiments show that the

proposed hierarchical affordance reasoning framework demonstrates sub-
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stantial improvements over current leading approaches. Experiments carried

out on actual manufacturing systems confirm the effectiveness and stability

of the proposed approach, highlighting its suitability for real-world industrial

settings that require strong dexterity, logical reasoning, and generalization

capabilities.

It is hoped that this work can create a multi-robot intelligent system capa-

ble of achieving human-centric natural visual-language interaction. Under

human guidance, this system will be able to accomplish various tasks in com-

plex factory environments in future human-robot symbiotic manufacturing

paradigms.

Keywords: Smart Manufacturing, Human-Robot Interaction, Vision-Language

Model, Large Language Model, Robot Task Planning, Robot Navigation, Robot

Manipulation
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1Introduction

1.1 Background

Anchored in the ethos of Industry 5.0, Human-centric Smart Manufacturing

(HSM) propels human welfare to the forefront of the production sphere,

bolstering system performance and human well-being through the adoption

of Artificial Intelligence (AI) [1]. This emphasis on human necessities and

interests shapes the course of Human-Robot Interaction (HRI). Crucial to

HSM, HRI harnesses collaborative human and robotic capabilities to engineer

intelligent manufacturing systems prioritizing human requirements [2]. The

focus of HRI lies in the design of cooperative robots working alongside

humans, thereby boosting productivity and mitigating human strain [3].

Technological strides in AI, robotics, soft materials, and bioelectronics have

inextricably entwined HRI within the industrial fabric.

In various industries within the manufacturing sector, there is a growing trend

towards mass personalization. This requires smart manufacturing capabilities

to efficiently produce personalized products with dynamic batch sizes [4].

In order to achieve this, interaction among multiple intelligent agents is

essential. However, recent manufacturing systems lack the flexibility and

adaptability to address the changing production demands and unforeseen

internal system contingencies, and HRC is a key approach to solving this

problem, with human-robot interaction being an indispensable component

[1].

Nevertheless, current research on HRI [5, 6, 7, 8] still encounters several

critical challenge: 1) Task-specific data scarcity – for many specialized man-
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ufacturing scenarios, datasets are either limited or unavailable, making it

difficult to train robust and efficient models; 2) Scenario dependence and

re-training – existing approaches often require extensive re-training or fine-

tuning when transferred to new environments, which reduces scalability

and practical applicability; 3) Rigid, pre-defined interaction patterns – most

interaction frameworks rely on pre-scripted commands or structured tem-

plates, which constrain flexibility and prevent seamless, natural, or free-form

communication between humans and robots.

Recently, Vision-Language Models (VLMs) and Large Language Models(LLMs)

have gained substantial interest as an emerging research area. LLMs, by

harnessing their extensive world knowledge and powerful reasoning capabili-

ties, can generalize effectively to open-domain settings, while VLMs further

leverage the pretrained LLM backbone to address multimodal tasks [9]. Ad-

vancements in foundation model-based vision and language interaction have

the following advantages for HRI: 1) VLMs demonstrate strong versatility as

comprehensive task-solvers. VLMs are capable of handling a diverse range

of multimodal tasks due to their inherent ability to process and generalize

across both visual and linguistic information; 2) The integration of vision

and language within VLMs mirrors human perceptual processes more closely.

Human cognition naturally relies on multiple senses, which operate in a

complementary and cooperative manner. By incorporating multimodal in-

formation, VLMs enhance their intelligence through an approximation of

this multisensory perception. 3) VLMs also provide an intuitive and accessi-

ble interface by enabling flexible modes of interaction and communication.

Through multimodal input support, users can engage with intelligent systems

in more adaptive and personalized ways, thereby enriching the overall HRI

efficiency.

In this case, my research focus on Vision-Language Model-based Natural

Human-Robot Interaction for Human-centric smart manufacturing. More

specifically, I would like to explore a multi-robot system centered on human

1.1 Background 5



Navigation
Vision and language-based 
mobile robot navigation

Manipulation
Vision and language-based 
robot arm manipulation

Task planning
Vision and language-based 
robot system task planning

+

+

Fig. 1.1: Research scope of the PhD thesis.

language command, integrated with environment understanding, to achieve

natural and efficient manufacturing task fulfillment in unstructured senarios.

Currently, for most robot system, task completion will follow this pipeline:

first performing global task planning, then navigating to the target area,

and finally perform manipulation to complete the task. Therefore, three

core robotic capabilities are prioritized for investigation: robot system task

planning, mobile robot navigation, and robot arm manipulation. Building

upon these foundations, this research introduces a systematic VLM-based

framework for human–robot interactive task planning, navigation, and ma-

nipulation within manufacturing contexts.

1.2 Research scope

To achieve a holistic VLM-based human-robot interaction system in human-

centric smart manufacturing, three core tasks should be considered: task

planning, navigation, and manipulation, as demonstrated in Fig. 1.1.

1.2 Research scope 6



Section one addresses task planning for robots using vision and language

modalities input, which involves global perception of manufacturing space

and executable plans generation for multiple related robots, especially for

unforeseen scenarios. Large vision models are utilized for zero-shot visual

perception based on global and local views. The captured visual information

is passed to VLMs for further reasoning to figure out the region of interest

and related robots, and finally generate robotic executable plans.

The second part involves visual and language-based human-guided naviga-

tion for mobile robots. Based on the task plans generated in the previous

step, mobile robots need to navigate to different locations to perform corre-

sponding operations. Specifically, LLM is used to decompose the task plans,

expressed in natural language, into navigation sub-goals and translate them

into robot code. Simultaneously, VLM is used to build a 3D semantic map to

accomplish the navigation task.

The third part is about the vision and language-based manipulation for robot

arms, which involves executing complex manufacturing tasks, such as using

some tools for assembly for disassembly, based on the requirements specified

in the task plans. LLM and VLM are able to utilize their understanding of the

environment to further plan the trajectory of the robot’s end-effector. This

enables the robot to perform precise and intricate movements necessary to

accomplish the specific manipulation tasks.

1.3 Research objectives

In order to address the industrial challenges mentioned above and achieve a

holistic VLM-based human-robot interactive system in human-centric smart

manufacturing, this project primarily focuses on exploring three main areas:

task planning, navigation, and manipulation, as shown in 1.2. The specific

research objectives are as follows.

1.3 Research objectives 7
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Objective 1: to propose a coarse-to-fine vision-grounded CoT-based task

planning method for unforeseen manufacturing scenarios.

Existing approaches to global planning frequently suffer from a high-level, ab-

stract understanding of tasks, whereas detailed planning is typically restricted

to predefined, robot-specific action primitives. This critical gap impedes the

creation of flexible, executable, and interactive plans for diverse multi-agent

systems and dynamic environments. Moreover, despite employing multi-

modal (visual and textual) reasoning, plans generated by LLMs and VLMs

often contain hallucinations and lack precision, resulting in instructions that

are too vague for direct robotic execution. To fill the gap, we aim to pro-

pose a coarse-to-fine vision-grounded CoT-based task planning method for

unforeseen manufacturing scenarios, integrating joint global-local reasoning

and precise visual information, thereby enabling holistic multi-robot task

planning.

Objective 2: to introduce a vision and language-based human guided

robotic navigation method in human-centric smart manufacturing with

extra consideration of sensor noise problems and free-form interaction

manner.

1.3 Research objectives 8



Learning-based VLN methods heavily rely on data and are constrained by the

availability of a fixed number of scenes for training. This limitation prevents

them from effectively addressing the challenges of realistic application scenar-

ios, where objects may exist outside the pre-defined domains and language

instructions can be more diverse. Additionally, although the current method

shows promising performance in simulated environments, it faces challenges

when applied in real-world scenarios due to sensor noise. This noise can

lead to the loss of geometric details in the reconstructed maps, resulting in

inaccurate segmentation of the navigation target. In order to address these

challenges, we propose the fusion of traditional 3D reconstruction methods

with zero-shot VLM to establish an open-vocabulary 3D semantic map. Addi-

tionally, we leverage LLM to comprehend natural language instructions and

generate code for controlling robots, enabling the realization of vision and

language-based navigation.

Objective 3: to develop a vision and language-based 3D hierarchical

affordance reasoning approach for industrial robot tool-use manipula-

tion.

Current methodologies primarily concentrate on pick-and-place operations

for basic industrial functions such as assembly, material handling, and sorting;

however, they exhibit limited proficiency in executing complex tool-use oper-

ations, including nail hammering, bolt fastening, or screw driving. To address

the problems discussed, we aim to propose a foundational model-based 3D

hierarchical affordance reasoning approach for robotic tool-use manipulation

in industrial tasks. Specifically, a novel VLM with multi-dimensional feature

fusion will be introduced to jointly infer graspable and functional affordances

based on task semantics and the 3D geometric relationships between tools

and parts. In addition, an LLM will be prompt to translate tool-part affor-

dances and linguistic instructions into a series of physical constraints, thus

generating post-contact end-effector trajectories as movement affordances.
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1.4 Research structure

The rest content of this report is organized as follows:

Chapter 2 provides an overview of vision–language techniques applied to

HRI within human-centric smart manufacturing. The chapter concludes

by outlining the remaining challenges in task planning, navigation, and

manipulation.

Chapter 3 firstly introduces the background and research challenge of vision

and language-based task planning. Then proposes a reasoning method to

realize holistic multi-robot task planning for unforeseen scenarios. Extensive

experimental evaluations are conducted to demonstrate the effectiveness and

novelty of the proposed approach.

Chapter 4 firstly introduces the background and research gaps of vision and

language navigation. Then propose a framework including 3D reconstruction

and semantic segmentation to realize robust 3D semantic segmentation in

unstructured manufacturing environment. Finally, the experiments are con-

ducted to evaluate the innovation and efficiency of the proposed method.

Chapter 5 firstly introduces the background and research challenge of vision

and language-based robot manipulation, and then provides a 3D hierarchical

affordance reasoning approach to realize complex and precise robot manip-

ulation tasks. Finally several experiments are provided and discussed to

validate the proposed method.

Chapter 6 summarizes the contributions, limitations, and future works.
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2Literature Review

2.1 Multimodal human-robot interaction

2.1.1 Human-robot interaction in human-centric

smart manufacturing

HRI is a research domain probing human-robot linkages that aims to innovate

robots that can synergize with humans to enhance efficiency and mitigate

human exertion [3]. With its applications sprawling across sectors such as

healthcare, tourism, hospitality, surgery, construction, agriculture, and smart

manufacturing, the HRI focus elegantly pivots based on the unique demands

of each field.

HRI plays a cardinal role in service and social robots within the healthcare,

tourism, and hospitality sectors. Healthcare positions social robots as sur-

rogate family members and caregivers, extending support to patients with

dementia, autism, and other mental or physical conditions [10]. Concur-

rently, the tourism and hospitality spheres leverage service robots to enhance

customer experiences [11]. Conversely, fields like surgery, construction, agri-

culture, and smart manufacturing primarily utilize HRI for Human-Robot

Collaboration (HRC) and collaborative robots. The surgery field observes

surgical robots’ advent, offering heightened precision and spatial dexter-

ity, facilitating safer, quicker, and less invasive interventions with improved

surgical outcomes [12]. In construction, collaborative robots execute tasks

like excavation and assembly, merging worker expertise with autonomous

efficiency [13]. Agriculture utilizes HRI for targeted crop recognition, aiming

11



to enhance agricultural adaptability and efficiency [14]. In smart manufactur-

ing, the aim is to integrate AI in a human-centric way to improve capabilities

and create personalized products, a step towards Industry 5.0 [2]. This paper

focuses on industrial HRI, specifically multimodal technologies.

HSM is one of the most important characteristics of Industry 5.0, it prioritizes

the human at the center of the production system, improves worker health

and safety conditions through a synergistic combination of humans and

machines, supports individual needs and factory requirements for flexibility,

agility, and robustness, focuses on human needs and interests, shifts from

a technology-centric to a human-centric and societal-centric approach, and

leverages AI thinking methodologies to support decision making to improve

system performance and human well-being [1]. In this context, collaborative

intelligence is essential for HSM [2]. It necessitates leveraging the capabilities

of humans and robots to establish smart manufacturing systems that prioritize

human needs, and HRI is the pivotal factor in achieving this outcome. Human

beings possess qualities such as leadership, creativity, versatile problem-

solving abilities, and decision-making abilities. Meanwhile, robots excel in

speed, endurance, quantitative accuracy, scalability, and a vast knowledge

base. In a cohesive human-robot system, humans serve as trainers and

commanders of robots, playing the role of creators and decision-makers.

Meanwhile, robots enhance human cognitive skills and physical capabilities,

resulting in a mutual increase in capabilities through HRI that enables them

to accomplish complex tasks together [2, 15].

2.1.2 Human-robot interaction with cognitive

intelligence

Industrial HRI usually occurs when human operators and robots share a

workstation and communicate [16]. The goal of HRI research is to boost

production efficiency and ease the workload by creating cooperative robots
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that fuse their abilities with human skills [3]. According to IEEE, robots are

autonomous machines capable of real-world perception, computation, and

action [17]. Commonly employed robots for interaction and collaboration

include robotic arms, Automated Guided Vehicles (AGVs), and chatbots. With

progress in areas like AI, soft materials, and bioelectronics, the popularity of

HRI is surging, drawing numerous researchers from related fields.

In cognitive science, human intelligence is broadly classified into perception,

cognition, and action categories [18], as shown in Figure 2.1. Perception

refers to acquiring information about the surroundings, people, and objects,

followed by interpreting the collected sensory signals. This process encom-

passes gathering information via sensory modalities like vision, audio, and

touch, and processing it for recognition and prediction. Cognition involves

reasoning, making recommendations based on perceived information and as-

signed goals, and communicating with others. This includes procedures such

as planning, problem-solving, and learning. Action encompasses the execu-

tion of tasks and interactions with people and surroundings, relying on both

sensory input and cognitive processes. This includes object manipulation,

collaborative tasks, and physical actions. Equipping robots with maximal

degrees of these intelligence types will edge us closer towards effectuating

more natural HRI.

2.1.3 Multimodal communication and control for

natural HRI

The three levels of natural HRI involving cognitive robot intelligence all

mandate multimodal information analysis, as shown in Figure 2.1. At the

robot perception level, multimodal sensing and interpretation complement

each other, providing more accuracy and robustness than single-modality per-

ception. At the cognitive level, multimodal information processing enhances

robots’ comprehension of their environment and human behavior, making
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Multimodal sensing and interpretation 
can compensate for each other to ensure 
an accurate and robust HRI system.

The robots can comprehensively understand 
human instructions and the environment 
through multiple modalities for better task 
planning and efficient communication.

Multimodal control methods ensure safety 
and improve the ergonomics in HRI.

Cognition

Action

Perception
• Sense
• Interpret

• Reason
• Recommend
• Communicate

• Physical interact
• Complete tasks

Natural
HRI

Fig. 2.1: The importance of multimodal technologies for robot cognition intelli-
gence.

task planning and execution more proficient. It also improves human-robot

communication efficiency and efficacy. Lastly, multimodal robot control at

the action level ensures human interaction safety and enhances ergonomics.

Overall, for natural HRI and advancing HSM, multimodal technology is

crucial. HRI inclusive of multimodal communication and control methods

represents a crucial foundation for future HRI development, supporting a

safe, natural, efficient, and intelligent human-robot collaborative system.

2.2 VLM-based HRI

The most crucial modalities for HRI tasks are vision and language, encom-

passing planning, navigation, and manipulation. Vision equips the robot

with person, object, and environment recognition capabilities, while humans

employ text or verbal communication (language and auditory modes) to

interact with the robotic system. The emergence of LLMs and VLMs, with

their rich knowledge bases and strong contextual reasoning, has brought HRI

into a transformative stage. First, their extensive knowledge base supports

a comprehensive and nuanced understanding of a wide range of subjects,

enabling informed decision-making and adaptive contextual reasoning. Sec-
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ond, the multimodal perception capabilities of VLMs—integrating visual and

linguistic information—significantly enhance robotic intelligence, allowing

for more advanced environmental interpretation and interaction. Finally,

their sophisticated natural language processing abilities facilitate intuitive

human-machine communication by accurately interpreting and generating

human-like responses, thereby improving both the efficiency and user expe-

rience of HRI applications. Leveraging the advanced capabilities of LLMs

and VLMs, our goal is to establish a future human-machine symbiotic smart

manufacturing environment, in which three fundamental robotics tasks are

included, task planning, navigation, and manipulation. This section discusses

the most representative work of LLMs and VLMs for HRI in the three core

tasks.

2.2.1 VLM-based HRI for task planning

The remarkable evolution of LLMs and VLMs has enabled the extraction

of extensive commonsense knowledge from heterogeneous web-based data

sources. This accumulated knowledge base presents substantial opportunities

for embodied intelligent agents, facilitating the generation of executable task

plans that align with human instructions expressed through natural language

interfaces. Typically, in HRI scenarios within manufacturing environments,

task planning plays multiple critical roles, including task understanding and

decomposition, task allocation, and robot action generation. Most of the

existing work in this domain is based on the GPT series models. Some

approaches utilize prompt-based direct Input-Output (IO) methods, while

others adopt COT reasoning and its variants to enable deeper contextual

understanding. Additionally, certain works integrate structured databases

and planning algorithms to compensate for the inherent inaccuracies of LLMs.

A summary of recent and significant contributions in this field is presented in

Table 2.1.
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Table 2.1: VLM-based HRI for task planning

Method Features Performance Applications Year Ref

LLM-based manufactur-
ing execution system

Behaviour tree, task al-
location

100% (format accuracy),
86.67% (executability),
93.33%(goal accuracy)

HRC assembly 2024 [19]

LLM-enabled human
demonstration-assisted
hybrid robot skill syn-
thesis approach

Direct-IO, task decompo-
sition and allocation

95.92%(average success rate) HRC assembly 2024 [20]

HRC-adapted LLM Error correction control
module, HRC dataset
fine-tuned LLM, action
generation

78.57% (human intention ac-
curacy), 75.0% (tool name ac-
curacy), 82.14% (tool feature
accuracy)

HRC assembly 2024 [21]

Vision AI-based HRC as-
sembly approach

Direct-IO, task decompo-
sition and action gener-
ation

\ HRC assembly 2024 [22]

Vision-language-guided
robotic action planning
approach

Direct-IO, task decompo-
sition and action gener-
ation

93.3% (average success rate) HRC assembly 2024 [23]

Adaptive intelligent gen-
eration method

Dynamic knowledge
evolution mechanism,
action generation

91.54%(supported collabora-
tion model), 89.31%(simul-
taneous collaboation model),
90.78%(sequential collabora-
tion model)

Assembly solution
generation

2025 [24]

CogniVera Dual-agent architecture
with internal dialogue
mechanism, task under-
standing and decompo-
sition

96.67% (task completion rate) HRC assembly 2025 [25]

PlanCollabNL LLM reasoning combine
with PDDL, task alloca-
tion

84% (subgoals to favour com-
pletion rate), 86% (subgoal to
disfavour completion rate)

Adaptive plan gen-
eration in HRC

2025 [26]

VLM-based human-
guided mobile robot
navigation approach

Direct-IO, task decompo-
sition and action gener-
ation

92.5% (average success rate) HRC assembly 2025 [27]
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The most common approach to leveraging LLMs or VLMs for task planning in

HRI tasks involves providing a prompt that contains primitive information,

clearly specifying the desired output content and format. The LLM or VLM

then directly generates the corresponding output based on this input. Fan et

al. [23] leveraged LLMs to understand human input instructions and perform

task decomposition. Based on a set of pre-defined interfaces representing

robot action primitives, the LLM was able to generate Python code corre-

sponding to a sequence of actions. This code could then be executed by the

robot to complete manipulation tasks. The approach achieved a task success

rate of 93.3% based on GPT-4. Similarly, Liu et al. [22] and Wang et al. [27]

investigated human-guided navigation tasks for mobile robots in assembly en-

vironments. They leveraged LLMs to interpret natural language instructions

and perform task decomposition. Utilizing a predefined set of navigation

action primitives, the LLMs generated navigation sequences that enabled

the robots to traverse multiple locations and execute tool pick-and-place

operations. The approach of [27] achieved a success rate of up to 92.5%.

Additionally, Yin et al. [20] integrated LLM-based task planning with deep

reinforcement learning and prompt-based LLM techniques to facilitate task

decomposition, allocation, and reward generation. This approach supported

human demonstration-assisted robot skill synthesis in HRC assembly tasks,

achieving an average task success rate of 95.92%.

Building upon prompt-based direct IO, many studies enhance context rea-

soning accuracy by incorporating COT prompting and its variants, or by

integrating external structured modules. Gkournelos et al. [19] proposed an

LLM-based manufacturing execution system that integrates a robot behav-

ior tree mechanism into the planning process for assembly task allocation.

This approach enables more structured and interpretable task planning and

achieved an average goal accuracy of 93.33%. Gao et al. [21] introduced

an HRC-adapted LLM which included an error correction control module for

robot action generation. Hua et al. [24] presented an adaptive intelligence
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generation method, in which LLM-based planning is enhanced through a

dynamic knowledge evolution mechanism for generating assembly solutions.

Under this framework, the supported collaboration model, simultaneous

collaboration model, and sequential collaboration model achieved task suc-

cess rates of 91.54%, 89.31%, and 90.78%, respectively. Ranasinghe et al.

[25] proposed CogniVera, a dual-agent architecture that employs an internal

dialogue mechanism to facilitate HRC in understanding and decomposing

assembly tasks. This approach achieved a task completion rate of 96.67%,

demonstrating its effectiveness in complex task interpretation and coordina-

tion. Izquierdo-Badiola et al. [26] introduced PlanCollabNL, a framework

that integrates the structured Planning Domain Definition Language (PDDL)

with LLM-based reasoning to mitigate the impact of LLM hallucinations

on task allocation. This approach significantly improves performance in

complex HRC adaptive plan generation, achieving subgoal-to-favour and

subgoal-to-disfavour completion rates of 84% and 86%, respectively.

While traditional scheduling and control methods excel in structured environ-

ments with well-defined states, they struggle with the inherent uncertainties

and rich contextual cues present in real-world manufacturing settings. VLMs

and LLMs, however, demonstrate exceptional capabilities in open-set prob-

lems and contextual reasoning within unstructured visual environments,

making them well-suited for handling unforeseen or rare anomalies in task

planning scenarios that cannot be directly formulated as traditional optimiza-

tion problems. Although LLM- and VLM-based task planning has achieved

notable progress in HRI and smart manufacturing, these approaches still ex-

hibit several limitations. Whether employing direct input-output methods or

CoT-based approaches, global planning remains limited to coarse-level under-

standing; conversely, detailed planning is typically constrained to predefined

action primitives specific to a single type of robot. Moreover, even with multi-

modal reasoning that combines visual and textual inputs, plans generated by

LLMs frequently suffer from hallucinations and vague instructions, lacking
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the precision and clarity required for reliable robotic execution. Methods that

can simultaneously perform global planning while maintaining fine-grained

information representation, with clear vision-grounded reasoning and robot

executable plans are not yet to be fully explored.

2.2.2 VLM-based HRI for navigation

Vision and Language Navigation (VLN) denotes a robot’s capability to execute

navigation tasks by integrating visual perception of the environment with

the understanding of natural language commands. In this setting, the agent

typically receives: (1) an environmental representation, such as images,

point clouds, or other 3D perceptual inputs; (2) natural language instructions

describing the path toward the goal; and (3) its initial position within the en-

vironment. The agent must interpret the instructions, align them with visual

inputs, plan an appropriate path, and act accordingly to reach the designated

target. By interpreting both visual signals and language instructions, VLMs

together with LLMs substantially boost navigation performance in complex

VLN scenarios. Based on different navigation scenarios, we categorise these

works into indoor navigation, outdoor navigation, and web navigation. The

recent representative works using VLMs or LLMs in navigation tasks are

summarised in Table 2.2.

Indoor navigation has become a core capability in service robots for household

tasks, and it has also been explored in scenarios of human–robot teamwork

within industrial environments. Indoor VLN can assist with assembly, help

humans retrieve and place tools, manage logistics distribution within factory

premises, and inspect and maintain equipment. In VLN, a typical task in-

volves an agent following detailed step-by-step language instructions to move

through the environment and reach a designated goal. These instructions are

typically clear and specific, describing each step of the action path. Khandel-

wal et al. [28] explored CLIP’s capabilities in embodied AI, discovering that

2.2 VLM-based HRI 19



Table 2.2: VLM-based Navigation Methods

Navigation envi-
ronment

Method VLM/LLM Success rate Application Year Ref

Indoor EmbCLIP CLIP 47% (RoboTHOR OB-
JECTNAV Challenge
2021)

Domestic service
robot

2022 [28]

SHeFU Switching Image
Embedder, Funnel
Transformer

83.1% (ALFRED-fc) Domestic service
robot

2023 [29]

Ego2-Map CLIP 47% (R2R-CE) Domestic service
robot

2023 [30]

VLMaps LSeg, GPT-3.5 62% (custom dataset) Domestic service
robot

2023 [31]

MiC GPT-2, CLIP 55.74% (REVERIE) Remote embodied
referring expres-
sion, domestic ser-
vice robot

2023 [32]

CKR+ CLIP 23.13% (REVERIE) Remote embodied
referring expres-
sion, domestic ser-
vice robot

2024 [33]

NavGPT GPT-3.5, BLIP-2 34% (R2R) Domestic service
robot

2024 [34]

LANA+ CLIP 70.1% (R2R) Instruction follow-
ing and genera-
tion, domestic ser-
vice robot

2024 [35]

ACK CLIP 59.1% (REVERIE) Remote embodied
referring expres-
sion, domestic ser-
vice robot

2024 [36]

CONSOLE ChatGPT, CLIP 72% (R2R) Domestic service
robot

2024 [37]

DISH CLIP 44.3% (R2R) Domestic service
robot

2024 [38]

A vision AI-based
HRC assembly ap-
proach

GPT-4 \ Human-robot col-
laboration

2024 [22]

A vision and lan-
guage cobot navi-
gation approach

GPT-3.5 \ Human-robot col-
laboration

2024 [39]

Outdoor LM-Nav CLIP, GPT-3 80% (custom dataset) Urban VLN 2022 [40]
VELMA CLIP, GPT-4 23.1% (Map2seq) Urban VLN 2024 [41]
VLN-VIDEO GPT-2 31.7% (Touchdown) Urban VLN 2024 [42]
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CLIP’s feature representations encode these primitives more effectively than

ImageNet-pretrained backbones. They proposed the EmbCLIP model, which

achieved a 47% task success rate in the RoboTHOR OBJECTNAV Challenge

2021. Korekata et al. [29] proposed SheFU, a model composed of switching

image embedder and funnel transformer. The proposed model can infer the

target object as well as the final destination separately and achieve a task suc-

cess rate of 83% in ALFRED-fc dataset. Hong et al. [30] presented Ego2-Map

based on ViT-B/16 model from CLIP for VLN in continuous environments and

could reach a 47% success rate in the R2R-CE dataset.

Apart from simple instruction-following tasks, some works focus on remote

embodied referring expression task, which means the instructor only gives

high-level instructions, and the robot needs to figure out the clear destination

by continuously asking questions according to the current state. Huang et al.

[31] presented VLMaps based on LSeg and GPT-3.5, in which they utilised

GPT-3.5 to generate Python code for robot navigation, and the method

reached a 62% success rate in their custom dataset. Qiao et al. [32] intro-

duced the MiC framework for the remote embodied referring expression task,

integrating CLIP for scene interpretation with GPT-2 for in-context learning,

and reported a task success rate of 55.74% on the REVERIE benchmark. Sim-

ilarly, Gao et al. [33] introduced CKR+ based on CLIP which could achieve

a 23.13% success rate in REVERIE dataset. Wang et al. [35] devised CLIP-

based LANA+ model which could mimic the human process of finding a path

through iterative question-and-answer interactions and reached a success

rate of 70.1% in R2R dataset. Mohammadi et al. [36] proposed the ACK

framework, which leverages a spatio-temporal knowledge graph encoding

commonsense information to improve navigation efficiency. In this design,

CLIP was applied to extract and rank scene- and object-related knowledge,

leading to a 59.1% task success rate on the REVERIE benchmark.

Recent efforts emphasize examining the reasoning potential of LLMs and

incorporating it into task planning for VLN scenarios. These studies seek to
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leverage the advanced language comprehension and generation capacities

of LLMs to enhance decision-making in challenging navigation scenarios.

By integrating LLMs with visual information, researchers seek to develop

advanced navigation systems capable of interpreting and responding to

dynamic scenarios. Zhou et al. [34] developed a purely LLM-based VLN

system based on GPT-3.5 and BLIP-2. This work innovatively explored GPT’s

zero-shot reasoning capabilities in complex environments and achieved a

34% task success rate on the R2R dataset without any training. Similarly, Lin

et al. [37] proposed CONSOLE based on ChatGPT and CLIP, and this model

gained a 72% success rate in R2R dataset.

Furthermore, VLMs can be leveraged to formulate strategies for robot learn-

ing in VLN tasks. This involves using VLMs to generate and optimise action

plans that guide robots through various navigation challenges. The adop-

tion of VLMs within robot learning enables improved comprehension of

multimodal information while enhancing robustness and efficiency in real

environments. Wang et al. [38] introduced a Reinforcement Learning (RL)

framework of discovering intrinsic subgoals via hierarchical (DISH) RL in

which CLIP’s image encoder was applied for visual feature extraction. This

method overcame the label annotation problem in reinforcement learning

and achieved a 44.3% task success rate in R2R dataset.

While models like EmbCLIP and SheFU demonstrate high task success rates

by effectively encoding visual features and predicting target locations, ap-

proaches such as VLMaps and MiC emphasize interactive question-asking

to improve task completion in more ambiguous scenarios. This highlights a

common trend toward integrating visual perception with dynamic linguistic

interaction, although the varying success rates underline the ongoing chal-

lenge of achieving consistency across different datasets and environments.

In the industrial sector, some works have also introduced LLM-based VLN for

HRC tasks. Liu et al. [22] utilised GPT-4 along with 3D object reconstruction
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and pose estimation methods in human-robot collaborative assembly tasks,

while Wang et al. [39] built a cobot navigation framework using GPT-3.5

combined with other visual methods to assist operators in tool retrieval and

placement in HRC. However, while these advancements showcase promis-

ing progress, the variability in success rates across different models and

datasets highlights a critical challenge in performance consistency, indicating

a need for improved generalisation and adaptability in dynamic real-world

environments.

Compared to indoor VLN, the outdoor VLN environment is typically more

open and expansive, with fewer constraints on movement. Outdoor land-

scapes can include a variety of terrains, weather conditions, and lighting

variations. The presence of dynamic elements such as vehicles and pedes-

trians adds to the complexity. The applications of outdoor VLN include

autonomous driving, robotic delivery, smart city management, rescue opera-

tions, and environmental monitoring. In the industrial sector, outdoor VLN

can also be employed for factory security patrols and logistics distribution be-

tween factory sites. Shah et al. [40] presented a system called LM-Nav based

on CLIP and GPT-3 for long-horizon navigation through outdoor and complex

environments and achieved an 80% success rate in their custom dataset.

Schumann et al. [41] introduced VELMA, which integrates CLIP with GPT-4

to exploit trajectory descriptions and visual scene observations as contextual

cues for predicting subsequent actions, achieving 23.10% task success on the

Map2seq dataset. Li et al. [42] introduced VLN-VIDEO, utilising urban driv-

ing videos combined with automatically generated navigation instructions

and actions to enhance outdoor VLN performance. GPT-2 was used to filter

out templates with low generation probability. They gained a 31.7% success

rate in the Touchdown dataset. Despite these advancements, the significant

variation in success rates indicates that outdoor VLN systems must address

the challenges of diverse environmental conditions and dynamic elements

more effectively to achieve reliable performance in real-world applications.
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Based on the above analysis, these methods have two drawbacks. Firstly,

these methods are limited to navigating to object landmarks based on 2D

top-down map, they did not consider subsequent operations on more fine-

grained targets. Secondly, while the currently proposed method works well

in the simulator, in the real world, it is affected by sensor noise, which results

in the aliasing of geometric detail in the reconstructed maps, thus failing to

accurately segment the navigation target.

2.2.3 VLM-based HRI for manipulation

VLMs have also been frequently leveraged in robotic manipulation tasks to

enable robots to perform physical tasks by parsing and understanding visual

inputs (such as images or videos) and language inputs (such as instructions

or descriptions). This type of interaction enables robots to execute more

flexible and adaptive operations in complex environments. The methodology

in manipulation is similar to navigation; it also requires environmental

representation, natural language instructions, and the robot’s initial state.

VLMs and LLMs can accomplish joint reasoning for visual perception and

language comprehension, while also facilitating further trajectory planning.

Recent works about VLMs/LLMs in robotic manipulation are provided in

Table 2.3.

For vision and language manipulation algorithms, current approaches pri-

marily utilise VLMs for scene understanding and LLMs for natural language

command comprehension, combined with planning algorithms to generate

trajectory key points or dense waypoints for the end-effector. These methods

can be categorised into two types: one involves designing complex prompts

for VLMs and LLMs to directly generate trajectories, referred to as planning-

based vision and language manipulation, and the other employs VLMs and

LLMs to assist in policy generation within robot learning to accomplish

manipulation tasks, known as learning-based vision and language manipu-
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Table 2.3: VLM-based Manipulation Methods

Method VLM/LLM Success rate Application Year Ref

CLIP-SemFeat CLIP 58.8% (LVIS) Scene rearrangement,
tabletop household
tasks

2022 [43]

Act3D CLIP ResNet50 83% (RLBENCH) Tabletop household
tasks

2023 [44]

CALAMARI CLIP 84% (RLBENCH) Contact-rich Manipula-
tion, tabletop household
tasks

2023 [45]

GNFactor Stable Diffusion, CLIP 31.7% (RLBENCH) Tabletop household
tasks

2023 [46]

GVCCI Grounding Entity Trans-
former (Get), Setting
Entity Transformer (Set)

50.98% (VGPI) Pick and place task,
tabletop household
tasks

2023 [47]

MOO Owl-ViT →50% (RT-1) Tabletop household
tasks

2023 [48]

PaLM-E PaLM-E 66.1% (OK-VQA) Tabletop household
tasks

2023 [49]

SMS ViLD, BLIP-2, SAM 41.7% (custom dataset) Mechanical search,
tabletop household
tasks

2023 [50]

Voxposer GPT-4, OWL-ViT, SAM 88% (RLBENCH) Tabletop household
tasks

2023 [51]

Vision-language guided
robotic planning

CLIP, GPT-4 93.3% (custom dataset) Human-robot collabora-
tion

2024 [23]
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lation. Regarding application scenarios, most work applying VLMs/LLMs to

robotic manipulation focuses on tabletop household tasks, with some studies

extending their use to industrial settings.

Planning-based vision and language manipulation is an approach in robotic

manipulation where VLMs and LLMs are utilised to generate precise move-

ment trajectories for robotic tasks. The technique relies on carefully formu-

lated language instructions, which enable large language models to output

detailed motion sequences for the end-effector. Goodwin et al. [43] intro-

duced CLIP-SemFeat, a method for tabletop scene rearrangement that exploits

CLIP to address cross-instance matching, achieving a 58.5% success rate on

the LVIS dataset. Driess et al. [49] proposed PaLM-E, a vision-language

model for robotic manipulation that transfers multimodal knowledge into

actionable reasoning, allowing robots to plan under challenging dynamics

and constraints while answering queries about their surroundings. PaLM-

E could achieve a 66.1% task success rate in OK-VQA dataset. Sharma et

al. [50] presented SME consisting of ViLD, BLIP-2 and SAM for mechanic

searching for tabletop household tasks, and could reach a 41.7% task success

rate in the custom dataset. Huang et al. [51] proposed a novel framework

named Voxposer for model-based planning. This framework utilised ViLD

for object detection, SAM for semantic segmentation, and GPT-4 for rea-

soning and planning. VoxPoser achieves waypoint-level accuracy in robotic

arm trajectory planning, thereby enhancing the adaptability of manipulation

tasks. It achieved an 88% task success rate in the RLBENCH tasks. While

these approaches demonstrate significant progress in household settings, the

current methods often lack the precision required for complex industrial

tasks, underscoring the need for further research to enhance motion planning

precision and extend their applicability to industrial environments.

Learning-based vision and language manipulation is an approach where

VLMs and LLMs are used to assist in generating policies for robot learn-

ing. Rather than producing motion paths explicitly, the approach aims to
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learn control strategies that allow robots to acquire manipulation skills by

interacting with their surroundings. Gervet et al. [44] proposed Act3D,

utilising CLIP ResNet50 and leveraging their shared vision-language feature

space to interpret instructions and foundational references for learning-from-

demonstration tasks. They achieved an average success rate of 83% in

RLBENCH tasks. Wi et al. [45] introduced CALAMARI for contact manipula-

tion in household environments based on CLIP and obtained a success rate

of 90% in the wipe_desk task, 84% in the sweep_to_dustpan task, and 60%

in the push_button task in their custom industrial dataset. In the industrial

sector, VLM-based manipulation, in addition to completing HRC assembly

tasks, has potential value in warehouse management, equipment mainte-

nance, flexible production line adjustments, and item sorting, and is worth

further exploration.

It is important to note that while planning-based methods like CLIP-SemFeat

[43] and Voxposer [51] excel in task success rates for household tasks, they

often struggle with the precision required for industrial applications. In

contrast, learning-based approaches such as Act3D [44] and CALAMARI [45]

show promise in adaptability through learning from interactions but display

variability in success rates across different tasks. Identifying these trends and

common challenges suggests a potential for integrating the strengths of both

approaches to improve precision and adaptability, particularly in transition-

ing from household to industrial applications. This synthesis highlights a

critical trend towards developing hybrid models that can bridge current gaps,

offering a more robust solution across varied environments. The adaptation

of VLM-based manipulation from household to industrial applications faces

challenges such as the need for higher precision, robustness in diverse condi-

tions, and integration with existing industrial systems, indicating significant

opportunities for future research to bridge these gaps and fully realise its

potential in industrial settings.
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Although current VLM-based robot manipulation approaches have made

significant progress, they still exhibit several common limitations. Firstly,

most of the robot manipulation work in industry predominantly focuses on

the execution phase of robotic actions, neglecting the pivotal role of precise

visual affordance representation during the perception phase within the

entire pipeline of robotic tool-use tasks. This oversight limits the methods’

interactivity, intelligence, and capability for precise manipulation. Secondly,

there is a scarcity of research that simultaneously addresses the full spectrum

of affordances involved in a comprehensive robotic operation pipeline, such as

graspable, functional, and movement affordances, rendering it challenging to

directly transfer existing work to robotic manipulation tasks. Thirdly, current

foundation-model based manipulation approaches possess only rudimentary

affordance representations that can handle everyday tasks such as opening

drawers to store items or pouring water from a teapot. They are inadequate

for industrial tasks requiring precise manipulation.

2.3 Research gaps

The above review of existing literature presents a brief glimpse of the current

application status of vision-language-based HRI techniques in HRC environ-

ments. Some limitations and research gaps have also been revealed through

the review process and are summarized here.

2.3.1 VLM-based HRI for task planning

Firstly, whether using direct IO strategies or CoT reasoning, global planning

is still restricted to a coarse-grained understanding of tasks, while detailed

planning remains bound to predefined, robot-specific action primitives, often

tailored to a single platform.
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Secondly, despite progress in multimodal reasoning combining visual and

textual inputs, plans generated by LLMs often exhibit hallucinations, am-

biguities, and insufficiently detailed instructions, making them unsuitable

for reliable robotic execution. Approaches capable of bridging this gap—by

uniting global task planning with fine-grained information representation,

robust vision-grounded reasoning, and the generation of robot-executable

plans—have not yet been fully explored.

2.3.2 VLM-based HRI for navigation

Firstly, learning-based VLN methods heavily rely on data and are constrained

by the availability of a fixed number of scenes for training. This limitation

prevents them from effectively addressing the challenges of realistic applica-

tion scenarios, where objects may exist outside the pre-defined domains and

language instructions can be more diverse.

Secondly, although the current method shows promising performance in

simulated environments, it faces challenges when applied in real-world

scenarios due to sensor noise. This noise can lead to the loss of geometric

details in the reconstructed maps, resulting in inaccurate segmentation of the

navigation target.

2.3.3 VLM-based HRI for manipulation

Firstly, most of the robot manipulation work in industry predominantly

focuses on the execution phase of robotic actions, neglecting the pivotal

role of precise visual affordance representation during the perception phase

within the entire pipeline of robotic tool-use tasks. This oversight limits the

methods’ interactivity, intelligence, and capability for precise manipulation.
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Secondly, there is a scarcity of research that simultaneously addresses the

full spectrum of affordances involved in a comprehensive robotic operation

pipeline, such as graspable, functional, and movement affordances, rendering

it challenging to directly transfer existing work to robotic manipulation

tasks.

Thirdly, current foundation-model based manipulation approaches possess

only rudimentary affordance representations that can handle everyday tasks

such as opening drawers to store items or pouring water from a teapot. They

are inadequate for industrial tasks requiring precise manipulation.
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3Task Planning in Unforeseen

Scenarios for Human-centric Smart

Manufacturing: A Coarse-to-Fine

Vision-Grounded Chain-of-Thought

Reasoning Approach

3.1 Introduction

Industry 5.0 advocates for manufacturing systems that embody human-

centricity, sustainability, and resilience [52]. In response to the growing

demand for mass customization, smart manufacturing systems are expected

to evolve toward flexible and adaptive operational models that enable close

collaboration between humans and manufacturing systems and dynamic

adaptation to changing environments, all while keeping human well-being

and values at the core of system design. In this case, HRC becomes an

indispensable component. It emphasizes the integration of human decision-

making and reasoning abilities with the precision and speed of machine

task execution, thereby enabling improved production quality and through-

put [16]. In this context, task planning plays a crucial role in the whole

HRC system, which involves interpreting human instructions and combining

them with the current task requirements and environmental conditions to

determine the robot’s next actions [53, 54].
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In most manufacturing processes, task planning is typically regarded as a goal-

oriented optimization problem [55, 56]. Existing approaches primarily focus

on leveraging complex rule-based methods, optimization algorithms, or rein-

forcement learning techniques to achieve optimal system performance—such

as minimizing makespan, maximizing resource utilization, or balancing work-

load—in relatively structured and well-defined environments using deter-

ministic information [57, 58, 59]. While traditional task planning methods

excel in structured environments with well-defined states, they struggle with

the inherent uncertainties and rich contextual cues present in real-world

manufacturing settings.

The remarkable evolution of LLMs and VLMs has enabled the extraction

of extensive commonsense knowledge from heterogeneous web-based data

sources [60]. This accumulated knowledge base presents substantial op-

portunities for embodied intelligent agents, facilitating the generation of

executable task plans that align with human instructions expressed through

natural language interfaces and current environments [61]. In this case, these

foundation models demonstrate exceptional capabilities in open-set problems

and contextual reasoning within unstructured visual environments, making

them well-suited for handling unforeseen or rare anomalies in task plan-

ning scenarios that cannot be directly formulated as traditional optimization

problems [62].

Recent progress in task planning with LLMs and VLMs has substantially

advanced HRI and smart manufacturing. The prevailing paradigm lever-

ages prompts containing primitive information that explicitly delineates the

desired output content and structure, enabling the model to produce task

plans directly [23, 22, 27, 20]. Building on such prompt-based input–output

methods, a growing body of research has enhanced contextual reasoning ac-

curacy by employing CoT prompting and related variants. These approaches

systematically guide the model through intermediate inference steps, yielding

more coherent and structured task plans. In parallel, other studies augment
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LLM reasoning with external structured modules—such as knowledge graphs,

symbolic planners, or environment simulators—to improve reliability and

ensure consistency with real-world constraints [19, 21, 24, 25, 26]. Despite

these advances, whether through direct IO methods or CoT-based reasoning,

most existing global planning strategies remain limited to high-level abstrac-

tions, while fine-grained planning is often restricted to predefined action

primitives designed for specific robot platforms. This misalignment impedes

the realization of flexible, executable, and interactive planning systems that

can adapt to heterogeneous multi-agent environments and dynamic opera-

tional contexts. Moreover, even when integrating multimodal reasoning that

combines visual and textual information, VLM-generated plans often contain

hallucinations and imprecise directives, failing to achieve the accuracy and

clarity required for reliable robotic execution.

To fill the gaps, we proposed a coarse-to-fine vision-grounded chain-of-

thought reasoning approach for human-robot interactive task planning for

unforeseen scenarios. This approach comprises two essential components:

multi-granularity visual parsing and coarse-to-fine CoT reasoning. The multi-

granularity visual parsing enables hierarchical segmentation and the gen-

eration of mark_ids, allowing the VLM to reason effectively based on these

identifiers and produce clear operational instructions. The coarse-to-fine

CoT framework seamlessly integrates global scene understanding with local

perspective analysis, facilitating joint reasoning and the generation of stable,

executable task plans.

3.2 Methodology
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3.2.1 Problem description

We consider task planning in human-centric smart manufacturing cells operat-

ing under unforeseen scenarios, where the environment, resource availability,

and human activities may deviate from nominal assumptions without prior

enumeration. Let the cell be observed through a visual stream; for a sin-

gle decision epoch we denote the RGB observation by I ↑ RH→W →3, and a

high-level natural-language goal by q ↑ !↑. The planner must produce an

executable plan

P =
(
ω1, ω2, . . . , ωT

)
, ωt =

(
at, ot, rt

)
, (3.1)

where at ↑ A is an atomic skill from a finite library (e.g., pick, place, inspect,

dock), ot is a grounded target (object/region) in the current scene, and rt

denotes resource assignments (tooling, fixtures, AGV/robot endpoints). The

plan must satisfy hard constraints capturing human safety, process feasibility,

and resource capacities:

Csafety(P, I) ↓ 0, Cproc(P ) ↓ 0, Ccap(P ) ↓ 0, (3.2)

including precedence constraints modeled by a partial order (T , ↔) over

subtasks implied by q.

In practice, the environment is partially observed and non-stationary due

to human motion and occlusions. We adopt a perception-guided grounding

interface that converts I into a finite set of actionable, referable entities via

multi-granularity segmentation:

”c(I) ↗ G
c
, ”f(I, R) ↗ G

f(R), (3.3)
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where ”c yields coarse instance/region proposals G
c, R ↘ G

c is a selected

subset of regions of interest, and ”f refines within R to produce fine-level

segments G
f(R). Each segment g ↑ G

c
≃ G

f(R) is assigned a unique marker

m(g) that supports unambiguous linguistic reference and downstream action

binding.

Because exhaustive plan search is combinatorial—|A|
T in the worst case—and

grounding under shift is brittle, we employ a coarse-to-fine chain-of-thought

(CoT) reasoning paradigm to structure the plan search space. Concretely, we

define selection rules such as availability and accessibility for risk-aware plan

selection

Fω

(
P

∣∣∣ q, I, M

)
(3.4)

where M = {m(g)} is the set of visual markers and Fω is induced by a

vision-language reasoner prompted to produce explicit intermediate ratio-

nales. The desired solution is then

P
ε

↑ arg max
P ↓F(I,q)

Fω

(
P

∣∣∣ q, I, M

)
, (3.5)

computed via a two-stage CoT process: (i) coarse planning that selects and

orders macro-subtasks over G
c to satisfy precedence and safety, and (ii) fine

planning that resolves object/tool choices and motion-level bindings using

G
f(R). This formulation captures the core requirement: generate safe, feasi-

ble, and robust plans that adapt to unforeseen visual and operational varia-

tions by iteratively narrowing the hypothesis space with perception-anchored,

language-mediated reasoning.

3.2.2 Framework

We proposed coarse-to-fine, vision-grounded CoT reasoning framework that

maps the perceptual input I, goal q, and optional context c into an executable

plan P , as shown in Fig. 3.1. The framework consists of two critical compo-
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nents: (i) multi-granularity segmentation and numeric marker generation,

(ii) vision-grounded CoT prompting for coarse situational reasoning with

region-of-interest (ROI) selection, and fine task reasoning with grounded

actuation binding. Both coarse and fine reasoning operate strictly on seg-

mented and marked images to ensure unambiguous visual grounding: the

coarse stage uses a global view, and the fine stage uses localized, detail-rich

views targeted to the planned object of interaction.

Anomaly 
detection

Global & local view image

High-level natural 
language goal

Coarse-granularity 
segmentation

Marker generation

Coarse situational 
reasoning

Fine-granularity 
segmentation

Marker generation

…

Selection of Coarse ROIs

Fine task-specific 
reasoning

Per-ROI plan candidates

Coarse – To – Fine CoT Reasoning

Multi-granularity Image Parsing

Risk-aware 
objective

Action Sequences

Agv[1].move_to_obj(“shelf”)
Arm[1].pick_obj(“screwdriver”)
Arm[1].place_obj(“AGV”)
Agv[1].move_to_obj(“cabinet”)
Arm[1].pick_obj(“nail”)
Arm[1].place_obj(“AGV”)
…

Fig. 3.1: Framework of coarse-to-fine vision-grounded chain-of-thought reasoning
approach.

Formally, the perception component produces discrete, referable entities at

two granularities:

”c(I) =
(
G

c
, M, M(c)

)
, #c = #

(
I, M(c)

)
, (3.6)

where G
c are coarse segments, M = {m(g)} are numeric markers, M(c) are

binary masks, and #(·) renders edges and labels on the image (cf. Section 3).

Coarse CoT prompting consumes only the marked global image:

εc = fc
(
qc, #c

)

⇐

(
priority_assessment, resource_distribution, . . .

)
,

(3.7)
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followed by deterministic selection of coarse ROIs via

R = Sel
(
roi_ids, G

c
)
, (3.8)

For each g ↑ R, we collected the fine, task-aligned view image I
↔
g

according

to different tasks. For navigation, I
↔
g

centers on the relevant lane/zone region,

whereas for manipulation it centers on the target workstation/tool workspace.

Fine-granularity segmentation and marking then yield

”f
(
I

↔
g

)
=

(
G

f(g), M
↔(g), M(f)(g)

)
, (3.9)

#f(g) = #
(
I

↔
g
, M(f)(g)

)
. (3.10)

Fine CoT prompting is performed exclusively on the marked fine view with

coarse context:

h(g) = ff

(
q

(r,t)
f , #f(g), ϑ(εc), m(g)

)
, (3.11)

where ϑ(εc) is the coarse summary string used for conditioning, and h(g)
is a JSON-structured hypothesis containing at least the action and target

marker. Aggregating per-ROI hypotheses forms a finite candidate set Pcand,

sequenced according to commands and the precedence relation (T , ↔) implied

by (q, c).

Finally, we select the executable plan using the risk-aware objective defined in

formula 3.4. This two-component design enforces a strict grounding contract:

every coarse and fine reasoning step operates on the corresponding parsed

image #c or #f(g), ensuring that all references in P are discrete, numeric,

and traceable to pixel-level supports, while task-aware fine views supply the

detail necessary for robust action binding in unforeseen scenarios.
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3.2.3 Multi-granularity visual parsing

Multi-granularity visual parsing, derived from SoM [63], enables images to

be segmented and annotated at multiple levels of granularity. This hierar-

chical representation provides richer structural information, which in turn

supports and enhances the reasoning capabilities of VLMs. We implement

the perception interfaces ”c and ”f through a hierarchical neural parsing

pipeline that converts RGB observations into discrete, numerically-indexed

object references, as shown in Fig. 3.2.

Patch Embedding

Swin Block Layer

Swin Transformer

Feature Pyramid 
Network

Position Encoding

x6

Deformable 
Attention Layer

Feed Forward 
Network

Feature
Res3

Feature
Res2

Feature
Res4

Feature
Res5

Deformable Transformer

Point prompts

Multi-head 
Cross Attention

Feed Forward 
Network

x9

Query Generation

Multi-scale Representations

Interactive Mask DINO

IoU Filtering

Stability Filtering

Non-Maximum 
Suppression

Small Region 
Removal

Masks

IoU 
Predictions

Post-processing Final Mask Collection

Patch Merging

Swin Block Layer

Patch Merging

Swin Block Layer

Patch Merging

Swin Block Layer
Raw image

Fig. 3.2: Multi-granularity visual parsing [63].

The core architecture employs a Swin Transformer backbone [64] followed by

a deformable attention encoder [65] and an Interactive Mask DINO decoder

[66], enabling controllable granularity through slider-based model selection

and level-conditioned inference.

Backbone feature extraction. Given an input image I ↑ RH→W →3, we

first apply patch embedding with 4 ⇒ 4 patches to obtain initial tokens of
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dimension 192. The Swin Transformer backbone processes these through

four hierarchical stages:

S1: SwinBlock(1)(d = 2, h = 6) ↗ res2 ↑ RH/4→W/4→192

S2: PatchMerge + SwinBlock(2)(d = 2, h = 12) ↗ res3 ↑ RH/8→W/8→384

S3: PatchMerge + SwinBlock(3)(d = 18, h = 24) ↗ res4 ↑ RH/16→W/16→768

S4: PatchMerge + SwinBlock(4)(d = 2, h = 48) ↗ res5 ↑ RH/32→W/32→1536

(3.12)

where d denotes layer depth, h the number of attention heads, and each stage

employs 12 ⇒ 12 sliding windows for efficient local attention computation.

Deformable attention enhancement. The multi-resolution features {res3, res4, res5}

are passed through a Feature Pyramid Network [67] to align dimensions

to 256, followed by 2D positional encoding. Six deformable transformer

encoder layers then produce enhanced representations:

F(ϑ+1) = FFN
(

F(ϑ) + MSDeformAttn(F(ϑ); 8 heads, 4 levels, 4 points)
)

,

ϖ = 0, . . . , 5
(3.13)

where F(0) represents the FPN-aligned features and each deformable attention

layer aggregates information across spatial locations and scale levels with

learnable offsets.

Interactive mask generation. Point prompts P ↑ RN→4 (with coordi-

nates and scale factors) are converted to learnable object queries. These

queries undergo nine transformer decoder layers, each containing multi-head
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self-attention, cross-attention with enhanced features F(6), and feed-forward

processing:

Q(ϑ+1) = MHA(Q(ϑ)) + Q(ϑ)

Q(ϑ+1) = CrossAttn(Q(ϑ+1)
, F(6)) + Q(ϑ+1)

Q(ϑ+1) = FFN(Q(ϑ+1)) + Q(ϑ+1)
, ϖ = 0, . . . , 8.

(3.14)

The final queries are passed to dual prediction heads: a mask MLP generating

logits Mraw ↑ RN→H→W and an IoU head producing quality scores SIoU ↑

RN .

Then the granularity control is applied via a level parameter ϖ ↑ {1, 2, 3, 4, 5, 6}

that controls instance granularity within Semantic-SAM.

Post-processing. Raw masks undergo a cascaded quality control pipeline:

IoU filtering (SIoU > 0.88), stability scoring (stability(M) ⇑ 0.92), non-maximum

suppression (IoU threshold 0.7), and small region removal (area < 10 pixels).

Surviving masks are sorted by area in descending order and assigned unique

integer markers:

m(gi) = i, i = 1, . . . , K, (3.15)

where K ↓ Kc is the number of quality-filtered segments. Geometric descrip-

tors are computed as

µi = 1
|gi|

∑

(x,y)↓gi




x

y



 , Bi = bbox(gi) ⇓ $, (3.16)

supporting centroid-based marker placement and ROI-conditioned cropping

for fine-stage analysis.

To ensure unambiguous reference, we render edge outlines and numeric

labels through

E(Mi) = Dilate(Mi, k = max(2, ⇔min(H, W )/256↖ + 2)) \ Mi, (3.17)
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where morphological dilation creates bold boundaries, and integer labels

m(gi) are overlaid at centroids µi using adaptive font sizing. The marked

image is

#c = #(I, M(c)) = Composite(I, {E(Mi)}, {µi}, {m(gi)}), (3.18)

providing the discrete reference interface required by downstream CoT

prompting. Optional category-aware highlighting Hi(I, M) can be applied

without altering G
c to emphasize safety-critical assets (workstations, mobile

robots) via single-shot VLM classification and selective edge rendering.

The complete coarse parsing yields ”c(I) = (Gc
, M, M(c)) where M =

{1, . . . , K} are numeric markers, and the fine parsing ”f(I ↔
, R) = (Gf(R), M

↔
, M(f))

operates on task-aligned crops I
↔ = ϱr,t(I, g, c) to provide high-resolution de-

tail. This ensures that every object reference in the candidate plan set Pcand

corresponds to a numerically-indexed, pixel-grounded region, enabling pre-

cise actuation binding while maintaining referential consistency across the

coarse-to-fine reasoning pipeline.

3.2.4 Coarse-to-fine CoT prompting

We operationalize the scoring functional Fω with a vision-language reasoner

that is constrained to produce JSON-structured outputs grounded in the

discrete marker space M≃M
↔. The prompting scheme follows a coarse-to-fine

CoT contract in which intermediate rationales are elicited implicitly to guide

selection over Pcand, while the emitted API output remains machine-readable

and action-ready, as shown in Fig. 3.3.

We define two prompt families:
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Check for 
production line 
blockage risks

# Coarse Prompt
Assess manufacturing status
Use numeric marks
Output: priority, status, roi_ids

# Observe
Mark_13…: AGV at workstation
...
Mark_46: Operator present

# Analyze
Priority: High bottleneck
Safety: Clear paths

# Conclude
Focus: Marks [13,46]
Action: Material refill
Monitor: AGV routing

Context: Priority=high, 
roi_ids: [3,7,12]}

# Fine Prompt (Navigation)
Navigate AGV safely to targe
Context: Priority=high, shortage
Return: target_mark_id, coords
Consider: traffic rules

# Analyze
Mark_28…: Docking point
Avoid Mark_36… obstacle
Target: Mark_28
…
# Conclude
action: navigate_to_dock…
target_mark_id: 28…

Fine Prompt (Manipulation)
Select assembly components
Context: Priority=high, shortage
Return: target_mark_id, coords
Consider: tool availability

# Analyze
Mark_44: Component bin
Check Mark_25… tool ready
Target: Mark_25
…
# Conclude
action: pick_component…
target_mark_id: 25…

Risk-aware Selection

…

Navigation Plan:
step1=(AGV[0], navigate_to_dock, Mark_28)
step2=(AGV[0], load_material, Mark_28)
step3=(AGV[0], navigate_to_station,Mark_47)
…

Manipulation Plan:
step1=(Arm[1], pick_component, Mark_25)
step2=(Arm[1], move_to_assembly, Mark_57)
step3=(Arm[1], assemble_part,Mark_57)
…

Integrated Plan:
P* = [Navigation_sequence] + [Manipulation_sequence]
= (navigate -> load -> transport -> pick -> assemble -> finish)

Fig. 3.3: Coarse-to-fine CoT prompting.
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Coarse: fc(qc, I, M) ↙ εc ⇐

(
priority_assessment,

resource_distribution, commands, roi_ids, . . .

)
,

Fine: ff
(
q

(r,t)
f , I

↔
, M

↔
, ϑ(εc), m(g)

)
↙ h ⇐

(
action,

target_mark_id, parameters, . . .

)
,

(3.19)

where qc and q
(r,t)
f are task-conditioned natural-language templates selected

from a curated library for coarse “global monitoring” and fine “naviga-

tion/manipulation” subtasks, respectively; r ↑ {navigation, manipulation},

task t is one of the supported modes (intersection, docking, zone, assembly,

picking, tool). The coarse-stage summary εc is deterministically compressed

into ϑ(εc) and injected as conditioning for the fine prompts.

Each prompt is paired with parsed and marked images to enforce referential

grounding. Let #(I, M) denote the rendered image with numeric labels and

outlines. The VLM input at the coarse stage is

Uc =
(
Ssys, qc ⇓ “Use numeric marks when referring to regions.”, #(I, M)

)
,

(3.20)

and at the fine stage for ROI g ↑ R,

Uf(g) =
(
Ssys, ϑ(εc) ⇓ q

(r,t)
f ⇓ “Return ’target_mark_id’.”, #(I ↔

, M↔)
)
.

(3.21)

The system instruction Ssys enforces JSON-only responses and reiterates the

numeric-marker convention. Low sampling temperature (ω ∝ 0.1) is used to

stabilize decoding under distribution shift.
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Coarse reasoning proposes R = Sel(εc) with indices roi_ids ↘ M. Fine

prompting then iterates over ROIs to form hypotheses

H =
⋃

g↓R
ff

(
q

(r,t)
f , I

↔
g
, M

↔
, ϑ(εc), m(g)

)
, (3.22)

where each h ↑ H specifies a grounded skill instance ω = (a, o, r) with

object/region binding

o ⇐

(
m(g), p(g)

)
, p(g) ↑ R2 inside the mask of g. (3.23)

If R = ⊋, a single fine hypothesis is produced on #(I ↔
, M↔) with the same

output contract.

To align with constraints F(I, q), prompts include explicit guardrails: (i) prior-

itize human safety and traffic rules in navigation, (ii) respect tool/workstation

availability in manipulation, and (iii) surface abnormal workstation states

in ϑ(εc). These cues bias pω(Z | U) toward rationales that reduce the risk

penalty Risk(P ; I, q), operationalized via the instruction design and the ROI

highlighting prior. Finally the plan selection objective is evaluated by task

risk, as shown in formula 3.4. The numeric-marker contract ensures that

every action reference in P is unambiguous and traceable back to a pixel-level

support, closing the loop between perception, CoT prompting, and risk-aware

plan selection.

3.3 Experiments

3.3.1 Multi-granularity visual parsing

The role of visual parsing lies in task-driven segmentation and annotation

of visual observations from both the global workshop perspective and the

robot’s local viewpoint. It serves as the foundation of the entire methodolog-
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ical pipeline and is critical for subsequent vision-grounded CoT reasoning.

Given that this work specifically targets reasoning in unforeseen scenarios

and conditions, the experiments primarily focus on evaluating the model’s

reasoning performance from both global and local perspectives in previously

unseen visual observations.

Experiment settings

To evaluate the model’s accuracy, we collected images from the web depicting

global views of factory workshops along with corresponding local views

of workstations or transport areas. We then applied data augmentation

techniques, including brightness adjustment and image flipping. A zero-shot

test corpus comprising 910 images was constructed to evaluate the model’s

ability to reason in scenarios not encountered during training.

The primary evaluation metric for assessing the model’s reasoning accuracy is

its ability to correctly generate the task-related target IDs. Additional metrics

include reasoning time and consistency across multiple reasoning attempts.

In current smart manufacturing tasks, although industrial robots may vary

widely in form and function depending on the task, production line setup,

and environmental complexity, their core functionalities can generally be

categorized into two types: manipulation and navigation, corresponding

respectively to robotic arms and mobile robots. For coarse reasoning from

the global perspective, the primary objective is to identify the ROI, which

is essential for subsequently invoking the corresponding local view for fine-

grained reasoning. Therefore, in the global-view reasoning stage, we focus on

identifying key targets within the manipulation zone, specifically robotic arms,

and within the navigation zone, namely mobile robots. Regarding the visual

parsing of the local view, its primary function is to facilitate the generation of

executable plans for each specific robot. Therefore, the inference should focus

on identifying parts on the workbench and navigable areas as navigation
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targets. In addition, we defined five levels of complexity based on the number

of targets present in the scene, and evaluated the inference results of both

global and local view visual parsing for each complexity level.

Global-view visual parsing

The overall inference performance for ROIs located in the robot arm worksta-

tion and the mobile robot platform is presented in Table3.1.

Table 3.1: Global view parsing performance

ROI Precision Recall F1-score Consistency Inference time

Robot arm workstation 64.51% 56.92% 59.65% 90.09% 3.42s
Mobile robot platform 74.35% 61.11% 65.47% 97.44% 3.81s

As shown in Table3.1, in the global view parsing task, the inference accuracy

for ROIs in the Mobile Robot Zone is generally higher than that for ROIs

in the Robot Arm Zone. However, both categories achieve accuracy levels

above 50%, which is quite remarkable in a zero-shot evaluation setting. The

discrepancy between the two types of ROIs primarily stems from differences

in the factory environment. The space in the robot arm manipulation zone

is typically more confined and cluttered, making visual parsing more chal-

lenging. In contrast, the mobile robot platform zone is usually more spacious

to allow for robot navigation, providing clearer visual cues for the model.

The model’s consistency is measured by calculating the correlation between

two inference passes. The results show that both types of ROIs achieve over

90% consistency, indicating that the model demonstrates robust performance

across repeated inferences.

Tables3.2 and Table3.3 provide a more detailed breakdown of the perfor-

mance of visual parsing models under varying levels of scene complexity. In

this context, a higher level indicates a greater number of targets present in

the observation, corresponding to increased scene complexity.
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Table 3.2: Global view parsing - robot arm workstation

Complexity level Precision Recall F1-score

level1 83.33% 75.00% 78.95%
level2 65.38% 56.67% 60.71%
level3 53.33% 60.00% 56.47%
level4 62.50% 50.00% 55.55%
level5 75.00% 30.00% 42.86%

Table 3.3: Global view parsing - mobile robot platform

Complexity level Precision Recall F1-score

level1 73.91% 85.00% 79.07%
level2 76.92% 66.67% 71.43%
level3 53.66% 55.00% 54.32%
level4 82.85% 58.00% 68.26%
level5 100.00% 25.00% 40.00%

As shown in Tables3.2 and Table3.3, as the scene complexity increases, the

model’s inference precision remains relatively stable. This indicates that the

model does not tend to misidentify ROI information even in more complex

scenes. However, recall drops significantly with increasing complexity, sug-

gesting that the model tends to miss more ROI information in such scenarios,

which in turn leads to a decline in overall inference performance.

Local view visual parsing

Unlike the global view, the local view is based on predefined ROIs and

involves parsing local observations obtained from specific robots or regions.

Compared to global view observations, local views contain more detailed

information, which increases the complexity and difficulty of the inference

process.

Table 3.4: Local view parsing performance

ROI Precision Recall F1-score Consistency Inference time

Manipulation zone 55.80% 27.27% 36.28% 75.43% 3.62s
Navigation zone 54.92% 35.00% 41.49% 95.97% 4.46s
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Table3.4 presents the parsing performance under the local view setting,

based on observations collected separately from the manipulation zone and

the navigation zone. Compared to the performance of the global view, the

local view exhibits slightly lower results due to its higher sensitivity to fine-

grained details. The consistency in the navigation zone remains relatively

high, exceeding 90%; however, in the manipulation zone, consistency drops

to 75.43%, indicating a decline in the model’s robustness when parsing

fine-grained details. Nonetheless, the inference time remains approximately

constant at around 4 seconds.

Table 3.5: Local view parsing - manipulation zone

Complexity level Precision Recall F1 score

level1 64.71% 36.67% 46.81%
level2 47.06% 26.67% 34.04%
level3 46.15% 20.00% 27.91%
level4 40.00% 20.00% 26.67%
level5 100.00% 30.00% 46.15%

Table 3.6: Local view parsing - navigation zone

Complexity level Precision Recall F1 score

level1 75.00% 60.00% 66.67%
level2 50.00% 16.67% 25.00%
level3 42.86% 22.50% 29.51%
level4 47.62% 50.00% 48.79%
level5 63.64% 35.00% 45.16%

Table3.5 and Table3.6 illustrate that as complexity increases, precision re-

mains relatively stable while recall declines significantly. This trend is con-

sistent with that observed in the global view, suggesting that increased

complexity does not lead to a higher rate of false positives, but rather re-

sults in more missed detections, thereby diminishing the overall inference

performance.

Fig. 3.4 presents the visualization results of multi-granularity image pars-

ing. In Fig. 3.4(a), six different parsing granularities of the global view are

displayed. The figure illustrates that the global perspective encompasses
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Granularity 1 Granularity 2 Granularity 3

Granularity 4 Granularity 5 Granularity 6

(a) Multi-granularity image parsing for global view

(b) Multi-granularity image parsing for local view

Granularity 1 Granularity 2 Granularity 3

Granularity 4 Granularity 5 Granularity 6

Fig. 3.4: Visualization of multi-granularity in global and local views.
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abundant information: granularities 1 and 2 are overly sparse and fail to cap-

ture critical details, whereas granularity 6 is excessively dense and introduces

redundant information. Consequently, granularities 4 and 5 provide the most

appropriate fine-grained representations for this perspective. Fig. 3.4(b)

depicts the parsing results of six granularities for the local view. Because the

local perspective contains relatively limited content with higher resolution,

granularity 6 proves most effective, as it retains all essential information

and enables clearer inference. The proposed multi-granularity visual pars-

ing approach enables the model to adapt to diverse visual perspectives and

accurately capture the most informative features, thereby facilitating and

enhancing coarse-to-fine cot prompting.

3.3.2 Coarse-to-fine CoT prompting

A series of ablation studies were undertaken to examine the role of each

component within the marked image-based vision-grounded CoT approach.

Evaluations covered several dimensions such as accuracy of outputs, rate of

completion, and computational latency.

Experiment settings

In this work, 10 different manufacturing scenarios and tasks were designed to

evaluate the method’s capabilities in both coarse and fine-grained reasoning.

GPT-4o [68] was selected as the VLM to perform reasoning on the input

marked image. The evaluation metrics include: fields completion rate, preci-

sion, constraint compliance rate, response length, and inference time. Fields

completion rate is the proportion of outputs containing all condition-specific

required JSON fields. Precision calculated as a normalized spatial accuracy

score tied to task stringency and grounding. Constraint compliance rate

means the fraction of responses that evidence adherence to at least half of

the specified rule categories via rule–keyword matches (e.g., safety, precision,
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identification, alignment). Response Length is the character count of the

returned content. Also, the end-to-end latency per query is considered as the

inference time. Table3.7 presents the average performance of the three types

of methods across 10 experimental runs.

Table 3.7: Ablation study

Method Fields
complete rate Precision Constraint

compliance rate
Response

length
Inference

time

Raw image +
Decision making 0.60 0.10 0.00 115.2 7.05s

Raw image + CoT +
Decision making 0.60 0.12 0.10 1041.5 15.17s

Marked image + CoT +
Decision making 0.90 0.60 0.80 1244.0 15.64s

Ablation study

As shown in Table3.7, the ablation study demonstrates that reasoning based

on the marked image combined with COT prompting substantially enhances

performance across multiple critical metrics. Incorporating visual indicators

markedly enhances both accuracy and success rates in task execution, indi-

cating that explicit visual cues are fundamental for the model’s information

processing and handling of complex activities. Moreover, the evident rise

in adherence to constraints demonstrates that this approach substantially

enhances the model’s ability to operate within predefined boundaries, a

factor essential for dependable use in structured settings. However, these

performance gains come at a computational cost: the additional processing

required for CoT-based reasoning results in a near doubling of inference time

compared to simpler decision-making approaches. The substantial expansion

in response length further suggests that CoT enables more comprehensive and

explicit reasoning pathways, albeit with increased computational overhead.

These findings collectively underscore the value of multimodal reasoning in-

corporating both visual markers and structured thought processes, while also
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emphasizing the need for optimized implementations to balance accuracy

with operational efficiency in real-time applications.

Raw image + VLM decision making

Task: Navigate AGV to the workstation and  
load load some gear pump base materials. 

Constraints: precision_alignment, 
load_capacity_verification, safety_clearance.

Input

Output

Raw image Marked image

Raw image + CoT reasoning +  VLM decision making Marked image + CoT reasoning +  VLM decision makingX X

Fig. 3.5: Demo of ablation experiment results.

Fig. 3.5 illustrates the impact of CoT reasoning and the use of marked

images on inference outcomes for the same image and identical task. If

the VLM is prompted to reason directly over the raw image, the output

tends to be very brief and generic, which makes the commands unusable

for robotic execution, as they lack actionable detail. In contrast, when CoT

reasoning is applied on the raw image, the generated content contains richer
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details and more precise reasoning. However, even with detailed language

describing both the action and target, this information remains ambiguous

from the robot’s perspective, preventing it from executing the plan reliably.

By comparison, when CoT reasoning is performed on the marked image, the

VLM can directly reference specific targets through their mark IDs. This leads

to more concise and efficient reasoning, while the produced commands are

explicit and unambiguous. Combined with subsequent coordinate calibration,

the robot can unerringly identify both the action and the target, and thus

complete the given task accurately.

3.3.3 Case study

Experiment settings

A case study carried out in an actual manufacturing setting is presented to

demonstrate the practicality and importance of the proposed approach in

smart manufacturing contexts. As shown in Fig. 3.6(1), the entire setup

consists of a workstation equipped with a robotic arm, a mobile platform

carrying another robotic arm, and a variety of manufacturing-related parts.

In addition, a top-down camera provides a global view of the whole scene,

while cameras mounted on the two robotic arms offer local views to capture

fine-grained details from their respective perspectives.

Manufacturing tasks performance

In our case study demo, we take a representative unexpected situation

in manufacturing — ‘assembly line accidentally stops’ — to illustrate the

proposed workflow. First, as shown in Fig. 3.6(1), through visual parsing

and reasoning on the global view, the model determines that the assembly

line has halted because the designated storage area for gears is empty. At

the same time, it detects that extra gears are available in a nearby region.
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The workbench production line has stalled. Identify the issue and generate a solution.

Global view parsing Coarse CoT reasoning

# Observe
“6”: AGV, “36”: Gears, “59”: Docking 
point, “33”: Chairs, “8”: Table …
# Analyze
Docking at Mark_59, avoid Mark_33.
# Conclude
Action: AGV navigate to docking place.
Target_mark_id: 59

# Observe
“4”: Gear, “5”: Gear, “6”: Gear, “7”: 
Gear …
# Analyze
Gear 4 appears to be the most 
complete. Pick it up. 
# Conclude
Action: Arm[0] pick up the gear.
Target_mark_id: 4

# Observe
“9”: AGV, “36”: Gears, “25”: Docking 
point, “24”: Gear storage space, “3”: 
Table …
# Analyze
Docking at Mark_25, avoid Mark_33.
# Conclude
Action: AGV navigate to docking place.
Target_mark_id: 25

# Observe
“4”: Gear …
# Analyze
This storage space now has gear at 
Mark_4 available to continue 
assembly work.
# Conclude
Action: Arm[1] pick up the gear.
Target_mark_id: 4

# Observe
“8”: Slot, “1”: Gear …
# Analyze
Gear Mark_1 has already been 
placed. I need to insert the current 
gear into Slot 8.
# Conclude
Action: Arm[1] place the gear.
Target_mark_id: 8

# Observe
“33”: Assembly work space, “57”:  Gear storage space, “31”: Robot arm, “4”: AGV, “53”: Robot arm … 

# Analyze
The gear storage space Mark_57 is empty, preventing production tasks in the assembly space Mark_33 from 
proceeding. The robot needs to pick up gears from the table and add them to the gear storage area.

# Conclude
Focus: Marks [33,57,49]
Action: Marks[4,53] material refill + Mark[31] restart assembly

(1) Coarse vision-grounded CoT reasoning

# Observe
“13”: Gear storage space, “14”: 
Gear storage space …
# Analyze
Mark_13 appears to be the most 
close space. Place the gear here.
# Conclude
Action: Arm[0] place the gear.
Target_mark_id: 13

(2) Fined vision-grounded CoT reasoning
Planed task 1 Planed task 2

Planed task 3 Planed task 4

Planed task 5 Planed task 6

Fig. 3.6: Case study in real manufacturing environment.
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Based on this observation, the system performs coarse CoT reasoning to

identify the corresponding ROI. Next, the AGV and the two robotic arms

proceed with step-by-step fine-grained reasoning to complete the tasks in

sequence. Subsequently, as shown in Fig. 3.6(2), the AGV and the two

robotic arms commenced sequential reasoning to accomplish the task step

by step. According to the planned procedure, the mobile platform first

replenished the materials. Following the detection of gear replenishment, the

workstation-mounted arm resumed the assembly process from the point of

interruption, thereby resolving the issue. The comprehensive coarse-to-fine

vision-grounded reasoning approach effectively integrates global information

with local details while leveraging the expansive knowledge of foundation

models to address unforeseen problems. This paradigm holds significant

implications for the advancement of human-centric smart manufacturing in

the future.

Discussion

Deploying the proposed method in real-world settings requires substantial

engineering and systems support, and these implementation details can

have a nontrivial impact on overall performance. First, the accuracy of

vision-grounded reasoning is sensitive to lighting conditions and camera

resolution. Consequently, reliable industrial deployment depends on high-

precision cameras, appropriate camera height and placement, with bright and

stable ambient illumination. Second, when a single computer communicates

with multiple robots, the system will encounter frequent disconnections, re-

duced throughput, and packet loss. Thus, practical deployment also demands

a robust communication infrastructure. Finally, translating high-level task

planning into well-specified, fine-grained subtasks—and coordinating each

robot’s manipulation and navigation execution—requires tight integration.

Real industrial applications require extensive manual design and empirical

tuning to achieve optimal system-level coordination.
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3.4 Summary

To address the unforeseen challenges faced by smart manufacturing systems

in open-world environments, we propose a Coarse-to-Fine Vision-Grounded

Chain-of-Thought Reasoning Approach. By integrating multi-granularity

visual parsing with a coarse-to-fine CoT framework, our method jointly lever-

ages global scene context and local visual perspectives to enable interpretable,

zero-shot reasoning, while generating clear and precise robot-executable task

plans. Extensive experimental results demonstrate that our approach achieves

outstanding performance in terms of success rate and generalization across

complex and previously unseen scenarios.

However, our approach also has certain limitations. For instance, vision-

grounded reasoning can be affected by factors such as lighting conditions

and camera resolution, which may impact the accuracy of visual parsing.

Additionally, due to the incorporation of intermediate analysis stages within

the model, the overall reasoning process tends to be time-consuming, mak-

ing it less suitable for scenarios that require rapid or real-time responses.

Finally, our method does not yet incorporate closed-loop error correction or

mitigation.

Our future investigations will prioritize improving the stability and depend-

ability of vision-driven reasoning, incorporating richer production line in-

formation, and achieving a better balance between long-chain reasoning

and rapid response capabilities. In addition, we plan to explore movable

visual perspective capture to improve perception flexibility and adaptability

in dynamic environments. Finally, VLM-based error detection and correction

will be integrated to improve the system’s robustness.
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4Vision-Language Model-based

Human-guided Mobile Robot

Navigation in an Unstructured

Environment for Human-centric

Smart Manufacturing

4.1 Introduction

Industry 5.0 represents a paradigm shift toward sustainable and resilient

manufacturing systems, emphasizing HSM that places human well-being at

its core [52]. Mobile robotics constitutes a fundamental component within

smart manufacturing ecosystems, with widespread applications in inspection

protocols, warehouse logistics, and material handling operations [69, 70].

While research on mobile robots in manufacturing has focused on localiza-

tion, tracking, trajectory planning, and motion control, aiming to achieve

fully automated and self-organized systems [71]. Current technological

limitations impede the realization of completely self-organized manufactur-

ing environments, particularly regarding system resilience and adaptability.

These constraints become especially pronounced in unstructured environ-

ments characterized by unpredictable tasks, variable structural configurations,

and irregular dimensional parameters, where conventional pre-programmed

approaches prove inadequate [72].
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Within complex operational environments, intelligent systems must deploy

sophisticated methodologies for information acquisition, processing, and

environmental cognition to establish reliable situational awareness [73, 74].

While structured automation lines represent the manufacturing ideal, their

implementation remains impractical in numerous scenarios. The assembly

of large-scale aircraft exemplifies this challenge, where the integration of

components within and around massive, irregularly shaped fuselages cur-

rently necessitates manual intervention. The spatial constraints, coupled with

task complexity and variability, preclude workers from maintaining imme-

diate access to all requisite materials, necessitating auxiliary personnel for

tool and component logistics, thereby compromising operational efficiency.

Similarly, in maintenance operations, despite initial equipment preparation,

the dynamic nature of inspection processes frequently reveals unforeseen

requirements for additional tools or components. This iterative need for

resource retrieval, often extending across multiple maintenance sessions,

significantly impacts workflow continuity and operational effectiveness.

In alignment with Industry 5.0 principles, the integration of HRI into mo-

bile robotic systems presents a viable solution to contemporary manufac-

turing challenges [75, 76]. This symbiotic approach harmonizes human

cognitive strengths—including creativity and adaptive problem-solving ca-

pabilities—with robotic advantages in speed and endurance, facilitating

the development of flexible and resilient HSM systems [16, 77, 78, 79].

The recent advancement of LLMs and VLMs has revolutionized vision and

language-based HRI, offering unprecedented capabilities [80, 81, 79, 82].

These technologies demonstrate remarkable generalization to novel scenarios,

enhance robotic perception through human-like multimodal processing, and

establish intuitive communication interfaces [9]. Vision and language-based

human-guided navigation emerges as a particularly promising paradigm for

unstructured manufacturing environments characterized by dynamic, un-

predictable conditions. This approach enables mobile robots to synthesize
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natural language commands with visual environmental data, facilitating

adaptive interaction with both human operators and physical surroundings.

Such capabilities prove invaluable in complex assembly and maintenance

scenarios, where robots can autonomously respond to engineers’ evolving

requirements for tool and component retrieval. This automation of ancillary

tasks enables technical personnel to focus on specialized functions, sub-

stantially improving operational efficiency and resource utilization within

manufacturing processes.

While existing mobile robot systems primarily rely on pre-programmed tasks

and autonomous navigation algorithms in structured environments, they lack

the flexibility to adapt to unfixed manufacturing scenarios and real-time hu-

man needs [70, 83, 84, 85]. In contrast to traditional approaches, VLM-based

methods enable natural human-robot interaction and environmental recog-

nition, allowing robots to understand and respond to spontaneous human

commands in unstructured manufacturing environments. This integration

of VLM with mobile robot navigation demonstrates superior adaptability

in addressing unpredictable demands that may arise during manufacturing

processes, particularly in complex scenarios such as large aircraft assemblies

where traditional automation methods prove inadequate. However, previous

research [86, 87, 39, 22] about vision and language-based HRI for robot nav-

igation encounters predominantly two fundamental constraints. Firstly, most

endeavors exhibit inadequate generalization capabilities regarding unseen ob-

jects and environments, as well as the diverse and variable natural language

expressions of humans. This deficiency severely restricts their application in

complex and variable manufacturing environments. Secondly, although most

works perform well within simulators, in the real world, sensor noise can

lead to a cluttered and confusing reconstruction of top-down maps, aliasing

geometric details and impeding accurate segmentation of navigation targets.

This limitation prevents their effective empowerment in the industry.
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Workstation

Shelf

Cabinet

Please check the tools' condition on the shelf, then move to 
the workstation and check if the robot arm is working 

properly, and finally check for missing tools in the cabinet.

Desk

Fig. 4.1: Application example of proposed VLM-based human-guided mobile robot
navigation approach in manufacturing.

To overcome the challenges, this research proposes a VLM-based human-

guided mobile robot navigation approach in an unstructured environment for

HSM. This system consists of three modules: robust three-dimensional (3D)

scene reconstruction, VLM-based semantic segmentation and integration, and

LLM-based spatial navigation. This work aims to facilitate human control

over robot navigation for completing manufacturing tasks in unstructured

settings through a natural interaction mode. Fig. 4.1 illustrates an example

of our proposed method applied to an inspection task.

4.2 Methodology

To realize vision-and-language-based robot navigation in unstructured envi-

ronments pertinent to HSM, we propose a VLM-based human-guided mobile

robot navigation system designed to mitigate the impact of sensor noise on

reconstructed maps under realistic conditions, as shown in Fig. 4.2. The input
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of the system is RGB-D video frames as well as natural language instructions,

while the output of the system is the Python code to control the robot to

perform navigation tasks. The system consists of three main parts:

1. 3D robust scene reconstruction. The first component of the system

involves 3D robust scene reconstruction, where a pipeline including

several popular point cloud registration methods is employed to recon-

struct the scene point cloud based on input RGB-D videos and mitigate

the impact of noise on geometric structure reconstruction. Based on the

reconstructed scene’s mesh model and the robot’s altitude, an obstacle

map is calculated for subsequent robot navigation path planning.

2. Semantic segmentation and integration. The second part of the

system involves semantic segmentation and integration. A VLM is

utilized for language-driven semantic segmentation of RGB images in

the input video. Subsequently, the semantic information is integrated

into the reconstructed 3D scene mesh using the RGB-D integration

method to obtain 3D scene semantics.

3. Spatial goal navigation. The third component of the system involves

spatial goal navigation. An LLM is employed to comprehend natural

language commands from humans. By designing the prompts and

integrating 3D scene semantics, natural language is translated into

robot control code to trigger the robot to perform navigation actions.

4.2.1 3D robust scene reconstruction

One key element in reconstructing a 3D scene is the accurate estimation

of camera pose, which directly impacts the precision of the reconstruction

results. In manufacturing environments, where the surroundings are often

cluttered and noisy, precise estimation of the camera pose on a mobile robot
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Please first check for missing materials on the desk, 
then inspect the tools’ condition on the cabinetry 

and shelf, finally move to the workbench to 
monitor the robot arm working condition.

Semantic segmentation and integration

Input natural language instruction Spatial goal navigation

Large Language 
Model

Generated 
Python 
Code

Vision-Language 
Model

3D scene semantics

Step1: semantic map creation

Step2: navigation code generation

Action Execution 

Step3: navigation 
action performanceInput video

Scene 
description
& LLM label 
extraction

3D robust scene reconstruction

Obstacle map

Fig. 4.2: Structure of proposed VLM-based human-guided mobile robot navigation
system.

……

Colored point 
cloud registration

Fast global 
registration

Multiway 
registration

Frames
Fragments

Integrated scene

Truncated Signed 
Distance Function 

(TSDF) volume 
integration

Fast global 
registration

Iterative Closest 
Point (ICP) 

registration

Multiway 
registration

Stage 1 Stage 2

Truncated Signed 
Distance Function 

(TSDF) volume 
integration

L RGBD pairs
Segment 1

L RGBD pairs
Segment 2

L RGBD pairs
Segment N

Fragment 1

Fragment 2

Fragment N

Fig. 4.3: Reconstruction pipeline [88].

using sensors such as Inertial measurement units (IMUs) and accelerometers

becomes exceedingly challenging and fails to meet the required accuracy.

Therefore, this research utilized visual odometry calculation based on RGB-

D image information to estimate camera pose. Specifically, this research

employs a pipeline [88] comprising multiple point cloud registration methods

to mitigate noise and visual odometry drift for precise and robust scene

reconstruction, as shown in Fig. 4.3.

In Fig. 4.3, the entire reconstruction process is divided into two stages to

reduce the impact of odometry drift. In the first stage, the input video frames
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are divided into N segments, each containing L pairs of RGB-D images. The

reconstruction process is performed on each segment, resulting in N point

cloud fragments. The reconstruction process in the first stage comprises four

essential steps: colored point cloud registration [89], fast global registra-

tion [90], multiway registration [88], and TSDF (Truncated Signed Distance

Function) volume integration [91]. The colored point cloud registration

finds the camera movement between two consecutive RGB-D image pairs

based on color and geometry information. Fast global registration aligns

non-consecutive pairs based on geometry information. Multiway registration

could prune erroneous constraints created by global registration for robust

optimization. And finally, all the frames in this sequence are fused to a

fragment mesh model by TSDF volume integration. The second stage entails

applying a similar reconstruction process on these N fragments to gener-

ate a complete 3D scene mesh, including fast global registration [90], ICP

registration (Iterative Closest Points) [92], multiway registration [88], and

TSDF volume integration [91]. The fast global registration roughly aligns the

fragments as the initialization before ICP registration. Then point-to-plane

ICP registration is applied to do the tight alignment, followed by multiway

registration to prune erroneous constraints. The ICP registration and multi-

way registration are applied twice to refine the fragments’ alignment. Finally,

based on the optimized pose graph, TSDP volume integration is applied to

fuse all the video frames to a whole mesh model.

The obstacle map is a binary map derived from the reconstructed 3D scene

and calculations of the robot’s dimensions, serving as the foundation for obsta-

cle avoidance and path planning for subsequent robot navigation. Adapting

the obstacle map to the specific size of the robot is of vital importance. For

example, a 1.5-meter-wide passageway is considered an available area for a

robot with a 1-meter diameter but considered an obstacle for a robot with a

2-meter diameter. The obstacle map calculation method is very mature and
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Fig. 4.4: Semantic segmentation and integration.

can be easily obtained from the simulator, such as the AI Habitat simulator

[93], and one may refer to [94, 95] for more details.

4.2.2 Semantic segmentation and integration

Based on the aforementioned work, one core contribution of this research

lies in the fusion of VLM with optimized 3D reconstruction results to achieve

a zero-shot understanding of the 3D scene. To achieve this objective, this

work employs RGB data to represent the semantic information derived from

the VLM segmentation of each RGB image, and integrate the semantic in-

formation into the point cloud surface reconstruction phase using the TSDF

algorithm, as shown in Fig. 4.4.

Semantic segmentation

The semantic segmentation part in our work utilizes the LSeg model [96] to

perform language-driven semantic segmentation on all RGB frames within

the video. LSeg is a VLM, in which the text encoder is the CLIP text encoder,

it is utilized to generate the text embeddings of the input text labels, such

as workstation and floor, and allows for the free-form description of these

input labels. In this work, text labels are extracted by an LLM from human

natural language descriptions of the environment, pinpointing navigation
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targets. For instance, when humans describe the environment as ↔a shopfloor

with a cabinet, a table, a shelf, and a workstation↔, the LLM identifies ↔cabinet,

table, shelf, workstation↔, facilitating human-centric interaction in smart man-

ufacturing. The image encoder in LSeg is transformer-based, it can generate

pixel-level image embeddings. By measuring the closeness of text feature

vectors and image feature vectors, the semantic content can be derived.

In this work, the fine-tuned LSeg’s visual encoder f(I) : R
H→W →3 :↗ R

H→W →C

is applied to RGB image frame I
k to get pixel level visual embedding Fk ↑

R
H→W →C . For each pixel Iij, the corresponding visual embedding is

qij = Fk(i, j), (4.1)

where qij ↑ R
1→C . Similarly, the pre-trained CLIP text encoder is applied to

M text labels to obtain the text embeddings

E = [e0, e1, ..., eM ], (4.2)

where E ↑ R
M→C . Then the inner product is performed on image and text

embeddings to compute the pixel-to-category similarity matrix

Sij = qij · E
T
, (4.3)

where Sij ↑ R
1→M . Within the similarity matrix, the position holding the

largest value denotes the pixel’s category, revealing its semantic meaning.

Different RGB values are utilized to represent distinct semantic information.

Therefore, the semantic information of the pixel Iij is cij, which is an 8-bit

RGB value.

Semantic integration
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The conversion between camera and world coordinate systems is fundamental

for relating two-dimensional (2D) image pixels to 3D voxel structures. The

mapping between the camera coordinate frame and the world coordinate

system is

Pwrd = RkPcam + Tk, (4.4)

where Rk, Tk means the precise camera pose which has been calculated

and optimized in the 3D point cloud robust reconstruction, Pcam is the

camera coordinate, and Pwrd is the world coordinate. By employing this

transformation, the semantic information of each frame can be integrated

with the 3D geometric information.

After that, TSDF integration is applied to integrate all the frames into the

global point cloud. For a voxel Vxyz located in (x, y, z) in the global point

cloud, its coordinate in world coordinate is PVxyz ,wrd which can be obtained

according to voxel length. Based on equation (4.4), the corresponding

camera coordinate PVxyz ,cam can be calculated. Hence, the depth of the voxel

Vxyz relative to the camera Camz(Vxyz) can be easily obtained. The principle

of camera imaging is

Camz(Vxyz) · Iij = Kcam · PVxyz ,cam, (4.5)

where Iij means the pixel, Kcam means the the camera intrinsics matrix.

Based on that, the corresponding pixel Iij is found. Thus, the sdf of Vxyz is

sdf(Vxyz) = D(Iij) ′ Camz(Vxyz), (4.6)

where D(Iij) is the depth value of pixel Iij. Therefore, tsdf value of this voxel

tsdfVxyz is

tsdfVxyz = max[′1, min(1, sdf(Vxyz)/t)], (4.7)
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where t is tsdf_trune = 0.04. Therefore, the tsdf value tsdfVxyz and semantic

information cij are stored in a voxel Vxyz. By averaging the tsdf value tsdfVxyz

and semantic value cij of each frame within this voxel Vxyz, the overall

information of the entire model can be obtained:

tsdfVxyz = 1
N

·

N∑

k=1
tsdfVxyz(k) (4.8)

cij = 1
N

·

N∑

k=1
cij(k). (4.9)

The areas where the TSDF value is zero represent the surface of the object.

This can be identified using the Marching Cubes algorithm. By assigning

colors based on the semantic information values, the final 3D semantic map

is generated. In the generated 3D scene semantic mesh, all vertices belonging

to the same object have the same RGB value. By averaging the coordinates

of these vertices with the same RGB value, the center coordinates of the

object can be obtained. In this way, 3D scene semantics are generated,

which include the semantic description for each navigation object and its

corresponding center coordinate.

4.2.3 Spatial goal navigation

In spatial goal navigation, the GPT-3.5 model is utilized to convert instructions

into executable Python code, as shown in Fig. 4.5. To achieve this, a set

of initial prompts is established to outline the VLN task. Subsequently,

dialog examples are provided to illustrate the mapping between inputs and

outputs. User instructions are then incorporated. The prompt is sent to the

GPT model via an API to generate the Python code. The Python function

move_to_obj(object) is predefined, including object coordinate indexing, path

planning, and controlling the robot to move to the object from its current
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Principle prompt

A user will provide you with a sentence containing navigation instructions for a 
robot to visit different destinations. You need to extract the individual 
destinations, obj_name, from the sentence and call the Python function 
move_to_obj(obj_name) in sequence to control the robot to each destination.
The destination list: shelf, cabinet, table, workstation

The user may use other words to describe the destination, you should recognize 
these words and pick the corresponding obj_name from the destination list. If 
the user says something irrelevant, leave it alone. You only generate the python 
code. Do not generate other words.

Dialog examples

# Could you please go to the table to 
check for missing materials?
Move_to_obj(“table”)

# First go by the storage cabinet, then 
go to the desk, then back to the work 
area, and finally stop beside the shelf.
move_to_obj(“cabinet”)
move_to_obj(“table”)
move_to_obj(“workstation”)
move_to_obj(“shelf”)

User input

Please first check for missing 
materials on the desk, then 
inspect the tools’ condition 
on the cabinetry and shelf, 
finally move to the 
workbench to monitor the 
robot arm working condition.

GPT-3.5

Errors?

Run the code
N

Print errors
Y

Fig. 4.5: LLM prompt.

position. LLM can identify each navigation object from the natural language

instruction and generate the code to call the Python function. If there are

no compilation errors, the code is executed to carry out the robot navigation

actions.

4.3 Experiments and discussions

This section presents three independent experiments, each addressing a spe-

cific system component, to assess the method’s feasibility and effectiveness.

4.3.1 Evaluation of semantic segmentation

LSeg is selected as the model for zero-shot semantic segmentation to perform

semantic segmentation on the scene’s 2D RGB images. The semantic seg-

mentation experiment is divided into two parts: the first part focuses on the

conventional semantic segmentation capability assessment, while the second

part focuses on the zero-shot capability evaluation.

Experiment settings
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The constructed segmentation dataset contains 175 samples, of which 105

are designated for training, 35 for validation, and 35 for testing. Notably,

the scenes represented in the test set were distinct from those encountered

during the training phase. The LSeg image encoder is fine-tuned on the

custom dataset using a Nvidia RTX 3090 GPU to ensure it can accurately

segment targets within industrial scenes; meanwhile, the LSeg text encoder

remains frozen to preserve the model’s zero-shot capabilities.

Experiment results

To validate the accuracy of semantic segmentation, this work conducts com-

parative experiments between LSeg and two fully supervised semantic seg-

mentation models, U-Net [97] and DeepLabV3+ [98], all of which are

fine-tuned using the same dataset. U-Net [97] has a symmetric U-shaped

structure and skip connections of feature maps, which enable the model to

effectively combine contextual information and detailed features of images

during segmentation tasks. DeepLabv3+ [98] is known for its robust perfor-

mance in various segmentation challenges, which employs atrous convolution

and an encoder-decoder structure to enhance segmentation accuracy. This

research evaluates the models using pixel accuracy. The semantic segmen-

tation comparative experiment result is illustrated in Table 4.1. UNet and

DeepLabv3+, while designed for fully supervised learning, show expectedly

strong performance due to their direct training on annotated images. Remark-

ably, LSeg demonstrates comparable results to the fully supervised models,

which is an impressive feat considering its zero-shot learning capability.

Table 4.1: Semantic segmentation performance on custom dataset

Method Backbone Pixcel Accuracy
Val Test

U-Net [97] VGG 92.82% 83.34%
DeepLabv3+ [98] MobileNet 94.37% 80.46%

LSeg [96] ViT-L/16 96.16% 87.55%

4.3 Experiments and discussions 69



LSeg demonstrates zero-shot performance by producing semantic segmen-

tations guided by textual prompts absent from its training data, primarily

enabled through the integration of the CLIP text encoder. The CLIP model

maps visual and textual information into a shared embedding space, bringing

semantically similar items—such as labels and their corresponding visual

representations—closer together. This allows LSeg to directly use text embed-

dings for segmentation without specialized training for each possible category.

Benefiting from diverse training corpora and robust learning capacity, the

text encoder in CLIP organizes the embedding space into a coherent semantic

structure. This means that even for labels not seen during training, as long as

they are semantically related to labels present in the training data, the model

can find similar representations in the embedding space, thereby achieving

generalization to these new labels[96]. The labels employed to refine the

image encoder encompass the following items: table, chair, workstation, shelf,

automated guided vehicle, cabinet, floor, wall, background. Notably, when

diverse terms are utilized to denote the same objects, accurate recognition is

achieved, as illustrated in Fig. 4.6.

In Fig. 4.6, (a) displays the results of semantic segmentation indexed by

the original training labels, while (b), (c), and (d) illustrate the results of

semantic segmentation indexed using labels not encountered during the

training process. In Fig. 4.6 (b), the labels shelving, robot, and floor are

unseen labels, yet the model can accurately segment them. Notably, the

segmentation result for the robot label is remarkable. In Fig. 4.6 (a), within

the original training dataset, the labels workstation and automated guided

vehicle are employed, both of which encompass elements of a robot arm,

thereby falling under the category of robot. In Fig. 4.6 (b), the robot label

is solely used, enabling the model to successfully segment both objects

as robot, demonstrating its robust zero-shot capabilities. In 4.6 (c), new

labels such as desk, floor, mobile robot, and HRC workstation have been

employed for textual descriptions in semantic segmentation, and the model
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has successfully and accurately segmented these targets as depicted in the

figure. Noteworthy are the labels HRC workstation and mobile robot, which

significantly differ from the original training labels workstation and automated

guided vehicle, yet the model has successfully correlated and segmented them

accordingly. Particularly, in 4.6 (b), the segmentation of mobile robot does not

categorize all objects containing robot elements but successfully interprets

the meaning of mobile, thereby isolating only the automated guided vehicle.

This demonstrates the model’s formidable comprehension capabilities. In

4.6 (d), the unseen labels include desk, floor, AGV, and HRC workstation,

and the model has correctly completed the segmentation. Notably, the label

AGV, which stands for automated guided vehicle, consists of an abbreviation

rather than a full word to convey semantic information. Nevertheless, the

model has successfully associated the abbreviation AGV with its full term,

demonstrating the model’s powerful inferential capabilities.

The demonstrated robust generalization ability of LSeg permits humans to

refer to objects in an unstructured manufacturing scene according to their

own conventions, eliminating the need to predefine and adhere strictly to

specific names for each object. This advancement brings the entire system

closer to a more natural HRI.

4.3.2 Evaluation of 3D reconstruction

To mitigate the impact of sensor errors on the reconstruction outcomes, a

pipeline comprising several point cloud registration and integration methods

is employed in this system. This experiment aims to validate the accuracy

of 3D reconstruction under this pipeline, assessing it from both quantitative

and qualitative perspectives.

Experiment settings
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Data are collected by an Intel RealSense L515 camera in real-world settings

including three areas, each comprising hundreds of frames of RGB-D video

for scene reconstruction. During the reconstruction process, a Nvidia RTX

3080 is employed to accelerate the computation.

Throughout the reconstruction process, the RGB-D sequence is divided into

multiple segments, each containing 100 frames. Every fifth frame is selected

as a keyframe for odometry estimation and optimization, balancing compu-

tational efficiency with registration accuracy. Valid depth values between

0.3 m and 3 m are considered to filter out invalid data that are too close

or too distant from the camera, thereby reducing noise and errors. A voxel

size of 0.05 m is employed for point cloud downsampling and TSDF fusion.

During registration, the maximum acceptable distance threshold between

corresponding point pairs is set to 0.07 m to reduce mismatches by filtering

out pairs with excessive discrepancies. The fitness threshold for registration

results is set at 0.3. Only when the fitness exceeds this value is the registration

considered valid, ensuring that only high-quality registrations are accepted

while unreliable ones are rejected. In SLAC optimization, the maximum

number of iterations is limited to five to ensure completion within reasonable

computation time and to prevent overfitting and excessive computation. For

TSDF fusion, the cubic size is set to 3 m to define the dimensions of the

reconstruction space. Additionally, the truncation distance in TSDF fusion is

specified as 0.04 m. This truncation threshold affects the level of detail in

surface reconstruction and the overall fusion effectiveness.

Experiment results

For quantitative evaluation, iPhone-based LiDAR scanning results are em-

ployed as the ground truth, with the Chamfer score between the reconstructed

point sets and the ground truth calculated to verify the accuracy of the scene

reconstruction. The Chamfer distance is a method for measuring the distance

between two sets of points, representing the aggregate of distances from one
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set to another. It is commonly used to compare the similarity between two ge-

ometric shapes. The formula for calculating the Chamfer distance dCD(A, B)
between point cloud A = {a1, a2, ..., am} and point cloud B = {b1, b2, ..., bn}

is

dCD(A, B) = 1
|A|

∑

a↓A

min
b↓B

∞a ′ b∞ + 1
|B|

∑

b↓B

min
a↓A

∞b ′ a∞ (4.10)

The smaller the Chamfer distance, the greater the similarity between the

two point clouds. This work evaluates the reconstruction effectiveness of

the system by calculating the Chamfer distance between the point cloud

reconstructed from RGB-D frames and the ground truth. The reconstruction

visualization and experiment results are provided in Fig. 4.7 and Table.

4.2.

Table 4.2: 3D reconstruction performance on custom dataset

Scene Number
of frames

Chamfer
distance (meter)

Reconstruction
time (minute)

Area 1 627 0.071 9.20
Area 2 804 0.081 11.08
Area 3 408 0.054 8.03

Average 613 0.069 9.38

The entire scenes are scanned using LiDAR of an iPhone and the reconstructed

point clouds are illustrated in Fig. 4.7 (a), (d). Subsequently, the scenes are

divided into three distinct areas, and the reconstruction is performed based

on RGB-D for each area, the point clouds of the three reconstructed areas

are depicted in Fig. 4.7(b), (c), and (e). Table 4.2 presents the Chamfer

distance between the reconstruction outcomes of the three areas and their

corresponding ground truth, utilized to estimate the accuracy of the 3D

reconstructions based on RGB-D frames. The Chamfer distance for each area

does not exceed 10 cm, with the average Chamfer distance being 6.9 cm.

Given that the two entire scenes encompass more than 10 square meters, the
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reconstruction error is comparatively within an acceptable range. In addition,

the reconstruction times for each region are detailed in Table 4.2, averaging

approximately 9.38 minutes. Consequently, an acceptable trade-off between

reconstruction speed and accuracy has been achieved.

For the qualitative comparative experiment, the baseline model is VLMaps

[31] as they use a similar framework to ours, but they do not account for

sensor noise in real-world industrial scenarios in map reconstruction. Since

VLMaps does not execute a complete 3D reconstruction but instead directly

produces a reconstructed 2D top-down map, the comparison of reconstruction

outcomes is confined to qualitative assessment through images obtained

from identical datasets. The qualitative comparative experiment results are

provided in Fig. 4.8.

In the comparative experiment, 3D reconstructions are conducted based

on the same dataset by both methods, and then the same fine-tuned LSeg

model is applied for semantic segmentation of RGB images within the dataset,

finally, the segmentation results are integrated into the reconstructed point

clouds. In Fig. 4.8, the left column displays images of 3D reconstructions

incorporating geometric information, while the right column presents images

of 3D reconstructions enriched with semantic information. As illustrated in

Fig. 4.8(a), the geometric details in the VLMaps reconstruction results are

considerably disordered due to the absence of any camera pose optimiza-

tion technique, affected by errors in camera pose estimation. Even though

LSeg successfully segments navigation targets from RGB images, the recon-

structed map is unsuitable for real-world applications. In contrast, Fig. 4.8(b)

shows our reconstruction results, where the geometric details are remarkably

clear, and the semantic information is accurately integrated, significantly

empowering tasks related to VLN.
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4.3.3 Spatical goal navigation

Experiment settings

The spatial goal navigation experiments are conducted within the AI Habitat

simulator [93], which is an open-source simulation platform that offers a

highly realistic 3D environment. This platform enables AI agents to test a

variety of tasks, including navigation and human-robot interaction. In this

experiment, GPT-3.5 is linked with the simulator, wherein humans input

natural language commands through a dialogue box. GPT-3.5 then generates

and executes the code to control the robot’s movement based on the given

instructions. Subsequently, the robot performs path planning and navigates

to the target location. Upon completing the entire set of instructions, the

robot returns a video showcasing the entire movement process from a first-

person perspective. The primary focus of this work is on enabling the robot to

comprehend language instructions and autonomously identify all navigation

target points. Therefore, the process of the robot moving to the subgoals

is not concentrated. This work assumes that once the coordinates of the

subgoals are identified, the robot will successfully move to those locations.

Consequently, the path-planning algorithm is not the emphasis of this work,

and this research directly employs the Pathfinding module provided by the

simulator to accomplish the path planning.

Experiment results

This experiment tests whether GPT-3.5 could accurately generate the corre-

sponding code and successfully execute it using different natural language

instructions. Specifically, the natural language instructions are categorized

based on the number of navigation subgoals contained within them, resulting

in four categories, encompassing the number of subgoals from 1 to 4. For

each category, the tests are conducted with 20 distinct natural language
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instructions and tallied the success rates. The results are displayed in the

Table 4.3.

Table 4.3: Spatial goal navigation performance

No. Subgoals Success rate

1 20/20
2 19/20
3 19/20
4 16/20

Average 92.5%

The data in Table 4.3 represents the overall navigation success rate of the

system. As natural language instructions include more subgoals, the overall

success rate declines, averaging 92.5%. During the experiments, it is discov-

ered that errors primarily occur when the sequence of subgoals mentioned

in the natural language instructions does not align with the actual intended

sequence. For instance, if the input command is ↔come to the shelf, before that

go to check the equipment on the table↔, the LLM would direct the robot to

first approach the shelf and then the table, which is contrary to the human’s

desire for the robot to visit the table before the shelf. However, changing

the sequence does not necessarily lead to errors. For example, if the input

command emphasizes the order more clearly with ↔come to the shelf, but

before that, firstly you should go to check the equipment on the table↔, the LLM

would correctly understand the sequence, and direct the robot to visit the

table before the shelf.

4.3.4 Case study

Finally, a case study in an industrial setting is presented to validate the

proposed VLM-based human-guided mobile robot navigation system in HSM.

The experimental scenario, depicted in Fig. 4.1, takes place in a smart

manufacturing laboratory consisting of a workstation, cabinet, shelf, and

desk. The workstation serves as a human-robot collaborative assembly bench,
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while the cabinet, shelf, and desk store various parts. Fig. ?? illustrates the

process of the pick-and-place case study.

In Fig. 4.9, a human gives a natural language command, "Take the tape from

the cabinet to the shelf, then take the gear from the table to the workstation."

Upon identifying the navigation targets, the LLM generates navigation code

and executes it line by line, guiding the mobile robot to the destinations to

complete the pick-and-place tasks. For each line of code, the coordinates of

the navigation targets are derived from the 3D scene semantics. Traditional

localization and path planning are handled by invoking the existing AGV

APIs. It is important to note that this task focuses solely on navigation, with

the AGV navigation code generated by the LLM based on human verbal

commands, while the code related to the robotic arm is pre-configured to

provide a comprehensive demonstration of the case study.

This pick-and-place case study validates the effectiveness of the proposed

VLM-based human-guided mobile robot navigation system in unstructured

HRI and smart manufacturing scenarios. The case study demonstrates the

system’s significant potential in real industrial applications, showcasing its

ability to effectively enhance the efficiency of HRI and HRC, thereby en-

abling the realization of human-centric smart manufacturing for the future

of Industry 5.0.

4.4 Summary

To improve the resilience and flexibility of mobile robot navigation systems,

and further realize HSM in Industry 5.0, this article presented a VLM-based

human-guided mobile robot navigation approach, including 3D robust scene

reconstruction, VLM-based semantic segmentation and integration, and LLM-

based spatial goal navigation. The main contributions of this work lie in two

aspects: 1) A VLM and LLM integrated approach was proposed to enable
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humans to guide mobile robot navigation in unstructured manufacturing

environments using free-form natural language; 2) an enhanced VLN frame-

work was explored by integrating a pipeline featuring a series of point cloud

registration and fusion methods, which significantly mitigates the impact of

sensor noise on 3D reconstruction.

The main limitation of this work lies in the sole focus on the navigation of

the mobile robot without considering the operational phase upon reaching

the navigation destination. Additionally, there are other limitations, such

as reliance on action primitives and the lack of updates for dynamic scenes.

In the future, to further empower smart manufacturing with VLMs and

LLMs, several directions are highlighted: 1) LLMs can be applied directly

to the trajectory planning of robotic arms and end-effectors, enabling robot

systems based on LLMs to perform more granular manipulation tasks; 2)

Future initiatives could explore the incorporation of real-time environmental

updates to further optimize VLN systems; 3) Integrating Augmented Reality

(AR) into VLN interactions may largely enhance the system’s interactivity in

the future; 4) Focus on enhancing system security, stability, and other related

factors to develop more reliable human-centric applications.
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Fig. 4.6: Zero shot ability.
.
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(a)

(b) (c)

(d) (e)

Fig. 4.7: Reconstruction visualization.
.
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(a) VLMaps
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table

(b) Ours

Color top-down Semantic top-down

Color top-down Semantic top-down

shelf

table

Fig. 4.8: Comparison of the 3D reconstruction results based on the same dataset
between our system and the baseline method VLMaps[31].

.

Executed code: 
move_to_obj(“cabinet”)

Executed code: 
move_to_obj(“shelf”)

Executed code: 
move_to_obj(“table”)

Executed code: 
move_to_obj(“workstation”)

Put the tape on the shelf Take the gear from the table

User input: 
“Take the tape from the cabinet to the shelf, then take the gear from the table to the workstation.”
LLM generated code: 
move_to_obj(“cabinet”)
move_to_obj(“shelf”)
move_to_obj(“table”)
move_to_obj(“workstation”)

Take the tape from the cabinet Put the gear on the workstation

Human language command & LLM reasoning

Robot task execution

Fig. 4.9: Case study: vision and language-based HRI for pick and place work in
smart manufacturing scenario.

.
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53D-HiAR: A Foundation

Model-based 3D Hierarchical

Affordance Reasoning Approach for

Industrial Robot Tool-use

Manipulation

5.1 Introduction

Industry 5.0 prioritizes human well-being in manufacturing systems, empha-

sizing sustainability, resilience, and Human-centricity in smart manufacturing

[52, 99, 100].In this context, HRI and HRC become indispensable, where

robots and humans leverage their respective strengths through effective com-

munication to accomplish tasks in close proximity [16, 39, 20]. Thus, as a

widely practiced activity in the manufacturing field, it is crucial to investigate

how robots can perform manipulation based on human verbal commands [61,

101, 102]. Current research in manipulation largely emphasizes relatively

simple tasks based on the ’pick-and-place’ action primitive, such as sorting,

basic assembly, and material handling [103]. However, within manufactur-

ing processes, numerous complex tasks cannot be accomplished merely by

combining basic ’pick-and-place’ actions; robot tool use is one of these critical

tasks, particularly in the aircraft assembly process [104, 105, 106]. For

instance, the assembly of fuselage and wing skins extensively utilizes riveting

techniques. This involves using rivet guns to hammer and drive rivets into pre-

drilled holes, ensuring secure structural connections. Additionally, avionics
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installation and the fitting of seating and cabin door hinges involve numerous

screw-driving tasks. The engine and landing gear sections of aircraft contain

numerous bolted connections, whose installation processes rely on suitable

wrenches and laser alignment tools for precision bolt fastening. Presently,

these tool-dependent tasks are primarily performed manually. However, the

confined spaces within aircraft structures (such as the interior of wings) and

high-load scenarios (such as engine bolts) present extreme challenges for

manual operations. Manual riveting and bolt tightening are prone to causing

muscle strain, heightening occupational health risks. Furthermore, manual

operations are susceptible to fatigue and variability in expertise, potentially

resulting in uneven rivet formation, torque deviations, or insufficient bolt pre-

tension, which pose serious safety hazards. Thus, exploring robotic tool-use

tasks carries significant importance.

When humans aim to employ tools to accomplish a task, they naturally

engage in these three stages of thought [107]. 1) How to hold the tool:

Initially, it is essential to understand which part of the tool the hand should

grasp. 2) How to contact the tool with the part: Subsequently, one must know

which section of the tool makes contact with the component and the manner

in which this contact should occur. 3) How to move the tool: Once the tool is

in contact with the component, it is critical to comprehend how to maneuver

the tool to complete the entire task. To enable robots to emulate these

three stages of human thought, affordance reasoning is crucial. Originally

described as recognizing the region of an item that permits interaction,

this concept enables robots to infer how the object can be used and what

actions it affords [108]. Foundation models endow affordance tasks with

enhanced generalization capabilities, diminishing the dependence on limited

affordance demonstration data [109, 80]. They also offer a natural HRI

interface, enabling workers to directly control robots using natural language

[110, 39, 82]. Thus, the three stages of human thought in using tools can be

mapped to three affordances in robotic tool use: 1) Graspable Affordance:
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Represents the contact points where the robot’s end effector interacts with

the tool. 2) Functional Affordance: In the current task, this refers to the

contact points and contact posture between the tool and the component once

the robot has grasped the tool. 3) Movement Affordance: After the tool is

correctly in contact with the component, this involves the trajectory of the

end effector’s movement as the robot maneuvers the tool to complete the

task.

Based on the above considerations, we propose 3D-HiAR, a foundational

model-based 3D Hierarchical Affordance Reasoning approach for robotic

tool-use manipulation in industrial tasks. 3D-HiAR mainly includes two

parts: 1) 3D Joint Tool-Part Affordance (JTPA) reasoning, wherein a novel

VLM with multi-dimensional feature fusion is designed for open-vocabulary

3D joint tool-part affordance detection, generating graspable affordances

and functional affordances; and 2)Task-aware Trajectory Generation (TaTG),

where an LLM is prompted to leverage geometry elements and movement

affordances to generate end-effector trajectories according to different task

instructions.

5.2 Methodology

In this article, 3D-HiAR is proposed, which is a foundation model-based 3D

hierarchical affordance reasoning approach for robot tool-use manipulation

tasks for industrial scenarios. The framework of 3D-HiAR is shown in Fig.

5.1. In this framework, the input consists of linguistic commands, such as

"use the spanner to screw the bolt," combined with RGB-D observations. The

output comprises the trajectory of the robotic arm’s end-effector, detailing

its position, orientation, and velocity. 3D-HiAR approach comprises two

key components: 1) 3D Joint Tool-Part Affordance (JTPA) reasoning, where

a novel VLM with multi-dimensional feature fusion is proposed to jointly

infer graspable affordance and functional affordance based on task semantics
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Fig. 5.1: The framework of 3D-HiAR: A Foundation Model-based 3D Hierarchical
Affordance Reasoning Approach.

and 3D geometric relationships between tools and parts; and 2) Task-aware

Trajectory Generation (TaTG), based on key geometric elements generated

by graspable and functional affordances, and the movement affordance

representing the trajectory shape, an LLM is employed to comprehend input

task instructions and generate waypoints for the robotic arm’s end effector

trajectory.

5.2.1 Problem Formulation

In this tool-use task, the objective is to process RGB-D frames alongside

language instructions to ultimately derive the trajectories of a robot manip-

ulator’s end-effector through the proposed 3D-HiAR framework. Initially,

an LLM extracts ml textual affordance labels L = {L1, L2, ..., Lml
} from the

input language instruction %. Grounding DINO [111], in conjunction with
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the Segment Anything Model (SAM) [112], performs zero-shot semantic

segmentation on the RGB frame to generate 2D masks for both the tool and

the part. These masks are then utilized with the depth frame to construct

individual point clouds for the tool and the part. After 6D pose estimation

and point cloud registration, the tool point cloud C
t = {c

t

1, c
t

2, ..., c
t

nc
} and

part point cloud C
p = {c

p

1, c
p

2, ..., c
p

nc
} are constructed, c

t

i
, c

p

i
↑ R3

, i = 1, ..., nc.

The extracted textual affordance labels L and point clouds C
t
, C

p then serve

as the input for JTPA module and TaTG module, subsequently generating

graspable, functional, and movement affordance representations A
g
, A

f
, A

m.

These representations function as constraints and objectives within an opti-

mization problem, ultimately facilitating the generation of the manipulation

trajectory waypoints W = {W1, . . . , WN}, Wi = [pi qi vi], with position

pi ↑ R3, unit quaternions qi ↑ S3, and velocity vi ↑ R.

5.2.2 3D Joint Tool-Part A!ordance Reasoning

To obtain the graspable and functional affordances of tools and parts, we

propose an innovative 3D Joint Tool-Part Affordance (JTPA) reasoning model,

as shown in Fig. 5.2. Inspired by [113], this model takes the point clouds of

both a tool and a part, along with textual affordance labels, and outputs seg-

mented point clouds based on affordance semantics. This process facilitates

subsequent task-aware trajectory generation. Within JTPA, we introduce a

multi-dimensional fusion module, as shown in Fig. 5.3, which seamlessly

integrates semantic and geometric information, thereby augmenting the

model’s accuracy.

The textual affordance labels are encoded using CLIP’s ViT-B/32 [114] text

encoder architecture. The processing pipeline comprises:
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Fig. 5.2: Structure of 3D Joint Tool-Part Affordance (JTPA) reasoning model.

      

 

                 

      

      

      

                 

      

      

      

   

      

      

   

      

           
      

             
      

     

Fig. 5.3: Multi-dimensional fusion module.

1. Tokenization: Input labels are converted to discrete tokens:

T = Tokenize(L) = [L1, L2, . . . , Lml
] ↑ Zml (5.1)

2. Embedding Projection: Token indices are mapped to continuous vector

representations:

E = Embed(T) ↑ Rml→dembed (5.2)

3. Transformer Encoding: The embedded tokens undergo sequential pro-

cessing through N transformer layers, each implementing:

H0 = E + PositionalEncoding(E) (5.3)
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Hl = TransformerLayer(Hl↗1), l = 1, . . . , N (5.4)

where each layer computes:

Al = MultiHeadAttention(Hl↗1, Hl↗1, Hl↗1) (5.5)

Hl = LayerNorm(Al + FFN(LayerNorm(Al))) (5.6)

4. Feature Projection: The final transformer output is linearly projected to

the target dimensionality:

Ftext = Proj(HN) ↑ Rml→n (5.7)

This yields per-label semantic embeddings that preserve affordance-specific

characteristics.

Geometric features are extracted from tool and part point clouds using

PointNet++ [115] backbone with Conv1D and batch norm layers:

1. PointNet++ Backbone: Initial geometric features are extracted while

preserving point cardinality:

Ft

init = PointNet++(Ct) ↑ Rnc→n (5.8)

Fp

init = PointNet++(Cp) ↑ Rnc→n (5.9)

2. Feature Refinement: A 1D convolutional layer with batch normaliza-

tion enhances local feature discrimination:

Ft

pc = BatchNorm(Conv1D(Ft

init)) ↑ Rnc→n (5.10)

Fp

pc = BatchNorm(Conv1D(Fp

init)) ↑ Rnc→n (5.11)
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This processing pipeline generates geometrically meaningful per-point em-

beddings that maintain spatial correspondence with the input point cloud.

To establish semantic alignment between textual affordance labels and ge-

ometric point features, a multi-head cross-attention mechanism [116] is

employed to enable bidirectional information flow between modalities:

Attention(Q, K, V) = softmax
(

QK↘
∈

dk

)

V (5.12)

Atool = MultiHead(Qtool, Ktext, Vtext) (5.13)

Apart = MultiHead(Qpart, Ktext, Vtext) (5.14)

where:

• Qtool ↑ Rnc→N→d: Query vectors from tool point cloud features

• Qpart ↑ Rnc→N→d: Query vectors from part point cloud features

• Ktext, Vtext ↑ Rml→N→d: Key and value vectors from text embeddings

• dk = d/num_heads: Dimension per attention head

This configuration ensures each point dynamically aggregates relevant af-

fordance semantics while maintaining computational efficiency. The cross-

attention outputs are processed through a 1D convolutional layer for feature

refinement:

Xtool = Conv1D(A↘
tool), Xpart = Conv1D(A↘

part) (5.15)

This architecture allows each point feature to dynamically attend to relevant

textual affordance semantics, creating a geometric-semantic representation

space.
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To model tool-part affordance interactions, a cross-object fusion that ex-

changes contextual information between objects is introduced. Affordance

representations from both objects are concatenated along the channel dimen-

sion:

Xfused
tool = Concat(Xtool, Xpart) ↑ RN→2d→nc (5.16)

Xfused
part = Concat(Xpart, Xtool) ↑ RN→2d→nc (5.17)

Then a 1D convolutional layer reduces dimensionality while preserving spatial

structure:

Xred
tool = Conv1D2d≃d(Xfused

tool ) (5.18)

Xred
part = Conv1D2d≃d(Xfused

part ) (5.19)

The reduced features are transformed into per-point affordance probabilities

through three sequential operations: 1) Feature Flattening: Reshape Xred
tool ↑

RN→d→nc to Xflat
tool ↑ R(N→nc)→d; 2) Dimensionality Reduction: Linear projection

to affordance space Ytool = WtoolXflat
tool + btool ↑ R(N→nc)→c; 3) Reshaping:

Restore spatial dimensions Ytool ↑ RN→ml→nc .

Final per-point affordance distributions are obtained via log-softmax:

Otool = LogSoftmax(Ytool), Opart = LogSoftmax(Ypart) (5.20)

The predicted affordance label for each point is ultimately determined by

selecting the category with the highest log probability from the output distri-

bution:

Atool = argmax
c

(Otool), Apart = argmax
c

(Opart), (5.21)
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where c represents the affordance classes. This operation involves identifying

the index of the category with the maximum value for each point, thereby

obtaining the predicted label for that point. In this case, the graspable

affordance A
g and functional affordance A

f are obtained:

Ag = argmax
c↗>grasp

(Otool/part), Af = argmax
c↗>function

(Otool/part). (5.22)

In our approach, we directly use the ViT-B/32 text encoder provided by CLIP,

which has been pre-trained on a large-scale image-text dataset. This encoder

already possesses strong semantic capabilities and can generalize directly

to new categories. To avoid overfitting, improve computational efficiency,

and enhance training stability, we freeze the parameters of the text encoder

during training and only update the parameters of other parts of the JTPA

model.

The propose JTPA model is trained end-to-end by optimizing a composite

loss function designed to jointly learn tool and part affordances. The total

loss Ltotal is a summation of two specialized loss terms: a tool affordance loss

Ltool and a part affordance loss Lpart. The loss function is defined as:

Ltotal = Ltool + Lpart (5.23)

Both components of the loss are formulated as a standard Cross-Entropy (CE)

loss, which is a conventional choice for point cloud segmentation tasks. The

tool affordance loss, Ltool, measures the dissimilarity between the predicted

scores for tool classes and the ground-truth tool labels for each point. For a

single point cloud containing nc points, it is given by:

Ltool = CE(Ptool, Ytool) = ′
1
nc

nc∑

i=1
log



 exp(si,ctool
)

Ctool
j=1 exp(si,j)



 (5.24)

where:

5.2 Methodology 91



• nc is the total number of points in the cloud.

• Ctool is the number of possible tool affordance classes.

• si,j denotes the raw output score (logit) from the network for point i

for tool class j.

• ctool is the ground-truth integer label for the tool affordance at point i.

Analogously, the part affordance loss, Lpart, evaluates the accuracy of the

predicted part segmentation against the ground-truth part labels:

Lpart = CE(Ppart, Ypart) = ′
1
nc

nc∑

i=1
log



 exp(si,cpart)
Cpart

j=1 exp(si,j)



 (5.25)

where:

• Cpart is the number of part affordance classes.

• si,j represents the network’s logit for point i corresponding to part class

j.

• cpart is the ground-truth integer label for the part affordance at point i.

By minimizing the combined loss Ltotal, the network learns a shared feature

representation that is discriminative for both the tool and part aspects of

interaction affordance.

5.2.3 Key Geometric Elements Generation

After obtaining the graspable and functional affordances of each point cloud,

geometric features such as centroids, principal axes (handle directions), and

contact face normals are extracted using Clustering and Principal Component

Analysis (PCA).
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Based on functional affordances, the point cloud for each individual tool-part

contact face is distinguished by Clustering. Let Pf = {p1, ..., pn} be the points

in functional affordance A
f , the contact face separation is formulated as:

Cluster(Pf ) =





{Pf

1 , Pf

2} if ∋n1, n2 s.t. ↭(n1, n2) > ςthreshold

{Pf
} otherwise

(5.26)

where ni represents the normal vector of cluster i, and ςthreshold is the angular

threshold for face separation.

Once the point cloud for each segment is available, the central coordinates

can be easily obtained by calculating the mean. Subsequently, the direction

vectors can be computed using PCA. Let P = {pi}
N

i=1 denote the set of 3D

points belonging to a segmented object or part, where each pi ↑ R3. The

geometric centroid c of the point cloud is:

c = 1
N

N∑

i=1
pi (5.27)

This centroid represents the spatial center of the object or segment. To

determine the principal direction (e.g., the handle direction of a tool), PCA is

performed on the corresponding point cloud areas. Then, covariance matrix

C can be obtained:

C = 1
N

(X ′ c)↘(X ′ c) (5.28)

where X ↑ RN→3 is the matrix of point coordinates. The dominant direction

of the point cloud is described by the eigenvector v1, which is linked to the

maximum eigenvalue φ1 of C:

Cv1 = φ1v1 (5.29)
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This vector is normalized to obtain a unit direction:

v̂1 = v1
∞v1∞

(5.30)

For contact face analysis, the segmented point clouds P1 and P2 are consid-

ered corresponding to two contact faces. Their centroids are given by:

c1 = 1
N1

N1∑

i=1
p(1)

i
, c2 = 1

N2

N2∑

i=1
p(2)

i
(5.31)

The midpoint between the two contact faces, often used as a reference for

alignment, is:

carea = c1 + c2
2 (5.32)

To estimate the normal vector of a contact face, PCA is applied to the cor-

responding face point cloud. The normal n is taken as the eigenvector

associated with the smallest eigenvalue of the covariance matrix Cface:

Cfacen = φminn (5.33)

This normal is also normalized to unit length. To ensure consistent orienta-

tion, if the dot product between two direction vectors (e.g., handle direction

and the vector from the handle to the contact area) is negative, the direction

is flipped:

if a · b < 0, a △ ′a (5.34)

For certain tools (e.g., spanners or bolts), the tangent direction between two

contact faces is defined as the normalized vector connecting their centroids:

t = c1 ′ c2
∞c1 ′ c2∞

(5.35)

This procedure enables robust extraction of geometric features from seg-

mented point clouds, facilitating downstream tasks such as pose estimation,

alignment, and manipulation planning.
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5.2.4 Task-aware Trajectory Generation

Once the graspable and functional affordances, along with the relevant geo-

metric elements, are established, the LLM can be prompted to integrate these

elements to formulate the interim objectives of the task. By incorporating

the three-dimensional perception of obstacles and employing conventional

trajectory planning methods, the trajectory for the robotic arm can be de-

termined. Different input instructions, even when involving the same tools

and parts, necessitate distinct trajectories. For instance, the functional af-

fordance and post-contact trajectory required for using a wrench to tighten

an object versus using it to hammer are entirely different. Consequently, we

integrate movement affordance to enable the LLM to generate corresponding

trajectory code specific to the task, thereby achieving task-aware trajectory

generation.

Movement affordance dictates how the tool should be maneuvered to execute

the task, as represented by various trajectory shapes, and is closely aligned

with functional affordance. When the function is designated as ’hammer,’ the

movement generally follows a straight downward path, requiring increased

speed to achieve the necessary force. This is represented by a straight

trajectory, as illustrated in 1. Conversely, when the function is designated as

’screw,’ the motion typically entails rotating the tool around a central point

at a relatively moderate speed, depicted as a circular trajectory in 2. Each

waypoint in the trajectory specifies position, orientation, and speed.
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Algorithm 1 Get Straight Trajectory
Input:

Fobs: movable object state function

cvoxel: target center in voxel space

ω: unit vector specifying movement direction

d: movement distance in centimeters

vin: desired velocity magnitude (default 1)

Output:

Trajectory waypoints W = {W1, . . . , WN}, where Wi = [pi qi vi], position

pi ↑ R3, unit quaternions qi ↑ S3, and velocity vi ↑ R

//Initial state

1. p0 △ Fobs()[↔_position_world
↔] q0 △ end-effector quaternion

//Target calculation

2. c △ VoxelToWorld(cvoxel) $p △ cm2index(d, ω) c↔
△ c + $p

//Step setup

3. $s △ 0.005 //5mm steps

4. D △ ∞c↔
′ p0∞ N △ ⇔D/$s↖

//Initialize

5. W △ ▽ uϖ △ ω/∞ω∞

//Generate trajectory

6. for n △ 1 to N do

7. sn △ n · $s ; //Distance traveled

8. pn △ p0 + sn · uϖ ; //Position along axis

9. W △ W ≃ {[pn, q0, vin]}
end

//Final point

10. pf △ c↔
W △ W ≃ {[pf , q0, vin]}

11. return W

Fig. 5.4 illustrates task-aware trajectory code generated by the LLM. In Fig.

5.4(a), when the instruction entails using a spanner to screw a bolt, the
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selected functional affordance is ’screw.’ The relevant geometric features

are then aligned to establish the tool’s pose required to contact the bolt

before executing the ’screw’ action. This alignment involves matching the

two segmented surfaces of the tool with those of the bolt while ensuring

perpendicularity between the tool and bolt. The ’circle_trajectory’ movement

affordance is then employed to carry out the ’screw’ action. In Fig. 5.4(b),

when the instruction involves using a spanner to hammer a bolt, the func-

tional affordance switches to ’hammer.’ The associated contact faces are

adjusted, requiring the normal of the tool’s contact face to be collinear and

opposite in direction to the normal of the part’s contact face, with an approx-

imate separation of 5 cm. The ’straight_trajectory’ movement affordance is

then used to perform the hammering action.
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Algorithm 2 Get Circle Trajectory
Input:

Fobs: movable object state function

cvoxel: circle center in voxel space

ςmax: total rotation angle (default 30⇐)

vin: desired velocity (default 1)

Output:

Trajectory waypoints W = {W1, . . . , WN}, where Wi = [pi qi vi], position

pi ↑ R3, unit quaternions qi ↑ S3, and velocity vi ↑ R

//Initial state

1. p0 △ Fobs()[↔_position_world
↔] q0 △ end-effector quaternion

//Circle setup

2. c △ VoxelToWorld(cvoxel) $ς △ 2⇐ //Angular step size

3. N △ ⇔ςmax/$ς↖ ω △ [0, 0, 1]↘ //Z-axis rotation

//Initialize

4. W △ ▽ pz △ p0,z //Constant z-coordinate

//Generate circular trajectory

5. for n △ 1 to N do

6. ςn △ n · $ς //Cumulative angle

7. ε △ p0,xy ′ cxy //XY offset

8. R(ςn) △




cos ςn ′ sin ςn

sin ςn cos ςn



 //Rotation matrix

9. pn,xy △ R(ςn)ε + cxy pn △ [pn,x, pn,y, pz]↘

10. q! △ exp(0.5 · [0, 0, ′ςn]↘) //Delta quaternion

11. qn △ q0 ̸ q!

12. W △ W ≃ {[pn, qn, vin]}
end

//Final point

13. pf △ [pN,x, pN,y, pz]↘ W △ W ≃ {[pf , qN , vin]}
14. return W
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# adjust gripper rotation so that the spanner and bolt are aligned in a screw 
posture
translation = bolt.tool_part_contact_area - spanner.tool_part_contact_area
x,y,z = get_gripper_position() + translation

# move gripper so that spanner and bolt are tightly connected in the aligned 
screw position
tangent_spanner = spanner.tool_part_contact_face_tan
tangent_bolt = bolt.tool_part_contact_face_tan
tangent_spanner_xy = np.array([tangent_spanner[0],tangent_spanner[1],0])
tangent_bolt_xy = np.array([tangent_bolt[0],tangent_bolt[1],0])
if np.dot(tangent_spanner_xy,tangent_bolt_xy) <0:

tangent_bolt_xy = -tangent_bolt_xy
quat_rotation = vector_to_quat(tangent_spanner_xy,tangent_bolt_xy)
quat_current = get_gripper_posture()
target_rotation = qmult(quat_rotation,quat_current)

# grasp the spanner
x,y,z = spanner.graspable_point

LLM Generation

LLM Generation

# gently rotate the gripper 30 degrees around the bolt
center = bolt.tool_part_contact_area
target_traj = get_circle_trajectory(gripper, center, degree=30)

LLM Generation

‘Use the spanner to screw the bolt.’

Graspable affordance

Functional affordance
(Screw)

Movement affordance
(Rotate)

(a)

# adjust gripper rotation so that the spanner and the bolt are aligned in a 
hammer posture
translation = bolt.tool_part_contact_area - spanner.tool_part_contact_area
x,y,z = get_gripper_position() + translation
z = z + cm2index(5, ‘z’)

# move the gripper position to align the spanner and bolt to the position 
where you are ready to hammer
spanner_normal = spanner.tool_part_contact_face_1_normal
bolt_normal = bolt.tool_part_contact_face_1_normal
spanner_normal_xz = np.array([spanner_normal[0], 0, 
spannerr_normal[2]])
bolt_normal_xz = np.array([bolt_normal[0], 0, bolt_normal[2]])
quat_rotation = self.vector_to_quat(spanner_normal_xz, -bolt_normal_xz)
quat_current = self.get_gripper_posture()
target_rotation = qmult(quat_rotation, quat_current)

LLM Generation

# move the gripper straight down and let spanner tap the bolt down 1cm
center = bolt.tool_part_contact_area in 2x speed
axis = -bolt.normal
target_traj = get_straight_trajectory(gripper, center, axis, distance=1, v=2)

LLM Generation

# grasp the spanner
x,y,z = spanner.graspable_point

LLM Generation

‘Use the spanner to hammer the bolt.’

Functional affordance
(Hammer)

Movement affordance
(Forward)

Graspable affordance

(b)

Fig. 5.4: Task-aware trajectory generation.

5.3 Experiments

Comprehensive experiments are conducted to verify the efficiency of the

proposed 3D-HiAR approach. First, the ablation experiments are conducted

on the JTPA model to verify the effectiveness of the multi-dimensional fusion

module. Next, comparative experiments are performed in the simulator to

demonstrate the advantages of the proposed hierarchical framework and the

role of the three affordances within the entire pipeline. Finally, case studies

are provided in real manufacturing settings to validate the proposed method’s

significant potential for future industrial applications.

5.3.1 Open vocabulary joint tool-part a!ordance

detection

Data collection and model training

The 3D joint tool-part affordance detection model is train on custom dataset

including 300 annotated tool and part point clouds (240 for training, 60 for
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testing). In this dataset, tools include hammers, spanners, and screwdrivers,

while parts include bolts and nails. The textual affordance labels include

’none’, ’grasp’, ’hammer’, and ’screw’. During training, the text encoder

remained fixed while the other components of the model were trained in

an end-to-end manner. The number of point clouds in both tool and part nc

is fixed to 3000, and the number of extracted features both by point cloud

encoder and text encoder n is fixed to 512. The model is trained on a NVIDIA

GeForce RTX 3090 GPU.

Affordance detection resutls

The Intersection over Union (IoU) and point accuracy are employed as the

evaluation metrics for the point cloud affordance detection experiments.

Table 5.1 shows the overall performance of the JTPA model on the custom

dataset. The average tool IoU is 0.721 in validation and 0.713 in testing.

The average part IoU is 0.668 in validation and 0.664 in testing. The overall

accuracy is 0.912 in validation and 0.909 in testing. Overall, the IoU for parts

surpasses that for tools due to the more intricate affordance labels associated

with tools, which encompass grasp, screw, hammer, and none. In contrast,

part segmentation only necessitates reasoning about screw, hammer, and

none, without accounting for grasp.

Table 5.1: Affordance Detection Overall Results

Category Val Test

Avg. Tool IoU 0.668 0.664
Avg. Part IoU 0.721 0.713
Point Accuracy 0.912 0.909

Table 5.2 provides a more detailed class-wise analysis of the affordance

detection results, including the tools, parts, and overall performance within

each affordance label. Generally, the evaluation results across the four classes

are relatively balanced, with the classes ’none’ and ’hammer’ achieving higher

testing IoU scores of 0.876 and 0.872, respectively. In contrast, ’grasp’ and
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Table 5.2: Affordance Detection Class-Wise Results

Class Avg Tool IoU Avg Part IoU Overall IoU

Val Test Val Test Val Test

None 0.692 0.690 0.987 0.986 0.878 0.876
Grasp 0.740 0.728 - - 0.740 0.728
Screw 0.701 0.677 0.733 0.714 0.720 0.699
Hammer 0.752 0.755 0.954 0.957 0.872 0.872

’screw’ performed slightly weaker, with testing IoU scores of 0.728 and 0.699,

respectively. For the ’none’ class, the IoU for parts significantly exceeds that

for tools. This discrepancy arises because parts have only a small portion of

point clouds requiring segmentation for functional affordances, with most

points classified as ’none.’ Conversely, for tools, the majority of points possess

graspable or functional affordance point clouds, leaving fewer points for

the ’none’ category. As a result, parts appear to perform better in this class.

For the ’grasp’ class, since this class exists only in tools and not in parts,

we only calculated the IoU for tools to maintain computational relevancy.

Consequently, the overall IoU for this class was directly taken as the average

tool IoU. In testing, the IoU for tools in the ’grasp’ class reached 0.728.

For the ’screw’ class, the geometrical surfaces involved are more complex

than those of other categories. For example, in a spanner, it consists of two

separate planes, and in a flathead screw, it involves a narrow gap. As a

result, the ’screw’ category yields the lowest results for both tools and parts.

However, even with these challenges, the average tool IoU reached 0.677,

and the average part IoU reached 0.714, making it a commendable outcome.

Compared to ’screw,’ the ’hammer’ class involves much simpler geometric

features, which leads to generally better performance on both tools and parts.

The IoU scores reached 0.755 for tools and 0.957 for parts, respectively.

Open vocalulary demonstration

Benefiting from the cross-modal semantic generalization capability of the

CLIP text encoder, JTPA achieves robust generalization to novel affordance
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Fig. 5.5: Open vocabulary joint affordance detection demonstration.

labels without task-specific fine-tuning. Fig. 5.5 illustrates the JTPA detection

results and open vocabulary demonstrations, where (a) includes seen labels,

and (b) includes unseen labels. The affordance detection results are repre-

sented in different colors. For the spanner-bolt combination, in (a) the seen

labels include ’screw,’ while in (b) it is replaced by unseen labels ’rotate’ and

’twist.’ The yellow-colored areas still correctly highlight the contact regions

between the spanner and bolt during the screwing task. For the hammer-nail

combination, in (a), the seen label is ’hammer,’ shown in orange, and in (b),

this label is replaced by ’hit’ and ’pound.’ JTPA successfully generates the

correct contact faces on both the hammer and nail for the hammering task.

In the screwdriver and slotted nail combination, the seen label ’screw’ is re-

placed by unseen labels ’twist’ and ’rotate.’ As shown in (b), JTPA accurately

detects and segments the corresponding yellow areas on the screwdriver and

nail.

5.3.2 Ablation study

To validate the effectiveness of the proposed multi-dimensional fusion mod-

ule, ablation experiments are conducted, and the results are presented in
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Table 5.3. The structure of JTPA was inspired by the OpenAD model [113],

where the point cloud-text fusion module originally relied on correlation.

However, cross-attention can dynamically model the global contextual de-

pendencies between the two modalities through learnable attention weights,

enabling adaptive feature interaction. Furthermore, cross-object fusion can

enhance the geometric feature integration between point clouds, thereby

improving the reasoning of functional affordances. Therefore, for the fusion

module, we experimented with four different structures: correlation only,

cross-attention only, correlation + cross-object fusion, and cross-attention

+ cross-object fusion. Our experiments revealed that the combination of

cross-attention + cross-object fusion achieved the best performance in terms

of average tool IoU, average class IoU, and point accuracy. Consequently, the

cross-attention + cross-object fusion combination is selected as the multi-

dimensional fusion module in JTPA model.

Table 5.3: Affordance Detection Ablation Study Results

Configuration Avg. Tool IoU Avg. Part IoU Avg. Class IoU Accuracy

Val Test Val Test Val Test Val Test

Correlation 0.635 0.627 0.670 0.667 0.755 0.748 0.888 0.884
Cross-Att. 0.576 0.580 0.655 0.640 0.719 0.711 0.872 0.872
Correlation + Cross-Obj. 0.610 0.616 0.622 0.620 0.719 0.719 0.886 0.885
Cross-Att. + Cross-Obj. 0.721 0.713 0.668 0.664 0.803 0.794 0.912 0.909

5.3.3 Comparative experiment

Simulation settings

CoppeliaSim [117] is used as the experimental simulator, with the basic

scene settings referencing those from RLBench [118]. Building on this

foundation, four task scenarios are created: spanner with bolt (for screwing),

spanenr with flat-head nail (for hammering), hammer with flat-head nail (for

hammering), and screwdriver with slotted screw (for screwing).
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Baseline methods

VoxPoser [51] is one of the most famous methods to combine VLM and LLM

for robotic manipulation tasks. The value map framework it introduced

effectively integrates the outputs of both models, laying the groundwork for

multimodal manipulation. Building on this, MOKA [119] and ReKeP [120]

have further refined the representation of object functionality by introducing

the concept of keypoint affordance, allowing robots to perform more precise

operations on different functional parts of objects. For our baseline, we have

chosen VoxPoser, MOKA, and ReKeP to cover the key technological evolution

from global value maps to local affordances.

Table 5.4: Comparative Experiment Results

Method Task Overall
Success Rate

Stage Success Rate

Grasp Contact Operate Average

VoxPoser

Screwdriver + Sloted nail (Srewing) 0/10 10/10 0/10 0/10

50.%Spanner + Bolt (Screwing) 0/10 10/10 0/10 0/10
Spanner + Nail (Hammering) 0/10 10/10 0/10 10/10
Hammer + Nail (Hammering) 0/10 10/10 0/10 10/10

MOKA

Screwdriver + Sloted nail (Srewing) 0/10 10/10 0/10 6/10

75.83%Spanner + Bolt (Screwing) 4/10 10/10 3/10 8/10
Spanner + Nail (Hammering) 7/10 10/10 7/10 10/10
Hammer + Nail (Hammering) 7/10 10/10 7/10 10/10

ReKeP

Screwdriver + Sloted nail (Srewing) 0/10 10/10 0/10 6/10

78.33%Spanner + Bolt (Screwing) 6/10 10/10 3/10 9/10
Spanner + Nail (Hammering) 7/10 10/10 8/10 10/10
Hammer + Nail (Hammering) 8/10 10/10 8/10 10/10

3D-HiAR

Screwdriver + Sloted nail (Srewing) 4/10 10/10 6/10 7/10

90.00%Spanner + Bolt (Screwing) 7/10 10/10 7/10 8/10
Spanner + Nail (Hammering) 7/10 10/10 10/10 10/10
Hammer + Nail (Hammering) 8/10 10/10 9/10 10/10

Comparison results

Table 5.4 shows the success rate of 3 baseline models and the proposed

3D-HiAR model in 4 tasks, the 3D-HiAR framework outperforms others by ob-

taining the best success rate across all tasks, with an overall average success

rate of 90.00%. Fig. 5.6 further illustrates the impact of having only object-
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Fig. 5.6: Comparative experiment demonstration.

level affordance, the presence of keypoint affordance, and the proposed

3D-HiAR on the four tasks. For VoxPoser, it only has object-level affordance,

where the object is considered the smallest whole. Therefore, for all tasks, the

tool is simply picked up and the gripper is moved directly above the center of

the part, failing to achieve the correct tool-part contact, which leads to task

failure. For the keypoint-based methods like MOKA and REKEP, they refine

the affordance of different parts of each object, allowing them to perform

the hammering task relatively well. However, due to their reliance solely on

keypoint alignment without a more detailed description of geometric rela-

tionships (such as surfaces and vectors), they struggle with tasks demanding

higher precision, like screwing. This results in difficulties achieving correct

tool-part contact, leading to task failure. For our proposed 3D-HiAR, the

extraction of geometric elements based on functional affordance significantly

improves tool-part contact. Additionally, the subsequent movement affor-

dance allows the system to successfully accomplish task-aware trajectory

generation (such as screwing with a spanner and hammering with a span-

ner). Therefore, we can conclude that our proposed 3D-HiAR effectively aids

robots in performing precise tool-use manipulation.
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Fig. 5.7: Manufacturing platform setting.

5.3.4 Case study in real manufacturing

environment

Real environment setup

Regarding the real-world case study, the proposed 3D-HiAR approach has

been deployed in a real manufacturing setting to validate its feasibility

in practical industrial applications. As shown in Fig. 5.7, one assembly

workstation with UR5 robot arm, one Intel Realsense L515 RGBD camera,

the tools (hammer & spanner) and parts (nail & bolt) are included in this

platform. Based on this manufacturing platform, two tasks are considered:

hammer the nail and screw the bolt.

Manufacturing tasks performance

Fig. 5.8 and Fig. 5.9 present the affordance detection and keyframes during

screwing and hammering tasks performance in real manufacturing senario.

The success rate for the hammering task is 7/10, and for the screwing task, it
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Fig. 5.8: Hammering task in real manufacturing platform.

is 4/10. The main factors affecting task performance include lighting condi-

tions, camera precision, and background interference. Task success rates can

be improved by making the background cleaner, ensuring softer lighting, and

increasing the number of cameras. Notably, these results are achieved using

only a single RGB-D camera without auxiliary sensors, demonstrating robust

accuracy under minimal hardware requirements. This efficient configura-

tion makes 3D-HiAR particularly valuable for smart manufacturing, where

cost-effective deployment and system simplicity are paramount.

Discussion

In real industrial deployments, the effectiveness of the proposed method

depends heavily on the completeness of the acquired point clouds, which in

turn imposes stringent requirements on depth-camera accuracy and the post-

calibration stability of the camera pose. In simulation, we directly used six

cameras to extract point clouds of tools and parts from multiple viewpoints

and obtained complete geometry by simply aggregating the six views. In
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Fig. 5.9: Screwing task in real manufacturing platform.

real-world settings, however, we must first obtain tool and part point clouds

via zero-shot object detection and segmentation (GroundingDINO[121] and

the Segment Anything Model [122] are considered in our experiments).

If multiple cameras are installed at different viewpoints, extensive point-

cloud registration is required, and will constrain the feasible task-space size.

Thus, only a single camera is implemented in our experiment. In this case,

point cloud completion or point cloud 6D pose estimation for aligning with

a complete template is required. As zero-shot point cloud completion is

prohibitively time-consuming, we instead perform 6D pose estimation on

the observed point cloud to coarsely align it with an existing complete point

cloud, and then apply point cloud registration for precise refinement, thereby

recovering a complete point cloud representation of the scene.
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5.4 Summary

This article introduces 3D-HiAR, a foundational model-based method for 3D

hierarchical affordance reasoning, concentrating on precise tool-use tasks

within industrial settings. This approach comprises two critical components:

the first is the 3D Joint Tool-Part Affordance Grounding (JTPA) model, which

enables open-vocabulary 3D joint tool-part affordance detection to produce

graspable and functional affordances. The second component is Task-aware

Trajectory Generation (TaTG), which utilizes an LLM in conjunction with

motion affordance to generate motion trajectories for executing intricate

tool-use operations. Experimental results demonstrate that the proposed

hierarchical affordance reasoning framework surpasses current state-of-the-

art methods and is validated through case studies on real manufacturing

platforms, highlighting its feasibility in practical industrial scenarios.

The proposed method has some limitations. It is sensitive to the precision

of point clouds, necessitating high standards for ambient lighting conditions

and camera resolution. Additionally, due to the extended inference chain

of LLM and their dependence on network connectivity, trajectory inference

is relatively slow. Furthermore, to enhance the success rate of the entire

pipeline, the system relies on initial full point cloud alignment or completion,

which adds complexity to system deployment. Finally, the proposed VLM

exhibits zero-shot capability only in the text modality, and has been evaluated

solely on our custom industrial dataset with limited task and scene types.

In the future, there will be a shift towards end-to-end vision-language-action

models, integrating 3D affordance detection and the concept of hierarchical

reasoning within an end-to-end framework. Furthermore, we plan to incorpo-

rate force feedback from the robotic end effector into the model’s inference

pipeline to execute more complex operational tasks. Additionally, we will

consider using humanoid dexterous hands as end effectors to perform tasks
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requiring greater flexibility. Finally, we will focus on improving the visual

generalization ability, and expanding the diversity of tasks and environments

considered.

5.4 Summary 110



6Conclusions

This study demonstrates a significant advancement in human–robot interac-

tive systems for human-centric smart manufacturing, encompassing three

fundamental tasks: task planning, navigation, and manipulation. The three

corresponding research objectives can be summarized as follows: 1) pro-

pose a coarse-to-fine vision-grounded CoT-based task planning method for

unforeseen manufacturing scenarios; 2) propose a vision and language-based

human guided robotic navigation method in human-centric smart manu-

facturing with extra consideration of sensor noise problems and free-form

interaction manner; 3) propose a vision and language-based 3D hierarchical

affordance reasoning approach for industrial robot tool-use manipulation. In

this chapter, the key ccorresponding contributions, the limitations and future

work will be presented.

6.1 Contributions

This project aims to propose a systematic vision-language model-based

methodology for HRI in human-centric manufacturing, in which three aspects

are considered: vision and language-multi-robot task planning, vision and

language-based mobile robot navigation, and vision and language-based

robot arm manipulation. The research works that have been accomplished

are listed here:

Contribution 1: Revealed the mechanisms, applications, and signifi-

cance of multimodal human–robot interaction for human-centric smart

manufacturing.
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HRI has escalated in notability in recent years, and multimodal communica-

tion and control strategies are necessitated to guarantee a secure, efficient,

and intelligent HRI experience. In spite of the considerable focus on multi-

modal HRI, comprehensive disquisitions delineating various modalities and

intricately analyzing their combinations remain elusive, consequently lim-

iting holistic understanding and future advancements. This article aspires

to bridge this inadequacy by conducting a profound exploration of multi-

modal HRI, predominantly concentrating on four principal modalities: vision,

auditory and language, haptics, and physiological sensing. An extensive

review encapsulating algorithmic dissection, interface devices, and applica-

tive dimensions forms part of this discourse. This manuscript distinctively

combines multimodal HRI with cognitive science, deeply probing into the

three dimensions, perception, cognition, and action, thereby demystifying

algorithms intrinsic to multimodal HRI. Finally, it accentuates the empirical

challenges and contours of preemptive trajectories for multimodal HRI in

human-centric smart manufacturing.

Contribution 2: Proposed a coarse-to-fine vision-grounded chain-of-

thought task planning approach for manufacturing unforeseen scenar-

ios.

Task planning plays a crucial role in the whole HRC system, which involves

interpreting human instructions and combining them with the current task

requirements and environmental conditions to determine the robot’s next

actions. However, current methods lack integrated global-local contextual

reasoning and fail to effectively eliminate issues such as hallucinations and

ambiguous expressions in content generated by LLMs and VLMs. To fill the

gaps, we proposed a coarse-to-fine vision-grounded chain-of-thought reason-

ing approach for human-robot interactive task planning for unforeseen sce-

narios. This approach comprises two essential components: multi-granularity

visual parsing and coarse-to-fine CoT reasoning. The multi-granularity visual

parsing enables hierarchical segmentation and the generation of mark_ids,

6.1 Contributions 112



allowing the LLM to reason effectively based on these identifiers and produce

clear operational instructions. The coarse-to-fine CoT framework seamlessly

integrates global scene understanding with local perspective analysis, facil-

itating joint reasoning and the generation of stable, executable task plans.

The experiment results show the efficiency and innovation of the proposed

method, and great significance for unforeseen manufacturing senarios.

Contribution 3: Introduced a vision and language-based human-guided

robotic navigation method in unstructured environments for human-

centric smart manufacturing.

Within the manufacturing domain, there is a specific scenario where materials

and tools are not exclusively positioned on the workstation. This poses a

challenge as operators often face disruptions to the manufacturing process

due to the need to fetch tools repeatedly. To address this issue, we present an

innovative vision and language-based human-guided navigation approach to

assist operators in retrieving tools more efficiently. The proposed framework

involves various components. Firstly, the 3D point cloud reconstruction and

semantic segmentation of a real HRC manufacturing scene are performed,

providing a detailed representation of the environment. Secondly, the LLM is

leveraged to comprehend natural language commands and generate Python

code. Additionally, the Pathfinder module is incorporated for path planning,

which aids in optimizing the cobot’s navigation towards the desired tools.

To evaluate the effectiveness of the proposed framework, the experiment

of semantic segmentation, 3D point cloud reconstruction, single-object and

multi-object vision and language cobot navigation are conducted in a sim-

ulator. Through extensive experimentation, we demonstrate that the AGV

within our framework can accurately comprehend complex language instruc-

tions and execute the necessary operations to assist human operators in

completing manufacturing tasks. These results showcase the potential of our

approach in improving operational efficiency and reducing disruptions in the

manufacturing process.
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Contribution 4: Developed a foundation model-based 3D hierarchical

affordance reasoning approach for industrial robot tool-use manipula-

tion.

Robotic manipulation presents a fundamental research challenge in smart

manufacturing. Current methodologies primarily concentrate on pick-and-

place operations for basic industrial functions such as assembly, material han-

dling, and sorting; however, they exhibit limited proficiency in executing com-

plex tool-use operations, including nail hammering, bolt fastening, or screw

driving. To address the challenges, we introduced 3D-HiAR, a foundational

model-based 3D Hierarchical Affordance Reasoning approach for robotic tool-

use manipulation in industrial tasks. The overall framework comprises two

principal components: 1) 3D Joint Tool-Part Affordance (JTPA) reasoning,

wherein a novel Vision-Language Model (VLM) with multi-dimensional fea-

ture fusion is introduced to jointly infer graspable and functional affordances

based on task semantics and the 3D geometric relationships between tools

and parts; and 2) Task-aware Trajectory Generation (TaTG), which utilizes an

LLM to translate tool-part affordances and linguistic instructions into a series

of physical constraints, thus generating post-contact end-effector trajectories

as movement affordances. Extensive experiments have demonstrated that the

proposed method achieves an overall task success rate of 81.67%, surpassing

other current state-of-the-art methods. Additionally, in a real manufactur-

ing environment, we tested the success rates of common industrial tasks

with minimal hardware configuration, achieving 70% for the hammering

task. This demonstrates the proposed method’s great potential significance

in future human-centric smart manufacturing.

6.2 Limitations

Limitation 1: The proposed VLM-based HRI approaches largely depend

module-based integration and tuning.
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Current proposed approaches are primarily modular-based methods, which

often involve separately designed and optimized subsystems for perception,

planning, and control. While such decomposition offers interpretability and

ease of debugging, it may lead to suboptimal performance due to error ac-

cumulation between modules and limited ability to generalize to unseen

scenarios. Furthermore, modular systems often require significant man-

ual engineering and domain-specific tuning, reducing their scalability and

adaptability in dynamic real-world environments.

Limitation 2: The proposed methodology only considers navigation and

manipulation as separate processes.

Current systems typically address manipulation and navigation as indepen-

dent tasks, employing decoupled policies for each capability. This division

often results in inefficient and uncoordinated behaviors when robots operate

in scenarios requiring simultaneous mobility and interaction, such as moving

while handling objects or adjusting posture to reach a target. The lack of in-

tegrated control leads to suboptimal performance, increased task completion

time, and limited applicability in dynamic human-shared environments.

Limitation 3: The input and output modalities are only restricted to

vision and language.

Existing methods predominantly rely on vision and language modalities,

overlooking the critical role of physical interactions, such as force and torque

feedback. This omission limits the robot’s ability to perform tasks requiring

precise contact, compliance, or delicate manipulation—e.g., assembly, in-

sertion, or handling fragile objects. As a result, current systems may lack

robustness in real-world scenarios where tactile and haptic cues are essential

for successful and safe execution.
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6.3 Future work

Future work 1: Towards end-to-end vision-language-action models for

robot manipulation and navigation.

To overcome the limitations of current modular systems, a promising direction

is the development of end-to-end Vision-Language-Action (VLA) models. Such

models would integrate perception, reasoning, and control into a unified

neural architecture, trained jointly to translate natural language instructions

and visual observations directly into robot actions. By bypassing hand-

designed intermediate representations and avoiding error propagation across

separate modules, end-to-end VLAs could achieve stronger generalization,

improved robustness, and greater flexibility in open-world human-centric

environments, such as smart manufacturing facilities. Future work should

focus on collecting large-scale multimodal task demonstrations, designing

effective architectures for real-time control, and incorporating safety-aware

learning mechanisms to enable reliable and scalable deployment in dynamic

settings.

Future work 2: Unified Learning for Loco-manipulation.

A promising future direction is to develop unified learning frameworks for lo-

comanipulation, which jointly optimize navigation and manipulation policies

within a single model. Such systems could dynamically coordinate motion

and interaction strategies in real time, enabling seamless task execution

in complex industrial settings. Future efforts should focus on multi-task

reinforcement learning, shared representation learning across modalities,

and sim-to-real transfer to facilitate robust and efficient locomanipulation

capabilities.

Future work 3: Integration of force-torque sensing for multimodal learn-

ing.
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Future research will explore the integration of force-torque sensing to de-

velop multimodal vision-language-force models. By incorporating haptic

feedback, robots can achieve more nuanced and adaptive control in contact-

rich tasks. This direction involves designing fusion mechanisms for cross-

modal reasoning, collecting multimodal datasets with physical interactions,

and developing compliant control policies that leverage both perceptual and

physical feedback for safer and more precise manipulation in unstructured

environments.
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