UH
_i_ti_
a3 Universitit Hamburg

DER FORSCHUNG | DER LEHRE | DER BILDUNG

Responsible and Generalizable Dexterous
Manipulation through Multimodal Perception,
Reasoning, and Sim2Real Learning

Dissertation
for the acquisition of the academic degree
Dr. rer. nat
submitted to the Faculty of Mathematics, Informatics and Natural Sciences
Department of Informatics
Universitdt Hamburg

Supervisor: Prof. Dr. Jianwei Zhang

submitted by
Lei Zhang
Course of study: Informatik
January, 2026



mailto:jianwei.zhang@uni-hamburg.de
mailto:zhanglei.cn.de@gmail.com




Day of oral defense: 29.06.2026

The following evaluators recommend the admission of the dissertation:
Reviewer:

Prof. Dr. Jianwei Zhang

Department of Informatics,

Universitit Hamburg, Germany

Reviewer:

Prof. Dr. S6ren Laue
Department of Informatics,
Universitit Hamburg, Germany

Chair:

Prof. Dr. Stefan Wermter
Department of Informatics,
Universitit Hamburg, Germany


mailto:jianwei.zhang@uni-hamburg.de
mailto:soeren.laue@uni-hamburg.de
mailto:stefan.wermter@uni-hamburg.de

v



Abstract

Abstract

As robotic systems move beyond controlled laboratory settings toward open, dynamic,
and unpredictable real-world environments, a fundamental challenge emerges: enabling
robots to perform dexterous manipulation that generalizes across tasks, adapts to novel
situations, and behaves responsibly in the presence of safety risks. Conventional manip-
ulation approaches—heavily reliant on structured environments and large volumes of
annotated data—struggle to transfer across domains and lack the ability to proactively
reason about physical and semantic safety during interaction.

This dissertation presents a hierarchical and integrative research framework toward
generalizable and responsibility-aware dexterous robotic manipulation. The framework
consists of contributions across Sim2Real transfer learning, multimodal representation
modeling, dexterous manipulation policy learning, and responsibility-aware decision-
making. Together, the contributions enhance the adaptability, resilience, and societal
readiness of robotic manipulation systems operating in complex environments.

To enable generalization in real-world robotic manipulation, the dissertation pro-
poses a Sim2Real transfer strategy coupled with targeted data augmentation. This ap-
proach alleviates the cost and scarcity of real-world annotations while enabling robust
policy transfer from simulation to reality, particularly in cluttered and out-of-distribution
scenarios. The method supports stable manipulation performance under significant per-
ception and task variation.

To support dexterous manipulation learning, a multimodal data generation pipeline
tailored for high-degree-of-freedom robotic hands is introduced. The dataset contains
cluttered-scene grasping instances, grasp quality annotations, contact semantic maps,
and functional affordance information, forming a scalable foundation for multimodal
policy learning under contact-rich interactions.

Building upon the data foundation, this dissertation proposes three novel multimodal
representations that substantially improve manipulation generalization. The contact se-
mantic representation models contact regions, topological relations, and semantic at-
tributes between hand and object, reducing contact ambiguity and improving contact
information-guided manipulation generation. The grasp evaluation representation incor-
porates explicit structural constraints and contact topology modeling to capture the com-
plexity of dexterous hands, overcoming limitations of quality metrics designed for sim-
ple grippers and improving grasp reliability in cluttered scenes. The functional represen-
tation aligns object affordances with manipulation trajectories, enabling cross-instance,
cross-category, and cross-task policy transfer, and supporting one-shot trajectory adap-
tation to new physical scenarios.

Beyond improving manipulation capability, the dissertation advances the field to-
ward responsible robotic manipulation. The proposed Safety-as-Policy framework em-
beds safety reasoning and risk awareness into the policy generation loop, treating safety
not as an external constraint but as an intrinsic property of decision-making. Further-
more, the ResponsibleRobotBench benchmark provides a standardized protocol for eval-
uating risk-aware manipulation, multimodal reasoning, and human-in-the-loop collabo-
ration, thereby enabling transparent and accountable evaluation of robot behavior.

In summary, this work contributes conceptual, algorithmic, and system-level founda-
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Abstract

tions that extend robotic manipulation from merely executing tasks toward safe, general-
izable, and trustworthy operation. Future research will explore robotic foundation mod-
els, real-time reasoning under uncertainty, and human-in-the-loop collaboration, moving
toward autonomous robotic agents capable of resilient and responsible operation in truly
open-world environments.
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Zusammenfassung

Mit dem Ubergang robotischer Systeme von kontrollierten Laborbedingungen hin zu
offenen, dynamischen und unvorhersehbaren Realweltszenarien stellt sich eine zentrale
Herausforderung: Roboter zu befihigen, geschickte Manipulationen auszufiihren, die
iiber verschiedene Aufgaben hinweg generalisierbar sind, sich an neuartige Situatio-
nen anpassen konnen und verantwortungsbewusst im Umgang mit Sicherheitsrisiken
agieren. Herkdbmmliche Manipulationsansitze — die stark auf strukturierte Umgebungen
und umfangreiche manuelle Annotationen angewiesen sind — erweisen sich als begrenzt
ibertragbar auf neue Anwendungsdomiénen und besitzen keine hinreichenden Mech-
anismen zur proaktiven Bewertung physischer und semantischer Risiken wihrend der
Interaktion.

Diese Dissertation présentiert ein hierarchisches und integratives Forschungsframe-
work zur Entwicklung generalisierbarer und verantwortungsbewusster geschickter Rob-
otermanipulation. Das Framework vereint Beitrédge in den Bereichen Sim2Real-Transfe-
rlernen, multimodale Représentationsmodellierung, Strategielernen fiir geschickte Ma-
nipulation sowie sicherheitsbewusste Entscheidungsfindung. Zusammengenommen sté-
rken diese Beitrige die Anpassungsfahigkeit, Resilienz und gesellschaftliche Einsatzfih-
igkeit robotischer Manipulationssysteme in komplexen realweltlichen Umgebungen.

Zur Forderung der Generalisierung unter realen Bedingungen wird eine Sim2Real-
Transferstrategie vorgeschlagen, die gezielte Datenaugmentation integriert. Dieser Ans-
atz reduziert die Abhéngigkeit von kostenintensiven, realweltlich annotierten Daten-
sdtzen und ermoglicht gleichzeitig einen robusten Politiken-Transfer von der Simula-
tion in die physische Realitdt, insbesondere in unstrukturierten oder Out-of-Distribution-
Szenarien. Das Verfahren gewihrleistet stabile Manipulationsleistungen bei erheblichen
Wahrnehmungs- und Aufgabenvariationen.

Zur Unterstiitzung des Lernens geschickter Manipulationsstrategien wird eine multi-
modale Datengenerierungspipeline fiir Roboterhiinde mit vielen Freiheitsgraden einge-
fiihrt. Der resultierende Datensatz enthélt Greifbeispiele aus chaotischen Szenen, Greif-
qualitdtsbewertungen, semantische Kontaktkarten sowie funktionale Affordanzen und
bildet damit eine skalierbare Grundlage fiir multimodales, kontaktorientiertes Strate-
gielernen.

Aufbauend auf dieser Datenbasis entwickelt die Arbeit drei neuartige multimodale
Reprisentationen, die die Generalisierungsfihigkeit in der Manipulation substanziell
verbessern. Die semantische Kontaktreprisentation modelliert Kontaktregionen, topol-
ogische Relationen und semantische Eigenschaften zwischen Hand und Objekt. Sie
reduziert Kontaktunklarheiten und verbessert die durch Kontaktinformation gesteuerte
Manipulationserzeugung. Die Greifbewertungsrepriasentation integriert explizite struk-
turelle Einschrinkungen und Kontakt-Topologie, um die Komplexitit geschickter Robot-
erhinde adidquat abzubilden. Dadurch werden bisherige Begrenzungen herkommlicher
Qualitdtsmetriken — meist fiir einfache Greifer konzipiert — iiberwunden, was zu einer
erhohten Zuverlédssigkeit beim Greifen in uniibersichtlichen Szenen fiihrt. Die funk-
tionale Représentation verbindet funktionale Objektmerkmale mit Manipulationstrajek-
torien und ermoglicht so den Transfer von Strategien iiber Instanzen, Kategorien und
Aufgaben hinweg. Sie unterstiitzt auBerdem One-Shot-Trajektorienanpassungen an neue
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physikalische Szenarien.

Uber die reine Steigerung der Manipulationsleistung hinaus trigt die Dissertation
wesentlich zur Weiterentwicklung hin zu verantwortungsbewusster robotischer Manipu-
lation bei. Das eingefiihrte Safety-as-Policy-Framework verankert sicherheitsorientiertes
Denken und Risikobewusstsein direkt im politischen Entscheidungsprozess, indem es
Sicherheit nicht als externe Nebenbedingung, sondern als integralen Bestandteil der
Strategiegenerierung behandelt. Dariiber hinaus bietet der ResponsibleRobotBench-Ben-
chmark ein standardisiertes Protokoll zur Bewertung sicherheitsbewusster Manipula-
tion, multimodaler Schlussfolgerungsfihigkeit und Mensch-in-der-Schleife-Interaktion,
wodurch eine transparente und iiberpriifbare Evaluation robotischen Verhaltens ermogli-
cht wird.

Insgesamt leistet diese Arbeit konzeptionelle, algorithmische und systemische Beitr-
dge, die die robotische Manipulation von bloBer Aufgabenausfithrung hin zu einem
sicheren, generalisierbaren und vertrauenswiirdigen Verhalten weiterentwickeln. Zukiin-
ftige Forschung wird sich auf den Aufbau roboterzentrierter Foundation-Modelle, Echt-
zeit-Schlussfolgerungen unter Unsicherheit sowie Mensch-in-der-Schleife Kollabora-
tionsmechanismen konzentrieren, um autonome robotische Agenten zu ermoglichen,
die in offenen Welten resilient und verantwortungsbewusst operieren kbnnen.
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Chapter 1

Introduction

1.1 Motivation: Why Multimodal Dexterity Matters

As robotic technologies continue to expand their applications in industrial, warehousing,
and domestic environments, the expectations placed upon robotic systems have signif-
icantly increased. Modern robots are now required not only to operate in dynamic and
unstructured settings but also to perform dexterous manipulation with safety, ef ciency,
and adaptability. In contrast to traditional robotic tasks that primarily involved grasping
rigid, well-de ned objects in structured scenes, real-world scenarios frequently present
complex challenges, including cluttered environments, the manipulation of deformable
and articulated objects, and diverse task requirements.

These real-world tasks are characterized by high scene complexity, object diversity,
and task variability. Robots must contend with densely packed and occluded items, ob-
jects with a wide range of physical properties, from rigid to highly deformable, and tasks
that may involve assembly, insertion, exible material sorting, multi-object coordina-
tion, and even collaborative actions with humans. Addressing these challenges requires
more than accurate geometric control; it necessitates the ability to extract and interpret
high-level semantics from multiple modalities in order to plan and execute robust, goal-
oriented actions. This integrated capability is referred to as Multimodal Dexterity.

Multimodal dexterity involves the robot's ability to fuse data from vision, language,
touch, and other sensory channels to perceive complex scenes, comprehend task goals,
plan multi-step actions, and execute them safely and reliably. Crucially, multimodality
here implies not merely the addition of sensory channels but a deep coupling of per-
ception, cognition, and action. For example, in a exible cable sorting task, visual input
may provide global layout and object location information, while contact signals may
reveal task-relevant patterns consistent across different agents, and natural language in-
structions may offer high-level intent or goal constraints. Operating with only a single
modality is insuf cient to support behavior that is generalizable, adaptive, and robust to
environmental uncertainty.

Despite recent progress in robotic grasping and motion planning, current systems
still lag signi cantly behind human-level performance in terms of exibility, general-
ization, safety, and functional understanding. One of the primary factors contributing to

1



Chapter 1. Introduction

this gap is the human ability to integrate multimodal information for inference, analogy,
and simulation, enabling rapid adaptation to novel, unstructured environments.

When faced with unfamiliar tools or new environments, humans can draw on past ex-
periences through analogy to infer new affordances. They are capable of learning com-
plex tasks simply by watching demonstrations or instructional videos, without the need
for trial-and-error physical interaction. Additionally, humans exhibit advanced moral
reasoning, risk prediction, and self-regulation capabilities that allow them to make safe
and responsible decisions in complex settings. In contrast, current robotic systems re-
main weak in these aspects.

A comparative analysis between human intelligence and current robotic capabili-
ties highlights several critical gaps that must be addressed to achieve general-purpose,
safe, and dexterous robotic manipulation. First, humans excel at multimodal integration,
seamlessly combining information from vision, touch, sound, and language to form co-
herent and context-sensitive perceptions of the world. In contrast, robotic systems typ-
ically rely on modular pipelines for different modalities, often lacking the capacity for
effective cross-modal reasoning. Second, humans demonstrate strong generalization and
transfer abilities, rapidly adapting to new tasks through analogy or with minimal prior
exposure. Robotic systems, however, tend to over t to speci c tasks or object categories,
struggling to extend learned skills beyond their training distributions. Third, cognitive
reasoning is a major differentiator: humans can perform causal inference, consider coun-
terfactuals, and model long-term goals, while most current robots lack robust semantic
reasoning and symbolic inference mechanisms. Additionally, in terms of safety and eth-
ical behavior, humans are capable of proactively avoiding risky actions and making
contextually appropriate moral decisions. In contrast, robot safety is often treated as an
auxiliary module rather than being intrinsically embedded in the control architecture.
Finally, human dexterous control is highly exible, allowing manipulation strategies
to adapt based on object properties and task intent, whereas robots typically rely on
pre-de ned grasping poses, with limited adaptability to variations in shape, texture, or
function.

Recent advancements in transformer-based architectures and large-scale pretrained
models, such as Contrastive Language—Image Pre-training (CLIP) [134], Generative
Pre-trained Transformer (GPT) [1], and RT-2 [20], have introduced signi cant break-
throughs in vision-language understanding. These models have demonstrated impres-
sive abilities in semantic interpretation and general-purpose reasoning. However, when
applied to robotic manipulation, several critical limitations remain. First, these models
lack embodiment—they are not trained with physical interactions and cannot directly
model tactile feedback, contact forces, or dynamic environmental constraints. Second,
their reasoning pipelines from semantic understanding to action execution are often frag-
mented, lacking causal grounding and cross-modal alignment. Third, they typically lack
mechanisms for proactively identifying and mitigating physical risks during manipula-
tion.

To develop robotic systems with human-level manipulation capabilities, it is essen-
tial to move beyond siloed perception and control modules toward a uni ed framework
that integrates multimodal perception, reasoning, and execution. Multimodal dexterity,
in this sense, is not simply a technical improvement; it represents a foundational step to-
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ward the development of embodied Al systems that are both cognitively and physically
intelligent.

In light of these trends, it is now critical to explore how recent advances in large-
scale models and multimodal learning can be combined with embodied intelligence and
dexterous control. The goal is to construct an integrated perception-reasoning-action
loop, where sensory signals inform semantic understanding, which in turn guides mo-
tion planning and safe execution. Achieving this requires revisiting the design of robot
systems from the ground up, with a focus on multi-modality, physical interaction, se-
mantic grounding, and safety as core principles.

As highlighted in recent studies, improving robot learning autonomy, generalizable
reasoning, dexterous manipulation skills, and safe intelligent behavior remains essential
to the realization of general-purpose, reliable robot manipulation systems. In particular,
how to leverage multimodal data for robust, safe planning and control in unstructured
settings is still an open and urgent research question.

In summary, multimodal dexterity represents a critical pathway toward building
general-purpose, intelligent robot manipulation systems. It requires robots not only to
perceive complex environments through diverse sensory channels but also to understand
high-level semantic goals, make exible decisions, and internalize safety and responsi-
bility within their action strategies.

1.2 Challengesin Generalizable and Responsible Robotic
Manipulation

Despite notable progress in robotic manipulation, a wide range of real-world tasks, par-
ticularly those encountered in industrial and service settings, remain highly challenging.
For example, in non-rigid assembly tasks such as deep-bin picking of exible cables,
current methods often fail to produce stable, reliable, and collision-free manipulation
plans due to limitations in both collision assessment and policy generalization. These
limitations highlight several critical bottlenecks that must be addressed in order to en-
able generalizable and responsible robotic behavior.

One of the most prominent challenges lies in the Simulation-to-Real (Sim2Real)
gap. While simulation offers a low-cost, scalable environment for training and evaluat-
ing manipulation strategies, the transfer of learned policies from simulation to the real
world remains problematic. This gap arises from discrepancies in both visual percep-
tion, including lighting, texture, and depth inconsistencies between synthetic and real
data, and physical interaction dynamics, which often differ signi cantly between sim-
ulated physics engines and real robotic systems. As a result, policies trained purely in
simulation frequently underperform when deployed in physical environments, limiting
their practical utility.

In addition, the growing interest in embodied intelligence has led to the development
of highly articulated robotic hands capable of performing dexterous tasks. However,
with increasing degrees of freedom, the complexity of motion planning and control also
increases. Currently, the lack of high-quality, multimodal datasets for dexterous ma-
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nipulation poses a major barrier to progress in this area. Without suf cient data that
integrates visual, tactile, force, and proprioceptive feedback, it is dif cult to learn robust
contact models or to generalize manipulation strategies across different hand morpholo-
gies. Furthermore, the transferability of grasping strategies between different types of
robotic hands remains limited. Contact-rich interactions introduce complex force distri-
butions, and capturing this information for planning remains an open problem. In clut-
tered environments, dexterous grasping is particularly error-prone when the grasp lacks
functional intent or when contact quality is insuf cient, often resulting in task failure.

Another key challenge is the integration of affordance reasoning into manipulation
planning. Functional grasping requires an understanding of the object's affordances, i.e.,
the potential actions that an object enables in a given context. Affordance modeling al-
lows the robot to select grasps not merely based on geometric feasibility but also on
task relevance and functionality. However, despite the strong semantic understanding
demonstrated by large-scale pretrained models, such as vision-language transformers,
these models still fall short in capturing the physical constraints and contact-level af-
fordances necessary for reliable manipulation. The lack of physical grounding limits
their ability to inform manipulation strategies that require both semantic and physical
coherence.

Safety and ethics also represent fundamental concerns in the development of re-
sponsible robotic manipulation. In human-robot collaboration scenarios, actions must
be not only ef cient but also safe and predictable. Although recent Large Language
Models (LLMSs) [1,2,7,179] have shown promising capabilities in understanding safety-
related language and instructions, their ability to ensure physical safety during manip-
ulation tasks remains limited. For instance, in handling deformable materials such as
cables, failure to anticipate entanglement or excessive force can lead to collisions or op-
erational hazards. These risks are often not accounted for within the models' planning
or control loops, and safety is treated as an external post hoc consideration rather than
an intrinsic part of the manipulation policy.

Moreover, current benchmarking standards for safe and responsible robotic manip-
ulation are still in their infancy [29, 101]. There is a lack of standardized metrics and
evaluation protocols that systematically assess the safety, generalizability, and reliability
of manipulation systems under real-world conditions. This absence of well-established
benchmarks hampers progress in the eld and makes it dif cult to compare methods or
to ensure that safety-critical requirements are met. To support the development of robots
capable of safe and socially responsible manipulation, it is imperative to establish new
benchmarks that not only evaluate task success, but also incorporate risk prediction,
policy robustness, ethical compliance, and human-centered criteria.

1.3 Research Objectives

As robots are increasingly deployed in real-world tasks, their manipulation systems are
expected to possess strong multimodal understanding, dexterous control, and general-
ization capabilities across diverse and unstructured environments. At the same time,
safety and responsibility during task execution have become critical concerns in robotic
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Figure 1.1: Overview of research objectives. Human intelligence demonstrates exceptional
capabilities in perception, reasoning, learning, and planning when dealing with complex envi-
ronments. Our research focuses on key scienti ¢ challenges in transferring these abilities from
human intelligence to robotic intelligence, with particular attention to the following aspects. (a)
Perception and planning in unstructured environments. We focus on how robots can perform dex-
terous grasping in cluttered scenes by leveraging different types of robotic end-effectors, aiming
to achieve ef cient and reliable manipulation. (b) The importance of multimodal data for robotic
intelligence. We investigate methods for generating multimodal datasets of dexterous hand op-
erations to support the training of robotic models. In addition, we explore how point cloud data
and contact modalities can enhance robotic grasping performance in cluttered environments.
(c) Ef cient robotic learning methods. We study techniques such as sim-to-real learning to en-
able the effective transfer of robotic intelligence from simulation to real-world applications. (d)
Robotic ethics and safety. We emphasize that ethics and safety are crucial for the development
of robotic intelligence. By improving robotic grasping in cluttered scenes, we aim to reduce
collision risks and enhance operational safety. Furthermore, we are committed to investigating
responsible robotic manipulation based on multimodal large language models and to advancing
the establishment of relevant benchmarks.

systems. However, current research still faces signi cant challenges in the following ar-
eas: the lack of high-quality data for dexterous manipulation, insuf cient utilization of
multimodal information for robust manipulation, limited grasp evaluation methods in
cluttered scenes, and the absence of responsible embodied robot action policies.

To address these challenges, this dissertation aims to develop a uni ed manipulation
framework that integrates multimodal perception, reasoning, and Sim2Real learning, en-
abling robots to achieve responsible and generalizable manipulation in real-world tasks.
The speci c research objectives are summarized in Fig. 1.1 and as follows:

* Improve Sim2Real learning ef ciency and enable multimodal data generation in
simulation: The goal is to develop a multimodal simulation-based data genera-
tion framework capable of producing diverse and high-quality datasets for robotic
grasping and interaction. This supports effective policy learning in complex envi-
ronments and enhances the transferability of learned strategies from simulation to
the real world.

* Enhance multimodal understanding of manipulation scenes: This objective fo-
cuses on the fusion of multiple sensing modalities, such as point clouds, semantic
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labels, contact information and functional representations, to improve the robot's
structural understanding of objects and tasks in complex scenes, thereby enabling
more stable and effective robot learning and corresponding manipulation perfor-
mance.

» Achieve generalizable grasp quality evaluation: To support robust decision-making
in cluttered environments, this objective aims to design a generalizable evaluation
framework that can assess the quality of multi- ngered grasp candidates across
varying object shapes, hand structures, and scene complexities, considering fac-
tors like contact semantics, collision risk, and structural compatibility.

* Introduce responsibility-aware manipulation and corresponding evaluation paradigms:
This objective explores the use of Large Multimodal Models (LMMSs) to perform
safety-aware policy reasoning, introducing the new paradigm of Safety-as-Policy.

It also involves developing a benchmark system for evaluating responsibility-
aware robotic manipulation, enabling standardized assessment of safety and task
suitability.

1.4 Contributions

Our work focuses on dexterous grasping in cluttered scenes, Sim2Real learning, and re-
sponsible robotic manipulation using multimodal large models. The main contributions
are summarized as follows:

* We propose an innovative cable grasping method based on Sim2Real transfer
learning, which integrates a collision-sensitive Cable Grasping Convolutional Neu-
ral Network (CG-CNN) framework. The method not only accurately predicts
grasp quality but also autonomously perceives and avoids collisions during the
grasping process, thereby signi cantly enhancing operational safety. In addition,
we construct a large-scale dataset speci cally designed for cable grasping, enrich-
ing the modality depth and data diversity of current model-free robotic grasping
research. Experimental results demonstrate that our method outperforms existing
state-of-the-art (SOTA) approaches in cable grasping from clutter, achieving grasp
success rates of 92.3% and 88.4% for known and unknown cables, respectively.

* We develop a pipeline for synthesizing a large-scale multimodal multi- ngered
grasping dataset in cluttered scenes. Our dataset provides grasp quality, semantic
contact maps, contact distance maps, collision-aware grasp labels, and diverse
object arrangements. The resulting dataset supports better grasp representation
learning and enables generalization across different robotic hand con gurations.

» To generate multi- ngered robotic grasps in cluttered environments by leveraging
hand-object contact semantic information, we introduce Contact Mapping-Guided
Dexterous Hand Grasping Generation Network (ContactDexNet). We propose a
generative model named Contact Semantic Conditional Variational Autoencoder
(CoSe-CVAE), which predicts dense contact semantic maps from object point
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clouds. Unlike previous approaches that rely on sparse contact points or contact
distance maps, our method encodes nger-speci ¢ contact semantics, leading to
improved grasp stability and semantic consistency. Experiments demonstrate that
CoSe-CVAE improves grasp success rates by at least 4.7% for known robotic
hands and 9.0% for unknown hands compared to state-of-the-art methods. We
present an uni ed grasp detection network from point sets (PointNetGPD++), that
estimates grasp quality and collision probability by jointly encoding local scene
point clouds and robotic hand geometry. Built on PointNet++, our model general-
izes well to both known and unseen multi- ngered hand models, enabling robust
grasp candidate Itering in cluttered environments. Real-world evaluations show
a 76.7% grasp success rate in cluttered scenes, surpassing existing baselines by
over 6.3%.

We introduce a functional representation paradigm that shifts robotic manipula-
tion from geometry-centric planning toward function-centric policy learning. By
performing functional object canonicalization, objects of different instances and
categories are aligned into a shared functional reference frame based on their
action-related functional parts. This enables consistent functional pose representa-
tion across objects and supports automatic manipulation trajectory transfer with-
out requiring new demonstrations. Leveraging this representation, we further de-
sign an action-centric policy learning framework FuncDiffuser that focuses on the
functional effects of actions rather than embodiment-speci ¢ motion details. Our
functional representation enables pose-level, instance-level, and category-level
generalization, achieving one-shot trajectory adaptation to new objects and robust
Sim2Real deployment. Experimental evaluations demonstrate that functional rep-
resentation signi cantly improves manipulation generalization and enables reuse
of manipulation behaviors across unseen tasks and objects.

We propose Safety-as-Policy (SaP), leveraging (i) a world model to automatically
generate scenarios containing safety risks and conduct virtual interactions, and
(i) a mental model to infer consequences and gradually form cognition of safety,
enabling robots to avoid dangers while completing tasks. Quantitative and qual-
itative results prove that Safety-as-Policy can effectively avoid in both synthetic
dataset and real-world experiments, signi cantly outperforming baseline methods
in safety rate, success rate and cost. Our ndings highlight the potential of LMMs
in enhancing robotic safety.

To evaluate responsible robotic manipulation across different settings, we intro-
duce Responsible Robotic Manipulation Benchmark (ResponsibleRobotBench).

It comprises 25 multi-stage tasks involving diverse risk categories (e.g., electrical,
chemical, human-related), and varying physical and planning complexities. The
benchmark features a uni ed evaluation framework with multimodal perception,
risk detection, reasoning, planning, and execution modules, along with standard-
ized metrics (e.g., success rate, safety rate, safe success rate) and a reproducible
experimental suite, enabling systematic assessment of safety-aware and trustwor-
thy robotic agents.
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1.5 Thesis Structure

This thesis consists of 8 chapters, each addressing key technologies in multimodal dex-
terous manipulation. The structure is as follows:

» Chapter 2 presents a comprehensive review of SOTA methods in multimodal
dexterous manipulation, covering cluttered scene grasping, model-free grasping,
multi- ngered hand grasping, multi- ngered hand grasping datasets, Sim2Real
techniques for dexterous manipulation, multimodal robotic perception and ma-
nipulation, and safe and reliable robotic grasping.

» Chapter 3 introduces investigations about Sim2Real transfer learning frameworks
for end-to-end model-free grasping and cable grasping network CG-CNN from
cluttered scenes. These frameworks generate training data through grasp sam-
pling and physics simulation in virtual environments, and the trained model is
deployed for real-world cluttered scene grasping. Physical experiments validate
the effectiveness of the proposed framework in improving generalization perfor-
mance and handling corner-case scenarios. In particular, cable-grasping — a well-
known failure case for existing state-of-the-art grasping models — is successfully
resolved by our approach, demonstrating its robustness in complex real-world en-
vironments and its potential value for industrial deployment. These works were
published in [189] and [192], with follow-up studies applied to robotic fragile
fruit grasping [163] and multimodal grasping research [164].

» Chapter 4 presents the construction of a multimodal dataset for dexterous hand
grasping, which includes contact semantic maps, contact distance information,
object semantics, grasp semantics, collision scores in cluttered scenes, and grasp
quality scores. The proposed dataset generation method addresses the lack of
multimodal information in existing SOTA datasets, offering advantages in both
modality diversity and scene complexity. This dataset has been used for training
in studies [9, 191, 194].

» Chapter 5 introduces the investigations about contact, embodiment and functional
representations for generalizable dexterous manipulation. ContactDexNet proposes
a grasp generation framework designed for generalization across different dexter-
ous hands based on a contact semantic map generative model. The framework
integrates CoSe-CVAE, grasp detection, and grasp evaluation PointNetGPD++.
The model is trained on multimodal dexterous hand grasping data generated in
simulation, and validated on various real-world dexterous hands. The effective-
ness and generalizability of the approach have been demonstrated and published
in [191]. In addition, PointNetGPD++ is introduced as the embodiment represen-
tation, enabling uni ed grasp quality evaluation across robotic hands with differ-
ent kinematic structures. The chapter further presents the functional representa-
tion, which enables trajectory transfer and automatic manipulation trajectory gen-
eration across different object instances and categories through functional canoni-
calization. The functional representation results have been submitted in our related
work [177].
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» Chapter 6 introduces Safety-as-Policy and ResponsibleRobotBench. Safety-as-
Policy proposes a framework for reliable robotic manipulation powered by large-
scale multimodal models, aimed at improving robot safety and robustness in com-
plex environments. This work was published in [126]. To evaluate the responsible
robotic manipulation, we propose ResponsibleRobotBench designed for system-
atic evaluation and comparison of different methods in multimodal dexterous ma-
nipulation. This work was published in [193].

» Chapter 7 presents discussions and future works, and Chapter 8 concludes the
dissertation.



Chapter 2

Preliminaries and State of the Art

2.1 Robotic Dexterity: Grasping and Manipulation

2.1.1 Dexterous Robotic Grasping and Manipulation

Dexterous grasping and manipulation are among the foundational tasks in robotics.
Real-world environments are often complex and unstructured, and many tasks performed
by humans in daily life or industrial production are inherently intricate. Depending
on the scene characteristics, these tasks can be further categorized into grasping from
cluttered scenes, dynamic grasping, and more. As task complexity increases, so does
the demand for dexterity in end-effectors. Based on end-effector complexity, dexterous
grasping can generally be classi ed into dexterous grasping using two-jaw grippers and
multi- ngered dexterous robotic grasping, as shown in Fig. 2.1.

The evolution of dexterous grasping methods has transitioned from traditional ana-
lytical grasp synthesis to learning-based grasp synthesis. Analytical methods typically
require high computational resources, making them less suitable for real-time applica-
tions, but they remain widely used for dataset construction and of ine grasp generation.
The analytical force closure quality estimation method calculates the grasp quality based
on contact friction cones, as shown in Fig. 2.2. In contrast, learning-based approaches
aim to enhance a model's adaptability and generalization in complex environments, with
complex end-effectors, complex tasks, and multimodal data representations, thereby im-
proving the intelligence and reliability of robotic systems.

Driven by advancements in perception technologies, learning-based grasp genera-
tion methods have diversi ed in terms of multimodal integration. In terms of depen-
dency on object models, these methods can be classi ed into model-based grasping,
half model-based grasping, and model-free grasping. From the perspective of percep-
tion modalities, approaches include point-cloud-based grasping as well as multimodal
grasping that integrates different sensory inputs. Furthermore, with respect to the type
of guidance information, existing works have explored Red-Green-Blue (RGB)-based
grasping, grasping generation from point cloud, contact information-guided grasping,
affordance-guided grasping, and, more recently, language model-guided grasping.

In terms of representation and generalization capabilities, the increased complexity
of end-effectors imposes higher demands on grasp networks. The development of gen-
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erative models has further advanced dexterous grasp synthesis by modeling complex
grasp distributions. Based on the use of generative models, grasp synthesis methods
can be classi ed into non-generative grasp synthesis and generative-model-driven grasp
synthesis.

From an intelligence perspective, language-guided grasping has gained increasing
attention due to the improved performance of large-scale pretrained models and genera-
tive models. Current large models exhibit strong semantic understanding and reasoning
capabilities, offering signi cant potential for improving the generalization of robotic
systems. At the same time, the safety of large models has emerged as an important
research topic, closely related to Responsible Arti cial Intelligence (RAI) and human-
robot interaction (HRI). In robotics, recent studies have explored safety-aware control
and planning strategies to ensure reliable deployment.

As the complexity of end-effectors increases and task skills become more composi-
tional, robotic tasks are evolving from simple grasping toward complex manipulation,
encompassing higher-level task planning and execution capabilities.

(a) DLR-HIT Robotic Hand II. (b) Shadow Hand.

(c) Humanoid robot SpaceJustin. (d) Agile Robots' dual arm robot setup.

Figure 2.1: Overview of state-of-the-art robots and dexterous hand platforms. (a) DLR-HIT
Robotic Hand Il [31] designed by German Aerospace Center (DLR) and Harbin Institute of
Technology (HIT). ©DLR, CC BY-NC-ND 3.0. [W1] (b) Shadow hand. Left image: ©CC BY-
SA 3.0. [W2] Right image: ©CC BY-SA 1.0. [W3] (c) Humanoid robot SpaceJustin with two
DLR-HIT hands. ©DLR, CC BY-NC-ND 3.0. [W4] (d) Dual-arm robot with Diana robot arms
and DLR-HIT hand II.
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Figure 2.2: Force closure quality estimation.

2.1.2 Dexterous Robotic Grasping Dataset

The performance of robotic grasp generation is closely tied to the quality of the grasping
dataset. Due to the high cost and low ef ciency of manual data collection, there is an
urgent need for automated data generation in robotic dexterous manipulation datasets.
Currently, grasping datasets are generally classi ed into two principal categories ac-
cording to the type of robotic end-effector employed: two-jaw grippers and dexterous
hands.

For robotic manipulation using two-jaw grippers, dataset development has reached
a relatively mature stage. Representative works include GraspNet-1Billion [47], Dex-
Net 2.0 [109], and ACRONYM [46]. These datasets typically generate grasp candidates
through contact point sampling combined with analytical metrics such as force closure,
forming a grasp database. In cluttered scenes, scene generation techniques are often
applied to leverage pre-computed grasp databases to Iter out collision-free grasp labels.

In contrast, dexterous hand grasping datasets are more challenging to construct due
to the higher degrees of freedom (DoF) and the complexity of the grasp con gura-
tion space. Existing dataset generation methods primarily include: (i) analytical grasp
synthesis; (ii) optimization-based grasp generation; and (iii) pose retargeting from hu-
man hand motion data. Notable datasets include DexGraspNet 1.0 and 2.0 [165, 188],
MultiGripperGrasp [26], and functional grasp datasets such as DexFuncGrasp [60]. An-
alytical methods, while conceptually straightforward, often suffer from high computa-
tional costs and suboptimal grasp quality. Optimization-based approaches can incorpo-
rate multiple constraints, such as penetration loss, hand—object distance, Differentiable
Force Closure (DFC), and robot-speci ¢ kinematic constraints, to ensure physically
plausible grasps without excessive interpenetration. Nevertheless, dexterous grasping
datasets for cluttered environments remain largely unexplored.

Moreover, many human hand grasping datasets serve as valuable resources for retar-
geting grasp poses to robotic hands [111, 160]. In the domain of human hand grasping
datasets, existing studies [18, 27, 37, 147] have incorporated diverse information such
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as semantic annotations and motion capture data. However, differences in kinematic

characteristics and structural design between human and robotic hands can lead to per-
formance degradation during the transfer process. This gap not only underscores the
necessity of improving hand—object grasp representation but also provides new research
motivations and insights for dexterous grasp synthesis and robotic hand mechanical de-
sign.

Overall, despite the abundance of existing grasping datasets, there is still a lack
of a uni ed multimodal grasping benchmark that integrates diverse scene complexities,
multiple contact representations, grasp quality metrics, and functional grasp annotations.
Such a benchmark would provide a more comprehensive foundation for cross-modal
learning and dexterous manipulation research.

2.1.3 Dexterous Grasping from Cluttered Environments

Robotic grasping techniques can be broadly categorized into three types: model-based,
semi-model-based, and model-free approaches. Model-based grasping involves estimat-
ing the object's pose and performing the grasp using sampling algorithms or prede ned
grasp con gurations [52, 83]. Semi-model-based methods, on the other hand, identify
regions of interest by detecting similar visual or geometric features before executing the
grasp [94]. Model-based approaches rely heavily on access to accurate 3D models of the
target objects, whereas model-free methods bypass this requirement by directly predict-
ing grasp poses using learned models. Among model-free techniques, analytical grasp
sampling and the Ferrari-Canny metric are commonly used to select grasp candidates in
cluttered scenes and generate grasping datasets [47,91, 109, 110, 145]. Another preva-
lent model-free strategy is affordance-based grasping, which learns to associate object
features with potential grasping actions [84,121,185, 189].

In the area of two- nger robotic grasping, several notable model-free approaches
have been proposed, including Dex-Net [109,110], GraspNet-1Billion [47], and Contact-
GraspNet [145]. Dex-Net 2.0 focused on grasp synthesis in scenes composed of isolated
objects, and trained a grasp quality convolutional neural networ (GQ-CNN) to eval-
uate grasp success in cluttered environments using synthetic data. In a similar vein,
GraspNet-1Billion [47] constructed its grasp dataset by generating candidates from
single-object settings, then introduced synthetic clutter through data augmentation tech-
niques to emulate more complex scenes, ultimately releasing a large-scale benchmark
for general object grasping. Despite their contributions, these methods do not explic-
itly model collisions between the robotic gripper and surrounding objects during grasp
generation or evaluation, which limits the reliability of the resulting grasp data in real-
world cluttered environments. Contact-GraspNet [145] attempts to overcome this by in-
corporating analytical collision checking during grasp sample generation and training a
network that implicitly learns collision-awareness. However, in practice, it still encoun-
ters challenges in scenarios involving densely entangled objects such as cables [192].
In such cases, it may incorrectly identify multiple nearby cables as a single object and
generate grasps that unintentionally encompass several cables at once. To address these
limitations, we introduce CG-CNN [192], a grasping framework speci cally designed
to handle single-object extraction in complex and highly cluttered environments. In par-
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ticular, CG-CNN is tailored for cable-like objects and reduces erroneous multi-object
grasping and subsequent post-grasp failure such as object dropping.

2.1.4 Multi-Fingered Robotic Hand Grasping from Cluttered Envi-
ronment

Compared to two-jaw grippers, multi- ngered dexterous hands offer signi cantly higher
degrees of freedom, enabling them to grasp more complex objects and perform more
intricate manipulation tasks. Although extensive research has been conducted on grasp-
ing in cluttered environments using two- nger grippers [145,192], grasping with multi-
ngered hands in such cluttered settings remains relatively underexplored. Most existing
approaches still focus on single-object grasping scenarios [165] [45, 96, 103, 104, 169,
176], with limited extension to real-world cluttered scenes involving multiple objects
and occlusions [13, 38, 44, 89, 105, 171]. The lack of large-scale, high-quality datasets
for dexterous hand grasping further hinders the development and evaluation of meth-
ods in cluttered environments. Existing approaches for dexterous grasping in cluttered
scenes can generally be categorized into traditional methods [13] and deep learning-
based methods [38, 44,48, 89, 105,171].

Traditional methods [13, 143] typically rely on grasp sampling techniques, which
generate candidate grasps in cluttered scenes, followed by collision checking to Iter out
those that may result in collisions with surrounding objects. To improve the reliability
and robustness of multi- ngered grasps, force closure metric is incorporated to evaluate
grasp quality and obtain optimal candidate for grasping from cluttered scenes. [13]

In contrast, deep learning-based methods [38, 44, 48, 89, 105, 171] leverage large-
scale grasping datasets to train grasp generation networks that directly infer high-quality
grasp strategies from sensor inputs or grasp evaluation networks to estimate grasp qual-
ity. These approaches exhibit stronger representation and generalization capabilities,
making them more suitable for complex environments. However, their performance in
cluttered multi-object scenes remains limited due to the scarcity of diverse and high-
delity training data.

2.1.5 Unied Grasp Evaluation in Cluttered Scenes

Extensive research [19,47,48,88,89,109,145] has been conducted on learning collision-
free grasp evaluation from visual data in cluttered scenes. Grasp evaluation networks
are generally required to assess both the risk of collision and the quality of the grasp.
To enable collision awareness, existing methods either represent collision information
implicitly within the grasp prediction process [47, 48, 89, 109, 145] or explicitly incor-
porate it for grasp score estimation [39, 88]. A variety of visual modalities have been
explored for grasp representation, including RGB images [186], depth images [109],
point clouds [91, 145], and voxel-based data [19]. Most of these methods rely on visual
information from the scene alone to predict grasp scores. However, the development of
these approaches has predominantly focused on two- nger grippers, where the grasping
strategy is typically assumed to be a simple parallel-jaw con guration.
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In comparison, grasp evaluation for multi- ngered dexterous hands has received rel-
atively little attention. Existing methods [89,102,115, 169] attempt to include joint con-
gurations of the robotic hand in the grasp evaluation process, but these approaches
often exhibit limited performance and poor generalization ability for unknown hands.
The mechanical structure and control complexity of dexterous hands are signi cantly
greater than those of parallel-jaw grippers. As a result, conventional grasp representa-
tions designed for simple grippers are not suitable for evaluating grasp strategies involv-
ing dexterous hands.

Unlike the xed grasp con guration of two-jaw grippers, dexterous hands employ
diverse and exible strategies that cannot be captured solely by scene-level information.
Therefore, predicting grasp quality based only on visual input from the scene is insuf -
cient. A critical challenge that remains open is how to design grasp representations that
effectively incorporate the robotic hand's structural and control-speci ¢ information into
the evaluation process.

To address this challenge and to improve the identi cation of high-quality grasp can-
didates in cluttered environments, we propose a uni ed grasp evaluation model called
PointNetGPD++, developed as part of the ContactDexNet framework [190]. This model
incorporates collision awareness and is capable of estimating grasp scores while being
adaptable to a variety of robotic hand con gurations, enabling broader generalization
across different hand types.

2.1.6 Sim2Real Transfer in Robotic Learning

In robotic learning, Sim2Real research aims to address the discrepancies between data
collected in simulation and in real-world environments [6,130, 152]. The Sim2Real gap
generally manifests in two primary aspects: sensor data [8] and robotic actions [6, 130,
192].

For sensor data, common modalities such as RGB images, depth images, and point
clouds often exhibit signi cant distribution differences between simulation and reality.
For example, real-world point clouds typically contain noise such as holes and out-
liers. In our previous work [8], we reduced the Sim2Real gap for depth and point cloud
data by simulating real-world noise characteristics within the simulation environment,
which signi cantly improved cross-domain performance for both visual perception and
robotic manipulation tasks. In addition, domain randomization has been widely adopted
to mitigate the Sim2Real gap for RGB images by randomizing scene parameters such
as lighting and material properties during rendering.

From a data generation perspective, data-driven robotic action models typically re-
quire large-scale training datasets [6,192]. Two common strategies for generating such
datasets are analytical methods [109, 116] and trial-and-error simulation [23, 165]. Ana-
lytical grasp generation methods for cluttered environments include Dex-Net [109,110],
GraspNet-1Billion [47], and Contact-GraspNet [145]. However, these approaches of-
ten lack physical validation of grasp samples and can be computationally expensive.
In contrast, trial-and-error simulation enables physical validation within the simulation
environment, thereby reducing data collection costs and improving training ef ciency.
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Recent studies have demonstrated the reliability and ef ciency of trial-and-error simu-
lation for complex environments [23, 46, 56, 80, 184, 198].

In terms of robotic actions, discrepancies often exist between actions generated in
simulation and those executed in the real world, resulting in distribution shifts in datasets
collected from simulation. Prior work [141] has reduced this Sim2Real gap in robotic
control by tuning robot dynamics parameters within the simulation environment.

In previous research on grasping in cluttered environments, data generation has pre-
dominantly relied on dataset annotation or analytical methods, while the application of
Sim2Real techniques for data generation and model training in cluttered scene grasp-
ing has been rarely explored. To Il this gap, in our CG-CNN work, we developed
a simulation-based grasp sampling and evaluation pipeline that mirrors the real-world
process, producing physically feasible grasp ground truth for model training. Using this
approach, we systematically studied the impact of Sim2Real techniques on model train-
ing for cluttered scene grasping and veri ed their effectiveness. Overall, CG-CNN aims
to enable more reliable and ef cient grasp evaluation in cluttered environments, thereby
facilitating deployment in real-world industrial applications.

2.1.7 Task and Motion Planning

Task and Motion Planning (TAMP) aims to simultaneously address discrete decision-

making at the task level and continuous motion planning in physical space [199]. Tra-

ditional approaches typically adopt a hierarchical, decoupled architecture: a symbolic
task planner rst generates a sequence of high-level actions, followed by a motion plan-

ner that computes feasible trajectories for each action. However, this serial separation
often leads to frequent backtracking when motion plans are infeasible, resulting in high

computational overhead and limited scalability to complex environments. Furthermore,

classical TAMP methods generally exhibit poor generalization to real-world tasks.

In recent years, with the rise of data-driven techniques, increasing attention has been
directed toward learning-based TAMP [65, 92]. These approaches leverage learned af-
fordances, task priors, or abstract action strategies to reduce the search space and im-
prove the generalization of robots in unseen scenarios. Moreover, the emergence of
Vision-Language Models (VLMs) and LLMs has further advanced language-informed
TAMP [30,75,196]. LLMs can infer high-level task structures, generate symbolic plans,
or provide strategic intent based on natural language instructions, signi cantly improv-
ing planning ef ciency and generalizability. Nevertheless, current LLM-driven TAMP
approaches face two major challenges: rst, they often lack guarantees of geometric
feasibility and adherence to physical constraints; second, they remain inadequate for
safety-critical tasks that require reliable and safe robot operations. Consequently, a cen-
tral research focus has become how to integrate the high-level reasoning capabilities of
LLMs, VLMs, and other multimodal models with the physical feasibility guarantees of
classical TAMP.

In summary, traditional TAMP approaches emphasize feasibility and safety but are
limited in generalization and ef ciency. In contrast, learning-based and foundation model-
driven methods enhance exibility and task understanding but must be tightly coupled
with geometric and physical constraints to achieve robust, ef cient, and safe robotic
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manipulation in the real world.

2.2 Multimodal Perception and Manipulation in Robotics

In human manipulation, multimodal perception serves as a fundamental basis for achiev-
ing dexterity and adaptability. Common perceptual modalities include vision, touch, af-
fordance, and language.

Vision provides humans with global environmental information and spatial under-
standing, while touch offers ne-grained contact feedback that enables real-time ad-
justments and precise control during manipulation. Affordances re ect the functional
properties of an object and its potential modes of interaction; humans leverage prior
knowledge and experience to select affordances relevant to the task when devising ma-
nipulation strategies. Language, in addition to being a core medium for communication
and task instruction, also functions as a high-level semantic modality that integrates
perceptual information with task goals, offering structured and semantically grounded
guidance for manipulation planning.

In human perception and action, language plays two major roles: rst, it integrates
semantic information about the external environment with sensory input, allowing hu-
mans to better understand task requirements and constraints; second, it conveys intent
and operational plans in a structured manner to collaborators, enabling ef cient cooper-
ative manipulation. For robots, relying solely on conventional point-cloud-based grasp
generation methods is insuf cient to address the diversity of tasks in complex, unstruc-
tured environments. Incorporating the language modality into robotic perception enables
the system to go beyond low-level sensory features by leveraging semantic priors carried
by language, thus achieving a fusion of perception and semantics. In robotic manipula-
tion, language can tightly couple task descriptions, object attributes, and manipulation
strategies, thereby enhancing both task adaptability and generalization capability.

In summary, by integrating contact information, affordance understanding, and lan-
guage instructions, robots can construct richer environmental representations and ac-
quire stronger semantic reasoning capabilities in decision-making and control. This al-
lows them to perform more reliable and semantically consistent manipulations in com-
plex scenarios. The following three subsections present key directions in multimodal
robotic manipulation: contact information-guided grasp generation, object affordance-
guided grasping and manipulation, and large language model-based dexterous manipu-
lation. Each of these approaches leverages different modalities to enhance robotic per-
ception, reasoning, and control capabilities.

2.2.1 Multimodal Dexterous Grasping Dataset

Currently, datasets for multi- ngered robotic hand grasping remain severely limited,
particularly in cluttered environments. Existing datasets provide only partial coverage
of modalities, as summarized in Tab. 2.1, and none offer a comprehensive multimodal
benchmark. In particular, there is no dataset that simultaneously captures cluttered scenes
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Table 2.1: Comparison of multi- ngered robotic hand grasping datasets. (Source: [190])

Methods Hand Type Cluttered Scene ~ Grasp Quality ~ Evaluation Metric ~ Contact Distance ~ Contact Semantic ~ Affordance
ContactPose [18], GRAB [147] Human % % - X X %
DexYCB [27] Human X % - X % %
GanHand [37] Human X % - X % X
DDGC [105] Robot X X Grasplt! [116] % % %
Columbia Grasp Database [57] Robot % X Grasplt! [116] % % %
Fast-Grasp'D [155] Robot % X Trial-and-Error % % %
DexGraspNet [165] Human&Robot % X Trial-and-Error X % %
DexGraspNet 2.0 [188] Robot X X Trial-and-Error X % %
GenDexGrasp [86] Robot % X Trial-and-Error X % %
ContactDexNet (Ours) [191] Robot X X Trial-and-Error X X X

and the full range of modalities relevant for grasp generation. Moreover, contact infor-
mation, a critical cue for guiding grasp synthesis, has not yet been incorporated into
datasets or methods targeting multi- ngered grasping in cluttered settings.

2.2.2 Contact Information-Guided Grasp Generation

In robotic manipulation, contact information serves as a general and fundamental hand-
object representation [73,170, 180], as contact-based tasks require robots to exert forces
and torques on target objects through physical interaction in order to grasp, move, or
manipulate them. Contact information not only captures the geometric relationship be-
tween the hand and the object, but also implicitly or explicitly conveys mechanical con-
straints associated with the contact regions, making it highly valuable for grasp genera-
tion tasks. Previous works focus on formulating the uni ed representations for various
end-effectors [86, 139], reducing the gap between human hand and robotic hand repre-
sentations [5, 201], and understanding object and manipulation affordance [49].

At the perceptual level, contact information can be directly obtained through tactile
sensors or inferred from visual data, such as point clouds or depth images, in conjunc-
tion with the geometric relationships between the object and the hand. Various repre-
sentations of contact information have been proposed in different studies, including dis-
crete contact distance or point sets [17,97,139], contact code vectors [201], and contact
semantic map [18, 99]. These representations differ in terms of resolution, continuity,
computational cost, and compatibility with downstream network architectures.

Incorporating contact information into grasp synthesis tasks can signi cantly en-
hance both the generalization capability and the feasibility of generated grasps. Previous
studies have shown that utilizing contact cues to guide the grasp generation process of-
fers several advantages for robotic or anthropomorphic hands. First, contact information
serves to constrain the grasp search space by eliminating candidates that are physically
implausible or mechanically unstable, thereby improving the quality and reliability of
the resulting grasps. Second, it enhances robustness in challenging perceptual condi-
tions, such as occlusions, incomplete point cloud data, or sensor noise, by introducing
additional geometric and physical priors that support more informed planning. Finally,
contact information facilitates cross-domain generalization, as the geometric regulari-
ties underlying contact patterns are often consistent across different end-effectors, ob-
ject categories, and environmental contexts. This universality enables learned models to
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more effectively adapt to previously unseen objects and novel scenarios.

Recent studies have explicitly leveraged contact information to guide grasp gener-
ation. For instance, in multi- nger dexterous hand grasping, researchers optimize the
distribution of contact points along with nger joint con gurations to produce high-
guality grasps. In learning-based approaches, contact cues are used as conditional inputs
to grasp synthesis networks. This enables the generated grasp poses to better align with
the kinematic properties of human or robotic hands and the intended task objectives.
Motivated by the expressive power and diversity of generative models, recent works
have adopted them for contact-aware grasp generation [86,122,156,167]. For example,
GenDexGrasp [86] utilizes a conditional generative model to synthesize contact dis-
tance maps from object point clouds, which are then used to infer grasp con gurations.
However, we observed that relying solely on contact distance maps may result in un-
stable grasps due to the lack of semantic context about the object and the manipulation
intent. This highlights the need to incorporate richer, semantically grounded information
in generative grasping frameworks.

2.2.3 Affordance Perception, Functional Grasping and Manipula-
tion

The concept of affordance typically refers to the functional properties of objects, rep-
resenting the actionable possibilities perceived by an agent within an environment [41].
In the eld of Computer Vision (CV), extensive research has been conducted on ob-
ject affordance, including tasks such as object affordance detection [146], open-world
affordance detection [149] and affordance reasoning [36, 98, 159, 162].

In robotics, the concept of affordance has been extended to encompass the diverse
skills a robot can perform, such as grasping, pushing, and other manipulation actions.
Thus, robot affordances are closely related to object affordances. Many existing ap-
proaches [123, 136, 175] leverage affordance information to train policy models, en-
abling robots to improve adaptability and generalization in complex tasks. Affordance
can be represented in different forms, most commonly as affordance points [78,149], af-
fordance poses [166] or affordance regions [61], each capturing functional spatial cues
at varying levels of granularity.

In dexterous manipulation tasks, the grasp pose is typically required to satisfy func-
tional affordance constraints. Different manipulation poses executed by robotic hands
correspond to different types of affordances and are strongly in uenced by the affor-
dances of the target object. A representative line of research, functional grasp pose
generation, focuses on generating task-relevant grasp con gurations that align with ob-
ject functionalities. However, the current lack of semantically rich and well-annotated
datasets for affordance-based dexterous grasping signi cantly limits the development
and generalization of affordance-driven policy learning.

Beyond training policies using affordance-labeled grasping datasets, another promis-
ing direction is to leverage existing affordance information and limited demonstration
trajectory for robot trajectory augmentation. There are already investigations about tra-
jectory and scene augmentation for sim2real transfer learning and policy training [74,
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112]. In the context of sim-to-real transfer, it remains an open question how to effec-
tively use affordance cues to augment trajectories, both for objects of the same category
and for objects from different categories that share similar affordance properties. Never-
theless, due to the embodiment gap and the object gap, the transferred trajectories often
exhibit semantic ambiguity and execution uncertainty, posing challenges to reliable pol-
icy transfer and generalization.

Moreover, in manipulation scenarios, affordance also involves the notions of agent
(subject) and recipient (object). This abstraction plays a crucial role in enhancing the
generalization capabilities of planning algorithms. Humans can intuitively switch be-
tween agent and recipient roles under varying semantic and physical contexts, a capacity
that intelligent robotic systems aim to emulate for more robust and exible planning in
real-world environments.

2.2.4 Large Multimodal Model for Dexterous Robotic Manipula-
tion

With the rapid advancement of large-scale models, their capabilities in semantic under-
standing and contextual reasoning have signi cantly improved [1]. In recent research on
large models, considerable attention has been devoted to enhancing their intelligence,
particularly in aligning features across different modalities, for instance, aligning im-
ages with text or point clouds with textual descriptions.

Large models have also been increasingly applied to robotic control tasks [65, 92,
118, 158]. A notable example is Code as Policies [92], which leverages LLMs to de-
compose human instructions into sub-tasks, demonstrating the LLMs' powerful task
decomposition abilities. These sub-tasks are executed using prede ned skill libraries.
By harnessing the semantic understanding and reasoning capabilities of LLMs, such
pipelines enable robots to perform complex tasks in diverse real-world environments.

To further enable low-level control in robotic manipulation, researchers have pro-
posed methods such as Voxposer [65], ELLMER [118] and GFR [158]. These ap-
proaches utilize the code generation capabilities of LLMs, LMMs and Multimodal Large
Language Models (MLLMS) to translate human instructions into various value maps,
including affordance maps, avoidance maps, and rotation maps. These maps are then
used by motion planners to generate feasible robot trajectories. By incorporating object-
level constraints and Retrieval-Augmented Generation (RAG) [54], ELLMER [118] has
demonstrated improved generalization across tasks and environments.

Robotic tasks often require strong spatial reasoning and planning capabilities—areas
where traditional large models tend to underperform. Recent efforts have focused on
building standardized benchmarks to evaluate LMMs' ability to understand spatial in-
formation in scenes and to handle spatially sensitive robotic manipulation tasks.

2.3 Safety and Responsibility in Robotics

Ethics and safety are equally critical research areas in the eld of robotics. Although cur-
rent large-scale models have made notable progress in ensuring safety, it remains essen-
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tial to further leverage the capabilities of multimodal models in understanding complex
scenarios and to apply this understanding toward enabling responsible robotic opera-
tions. These efforts are key to advancing both the intelligence and the practical utility of
robotic systems.

2.3.1 Responsible Al: LLMs, VLMs, LMMs

With the rapid advancement of arti cial intelligence technologies, foundation models [1,
2,7,66,150,179], represented by LLMs, VLMs, LMMs and MLLMs, have gradually
become the core components of intelligent systems. However, the unprecedented growth
in model capabilities has introduced signi cant challenges in terms of ethics, safety,
and governance. Ensuring that such powerful models remain controllable, trustworthy,
and responsibly deployed in real-world applications has become a central concern in
contemporary Arti cial Intelligence (Al) research.

In the early stages of large model development, safety concerns primarily centered
around risks associated with content generation. These included the production of toxic
language [55], the reinforcement of gender and racial biases [16], and the spread of
incorrect or misleading information (commonly referred to as “hallucination”) [71]. To
address these issues, researchers proposed a series of mitigation techniques, such as
harmful content Iters [55].

As model capabilities continued to grow, particularly with the advent of open de-
ployment, both academia and industry began shifting toward more systematic strate-
gies of model alignment. Key techniques include Reinforcement Learning from Human
Feedback (RLHF) [128], Constitutional Al [11], and red teaming [53, 59, 132], all of
which aim to align model behaviors more closely with human values and social norms.

The emergence of VLMs, LMMs and MLLMs [12, 25] has ushered large models
into a new stage of multimodal understanding and generation, where model inputs and
outputs extend beyond text to include images, videos, audio, and other modalities. This
shift has also brought about new dimensions of safety risks [58, 137]. For example,
models may misinterpret visual content and produce misleading judgments, or they may
improperly associate images with textual inputs, resulting in incorrect cross-modal rea-
soning. Moreover, new ethical and governance challenges have emerged, such as in-
formation leakage through visual inputs and the generation of manipulated multimodal
content. There is an urgent need to develop cross-modal safety technologies tailored for
complex real-world scenarios.

Theoretically, Responsible Al, Safety, and Ethics are closely related yet conceptually
distinct. Responsible Al refers to a comprehensive research and governance framework
that emphasizes transparency, accountability, and prudence in the design, development,
and deployment of Al across technical, social, and legal dimensions [51,76]. In contrast,
safety is a more technically oriented concept that focuses on preventing harm and ensur-
ing reliable operation during Al deployment; it serves as the foundational guarantee for
realizing Responsible Al [4]. Ethics, on the other hand, provides normative guidelines
for evaluating what Al systems should or should not do, based on moral principles such
as justice, autonomy, and non-male cence [117,119]. In practice, ethical values often
inform the de nition of safety objectives, while safety mechanisms operationalize those
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values into implementable safeguards. Together, the three dimensions collaboratively
form the governance foundation for deploying large models in trustworthy and socially
responsible ways.

2.3.2 Robot Safety Control

As autonomous robots are increasingly deployed in real-world environments, ensur-
ing their safety during operation has become a fundamental research challenge. Robot
safety control aims to prevent the system from entering unsafe states, such as collisions,
joint limit violations, or unstable con gurations, while still allowing task execution and
adaptability. Recent advances in this eld have focused on integrating formal safety
guarantees with learning-based adaptability.

A key line of work leverages Control Barrier Functions (CBFs) to enforce safety
constraints through real-time optimization. CBFs provide a formal method to ensure set
invariance: the system remains within a prede ned safe set throughout its evolution.
One representative approach formulates safety-critical control as a Quadratic Program
(QP) that balances task performance with CBF constraints [3]. These methods have
been widely applied to robotic systems such as legged locomotion [81] and autonomous
driving [95].

To address model uncertainty and unstructured environments, recent works combine
CBFs with learning-based techniques. Frameworks such as safe reinforcement learning
aim to incorporate safety constraints during policy learning [34,62].

Overall, the eld is evolving toward hybrid frameworks that integrate formal safety
(e.g., CBFs, reachability) with data-driven methods to enable robust and adaptive robot
behavior in uncertain and dynamic environments.

2.3.3 Responsible Robotic Manipulation

In real-world robotic manipulation scenarios, safety concerns are ubiquitous and often
involve complex and uncertain risks. Traditional safety standards have long established
a taxonomy of such risks [67], while the eld of Responsible Al has underscored the sig-
ni cance of responsibility in human—machine collaboration [W5]. With the recent surge
of research on the safety of LMMs and MLLMs, these models have begun to demon-
strate an emerging capacity for understanding safety-related concepts [29,101]. Concur-
rently, LMMs are being deployed in task and motion planning [65, 92, 158]. However,
the domain of responsible robotic manipulation remains signi cantly under-explored.
Within the robotics community, preliminary efforts have been made to perform pre-
execution safety checks or to estimate potential hazards through vision-based systems.
These approaches attempt to mitigate risks using explicit safety constraints or boundary
conditions [43,64,106,131,142,187]. Nonetheless, they often lack the robust reasoning
and contextual understanding capabilities inherent to MLLMs, limiting their applicabil-
ity in complex or previously unseen real-world environments. In contrast to conventional
safety control paradigms [43], leveraging the advanced reasoning and scene comprehen-
sion abilities of MLLMSs offers a promising alternative for enabling responsible robotic
manipulation. This potential has been supported by prior research in MLLM safety.
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However, despite the impressive semantic and contextual understanding of large
models, it remains an open question whether current MLLM-driven robotic systems are
truly capable of responsible manipulation. How can we better formalize and represent
manipulation tasks in a way that allows MLLMs to operate under safety-aware condi-
tions? How can MLLMs provide humans with proactive and context-relevant guidance
in interactive settings to support safer and more effective collaboration?

Moreover, the lack of dedicated benchmarks for responsible robotic manipulation
presents a signi cant barrier to progress in this area. Existing benchmarks [85, 181] in
embodied Al largely focus on improving model representations for agents or robots,
rather than evaluating their capacity for responsible and safety-aware behavior. This
gap highlights the urgent need for new evaluation protocols and datasets that explicitly
address responsibility and safety in robotic manipulation tasks.

2.4 Summary of Limitations in Current Approaches

Despite remarkable progress in generalizable robotic manipulation, and the promising
performance of recent methods leveraging multimodal perception, policy learning, and
large-scale model-guided task planning, current approaches still face signi cant chal-
lenges in terms of generalizability and robustness.

First, the acquisition of high-quality training data remains a critical bottleneck in the
development of generalizable robotic systems. Most existing methods heavily rely on
large-scale, manually annotated datasets for model training. However, in real-world sce-
narios, obtaining such high-quality annotations is not only costly and time-consuming,
but often impractical, particularly in complex or dynamic environments. Additionally,
sparse data and labeling inconsistencies can signi cantly undermine the stability and re-
liability of trained models during deployment. To address these issues, increasing atten-
tion has been directed toward Sim2Real Transfer Learning, which facilitates the transfer
of learned policies from simulation to the real world. This approach is especially im-
portant when policy models are exposed to out-of-distribution (OOD) scenarios, where
Sim2Real methods can enhance the system's adaptability to corner cases, thereby im-
proving both decision robustness and task success rates.

Second, the increasing structural complexity of robotic systems, especially with the
integration of high-degree-of-freedom (high-DoF) dexterous hands in embodied agents,
has rendered traditional representation methods insuf cient for training ne-grained ma-
nipulation policies. Conventional representations often fail to capture essential details
such as ne contact interactions and functional semantics, thus limiting the transferabil-
ity and generalizability of manipulation strategies. To overcome these limitations, we
introduce a suite of enriched representation strategies, including contact-based semantic
representations, grasp evaluation representations, and functional representations, which
are designed to improve manipulation performance, data generation ef ciency, and pol-
icy generalization in complex real-world environments.

Third, the integration of multimodal information remains one of the central chal-
lenges in robotic manipulation. Current approaches often lack effective cross-modal
representation mechanisms that can bridge perception and control, making it dif cult
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to fully exploit the complementary nature of modalities such as vision, touch, and lan-
guage. This insuf ciency in multimodal fusion limits the consistency and adaptability

of robotic systems across task reasoning, semantic interpretation, and policy execution.
Moreover, with the advancement of large-scale multimodal models (e.g., VLMs, LMMs,
MLLMSs), robotic manipulation has increasingly evolved towards the domain of respon-
sible robotic manipulation. In practical applications, robots are expected not only to
execute tasks but also to perceive and mitigate potential risks to ensure safety for both
humans and the surrounding environment. Despite recent progress in semantic under-
standing, existing large models exhibit limited capacity for physical risk prediction and
safe decision-making in dynamic environments. Ensuring both task ef ciency and oper-
ational safety remains a formidable challenge. To address this research gap, we propose
the paradigm of Safety-as-Policy, which incorporates safety awareness directly into the
policy generation process. In addition, we introduce a comprehensive benchmark for
responsible robotic manipulation designed to enable systematic evaluation of robotic
agents across multiple dimensions, including multimodal perception, safety compliance,
and task performance.
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Chapter 3

Sim2Real Transfer Learning for
Dexterous Grasping from Cluttered
Environments

To enhance the robustness and generalization capabilities of learning-based grasping
strategies in real-world environments, we propose a general Sim2Real transfer learning
framework that facilitates stable training of robotic grasping policies in cluttered and
complex scenes. While learning-based grasping policies hold the promise of model-free
execution, traditional methods often suffer from sparse grasp representations, leading to
instability during deployment. Moreover, even generalizable model-free grasping net-
works tend to exhibit signi cant performance degradation when confronted with corner
cases—non-trivial scenarios such as tangled cables or heavy occlusions that are not well
represented in existing datasets.

This chapter aims to systematically investigate the effectiveness of Sim2Real trans-
fer mechanisms in two key aspects: (1) enhancing the prediction performance of gener-
alizable model-free grasping policies, and (2) enabling the development of specialized
grasping strategies tailored to speci ¢ corner-case scenarios, such as cable entanglement
and severe clutter.

Speci cally, we introduce a data augmentation method designed to alleviate the spar-
sity inherent in grasp data generated via traditional analytical approaches, thereby im-
proving the stability of generalizable model-free grasping policies. Although such poli-
cies perform well in typical grasping tasks, we observe a clear performance drop when
dealing with challenging scenarios like cable grasping in cluttered environments. Given
the high frequency of such corner cases in industrial settings and their underrepresenta-
tion in current datasets, we further propose the CG-CNN—a Sim2Real-based network
tailored for robust cable grasping. CG-CNN adopts a trial-and-error training pipeline
within high- delity simulated environments to collect diverse data and support policy
learning under realistic conditions.

In this context, we study several core aspects: the critical role of data augmentation,
the decisive impact of data quality on policy stability, the acceleration effect of Sim2Real
transfer in corner-case scenarios, and the intrinsic coupling between Sim2Real tech-
niques and cluttered scene learning.
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In summary, this chapter demonstrates that incorporating data augmentation into
our end-to-end model-free grasping network signi cantly enhances grasp stability and
robustness in cluttered real-world environments. The augmented training process effec-
tively mitigates grasp sparsity and improves policy generalization across diverse object
con gurations. However, the network still exhibits performance degradation when en-
countering out-of-distribution objects in highly cluttered or corner-case scenarios. To
address this limitation, we introduce CG-CNN, a Sim2Real-based grasping framework
speci cally designed for challenging tasks such as cable grasping. Through systematic
exploration, we show that Sim2Real transfer learning not only accelerates policy adap-
tation in complex scenes but also compensates for the reduced performance of purely
model-free grasping networks under extreme clutter, thereby providing a more reliable
and generalizable solution for real-world robotic grasping.
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3.1 Motivation for Sim2Real Transfer Learning

Robotic grasping, as a fundamental task in robotics, has been extensively studied for
decades. To improve the ability of robotic systems to grasp unknown objects, model-
free learning-based grasping approaches have demonstrated signi cant success in rigid
object manipulation tasks. Starting from classical formulations such as force-closure
theory [125] and the Ferrari-Canny metric [50], model-free grasping has progressed by
leveraging large-scale datasets to optimize grasp poses [47,91,110,120]. These datasets
are typically constructed through manual collection [185], analytical synthesis [109], or
trial-and-error exploration in simulation environments [23,46,56,80,184,198]. Based on
these resources, numerous grasping networks have been proposed to plan robust grasp
strategies across diverse objects and environments [47, 109, 145].

Training a robust grasping model capable of handling deformable and non-convex
objects usually demands large-scale datasets. However, collecting such data in the real
world is both challenging and costly, especially when manual labeling is required—and
even then, label accuracy is often compromised. To mitigate these issues, simulation
environments have been widely adopted for dataset generation, thereby advancing deep
learning-based robotic grasping methods [28, 70].

Nonetheless, a signi cant Sim2Real gap persists. Simulated depth images lack re-
alistic sensor noise, and the geometry of deformable objects in simulation often devi-
ates from their real-world counterparts. These discrepancies reduce the generalization
capability of trained models during deployment. To address this challenge, Sim2Real
transfer learning has gained momentum, with strategies such as domain randomization
and domain adaptation introduced to align simulation data with real-world distribu-
tions [28, 70].

Despite these advances, we observe that generalizable end-to-end grasping policies
still face substantial challenges in high-precision model-free grasping tasks. A major
bottleneck lies in the limited diversity of object instances and grasp labels in existing
datasets. When the geometric features of household or unstructured objects deviate sig-
ni cantly from those present in the training data, model-free grasping networks expe-
rience a sharp performance drop. Recent efforts have attempted to address this by con-
structing synthetic grasping datasets using analytical grasp sampling and grasp quality
metrics—examples include Dex-Net 2.0 [109], and GraspNet-1Billion [47]. However,
in these large-scale datasets, grasp candidates are often represented as single-pixel la-
bels, which are sparsely distributed, leading to imbalanced training labels and poor con-
vergence during learning. These limitations hinder the robustness and accuracy of the
resulting policies.

To improve grasp prediction accuracy and stability, particularly in pixel-sparse and
label-uncertain regions, we propose a data augmentation method that enhances both la-
bel density and network generalization. This method integrates synthetic data generation
with Sim2Real transfer learning, reducing policy uncertainty in ambiguous regions. The
detailed methodology is presented in Sec. 3.3.

While this approach enhances generalization, its performance remains limited in
corner-case scenarios, such as grasping cables in severely cluttered environments. Grasp-
ing non-convex, deformable objects in real-world unstructured scenes signi cantly in-
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creases task complexity and requires explicit collision awareness. In many industrial
applications, cable manipulation is still performed manually due to the cables' deforma-
bility and irregular geometry. The automation of such tasks is challenging, particularly
when cables are stacked and entangled, resulting in occlusion and spatial uncertainty.
Without precise planning and collision-aware control, robotic systems risk damaging
nearby components, leading to economic losses.

We benchmarked SOTA grasping methods on cluttered cable scenarios and observed
a signi cant drop in success rate compared to rigid object manipulation. This degrada-
tion is attributed to two main factors: (1) the geometric complexity of cables deviates
substantially from that of objects in conventional datasets; and (2) cables tend to inter-
twine, where grasp planning without collision modeling often results in failure. These
challenges motivated the development of our proposed CG-CNN framework.

Grasping cables in cluttered scenes (see Fig. 3.10) using model-free methods presents
several unigue challenges, including geometric variability, stacking complexity, grasp
ef ciency, and collision sensitivity. These factors exacerbate the dif culty of both train-
ing and data acquisition. To explore the potential of Sim2Real transfer learning in ad-
dressing these challenges, we propose CG-CNN, a Sim2Real-based framework tailored
for cable grasping.

In this framework, both simulation and real-world grasping pipelines are uni ed, and
physical feedback is collected to enhance training. The CG-CNN architecture integrates
collision awareness by predicting grasp quality while implicitly modeling potential colli-
sions. This design improves safety during manipulation. Compared with state-of-the-art
methods, our approach achieves superior performance in cable grasping tasks, attaining
success rates of 92.3% in known scenarios and 88.4% in unseen conditions, as detailed
in Sec. 3.4.

3.2 Sim2Real Transfer Learning Framework

To address the challenges of limited robustness and data sparsity in model-free robotic
grasping strategies under real-world conditions, we propose a grasp learning framework
that integrates data augmentation with Sim2Real transfer learning. This framework sig-
ni cantly improves the stability and generalization ability of grasping models in com-
plex and cluttered environments by generating high-quality, densely labeled grasping
datasets in simulation and leveraging domain transfer techniques from simulation to
reality. Our synthetic data generation process supports both analytical grasp data gen-
eration and trial-and-error-based data collection in physically realistic simulation envi-
ronments. These complementary approaches enable the construction of a large-scale,
diverse dataset that bridges the gap between synthetic and real-world grasp scenarios.
The overall pipeline of the proposed framework is illustrated in Fig. 3.1.

3.2.1 Analytical Grasp Generation for Sim2Real Transfer

In the analytical grasp data generation approach used for Sim2Real transfer, object mod-
els are employed to compute parallel-jaw grasps based on the force-closure principle.
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(a) Analytical grasping data generation for Sim2Real transfer learning. (Source: [189])

(b) Trial-and-Error method-based Sim2Real transfer learning. (Source: [192])

Figure 3.1: Pipeline of Sim2Real transfer learning using analytical grasping dataset generation
or Trial-and-Error method.

Speci cally, grasps are aligned parallel to the tabletop plane, and the grasp quality is
evaluated using the Ferrari—-Canny metric, which quanti es the ability of a grasp to re-
sist external disturbances. Grasps with high resistance are labeled as positive samples,
while those with poor stability are marked as negative samples.

The resulting dataset includes both Red-Green-Blue plus Depth (RGB-D) scene im-
ages and corresponding grasp affordance maps. In the affordance map, each pixel en-
codes the grasp quality at the corresponding location: green pixels represent positive
grasps, red pixels denote negative ones, and blue pixels indicate background or irrele-
vant regions.

Using this large-scale synthetic dataset, which covers objects with diverse geomet-
ric properties, we train an end-to-end model-free grasping network that predicts a dense
grasp affordance map from a full-scene depth image. The pixel with the highest pre-
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dicted affordance score is selected to compute the optimal grasp, which is then executed
in the real world using a physical robotic manipulator.

3.2.2 Trial-and-Error-Based Sim2Real Transfer Pipeline

In the trial-and-error-based Sim2Real pipeline, grasp data is generated within a simu-
lated environment that closely mimics cluttered cable-grasping scenarios. Speci cally,
multiple cables are randomly dropped into a bin to simulate the physical entanglement
and occlusion observed in real-world industrial settings.

A grasp sampling algorithm is then applied to the synthetic point cloud to generate
force-closure grasp candidates. Each candidate is validated through physics-based sim-
ulation, where a virtual robot attempts the grasp. The outcome of each grasp attempt
(success or failure) is recorded and used as ground-truth labels for training.

Through this iterative trial-and-error process, we train a grasp evaluation network
that predicts grasp quality based on local visual information centered around the grasp
candidate. Focusing on localized regions rather than the entire scene helps reduce do-
main discrepancies across different cluttered environments. The grasping sampling al-
gorithm, CG-CNN training and the corresponding grasping strategy are introduced in
the Sec. 3.3.

Experimental results demonstrate that this localized evaluation approach signi -
cantly improves grasping performance in corner-case scenarios, such as heavily entan-
gled cables, when compared to global affordance-based model-free grasping networks.

3.3 Data Augmentation for Precise Model-free Robotic
Grasping Policy Training

3.3.1 Problem Formulation

Our primary objective is to develop a robotic grasping framework using a parallel-jaw
gripper that maintains robustness and precision despite sensor noise and inaccuracies
in contact modeling. Additionally, we address the scarcity of annotated grasping data
present in existing datasets. Assuming a uniform mass distribution of the target object,
we formally de ne the grasping problem as follows:

|GAM:p MFG(I DEP) (31)

where we design an encoder-decoder architecture that learns a pixel-wise model-free
grasping policy 'FC to estimate a grasp affordance m&*V' from depth imagery

IPEP The grasp affordance estimation network is able to infer robust grasp affordance
maps directly from scene visual information, facilitating generalization across various
object geometries and poses. The grasp pose g is characterized as a 3D position [X;Y; Z]
with orientation g constrained along the Z-axis of the end-effector and grasp width w.

In grasp affordance map, each pixel in the map represents a candidate grasp center,
with its value corresponding to the predicted quality or success likelihood of that grasp.
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Based on estimated grasp affordance maps, the optimal gsggp gelected based on
the grasp optimizer [189] for nal execution. The grasp optimizer is detailed in our
publication [189].

3.3.2 Synthetic Grasping Dataset Generation using Domain Ran-
domization

We generate grasping scenes using a wide range of 3D object models within the pyrender
simulation environment [114], employing domain randomization to improve generaliza-
tion. Objects are randomly positioned on a planar table, while a virtual depth camera is
placed at a random distance between 65 mm and 75 mm from the table surface. Object
volumes are sampled within the range [273%¢ct®00 cn?], corresponding to the typical

scale of household items. During training, Gaussian noise (mean = 1, standard deviation
=0.01) is added to the depth images to mimic sensor noise. The rendered depth images
are stored in the grasping dataset.

(a) (b)

Figure 3.2: Synthetic grasping data generation. (a) Grasp sampling and quality estimation. (b)
Grasp quantization and grasp affordance map generation. (Source: [189])

For each rendered scene, horizontal grasp samples are generated under the force-
closure grasp policy, taking into account the object pose. Following prior works [109,
185], only grasps approximately perpendicular to the planar surface are considered valid
(Fig. 3.2a). In each scene, 150 grasp samples are generated; scenes with fewer valid
samples are discarded. Each grasp is represented by the grasp central point and the
orientation angle g between the grasp direction and the x-axis of the image coordinate
system. The Grasp Wrench Space (GWS) is computed for each candidate, and the grasp
quality is evaluated using the Ferrari-Canny metric (Fig. 3.2a). The resulting dataset
includes the depth images, grasp candidates, and their estimated qualities.

To generate labels, we perform grasp orientation quantization. Speci cally, each im-
age is rotated such that the grasp orientation aligns with the x-axis, eliminating the need
to predict orientation explicitly. Orientations are quantized into 16 bins according to the
angle q (Fig. 3.2b), with labels ranging from O to 15. The rendered images are corre-
spondingly rotated until the grasp orientation is parallel to the x-axis (Fig. 3.2b, middle).

Finally, grasp affordance maps are constructed based on the quantized horizontal
grasp samples (Fig. 3.2b, right). Each grasp sample is classi ed into three categories
using a quality threshold de ned as the median grasp quality in the dataset. Grasp
candidates with qualities exceeding are labeled as positive grasps (green), while the
remaining candidates are labeled as negative grasps (red). All other pixels are assigned
to the background class (blue). The central points of grasp samples are annotated in the
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affordance maps according to their assigned classes, providing the supervision labels for
the encoder-decoder grasping network.

3.3.3 Distribution Function-Based Grasping Label Augmentation

(@) (b)

Figure 3.3: Contact point-aware distribution function-based grasping affordance augmentation.
(a) Contact points-aware distribution function. (b) Data augmentation of the sparse grasp affor-
dance map. (Source: [189])

Recent open-source grasping datasets [23, 109] suffer from the sparsity of grasp
pixel labels. When grasp networks are trained on synthetic datasets formatted in the
same manner, this sparsity results in the misidenti cation of grasp candidates, particu-
larly along object edges or on the supporting surface (refer to results from experiments,
as shown in Fig. 3.9). The limited number of labeled pixels for each grasp makes the
network prone to inaccurate predictions and poor generalization.

To address this issue, we introduce a data augmentation strategy designed to enhance
both the quantity and diversity of horizontal grasp samples, as shown in Fig. 3.3. This
method also increases the number of associated grasp labels based on the following
function:

aqx)=e (%)Zq_original(g) (3.2)

Here, x denotes a pixel position sampled along the line between the contact points;
Ooriginal(9) represents the grasp quality at the original grasp center, while q(x) is the
augmented grasp quality assigned to x, as illustrated in Fig. 3.3b. Leveraging our data
augmentation technique, we classify these newly generated grasp candidates to produce
an augmented grasp affordance map (see Fig. 3.3b). This method effectively increases
the density of grasp labels between contact points, reduces prediction uncertainty, and
minimizes the likelihood of false-positive grasps on object edges. Finally, a synthetic
grasping dataset is constructed by combining rendered depth images with the augmented
grasp affordance label maps.

3.3.4 Affordance Pixel-Aware Loss Function for Grasp Affordance
Map Learning

In grasp affordance label maps, the severe class imbalance among the three label cate-
gories poses a signi cant challenge for effective network training. This imbalance under-
mines the effectiveness of using a standard cross-entropy loss, often leading to biased
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learning toward the majority class. To address this issue, we introduce an adaptively
weighted cross-entropy loss function, de ned as follows:

1 Hws adapti eQ(Xijk
— Pive,
L= 3H .a a a Mijk eY”k|09°3 eRMiji
i=1 j=1 k=1 |z
3
adaptive_ 2 original
Mii = @ | penaty Mjj (3.3)
8 k=1
2 nClass
< al\class ;Niqlass> 0
| penalty= N )
O.Nglass 0

Let Q(X)ijx denote the predicted grasp affordance map output by the network, and
Yik 2RHW 3 represent the corresponding ground truth label map. The tq-cﬁfﬁ'rﬁi

indicates the initial class-wise mask without weighting, arffifrefers to the pixel
count per class, used to quantify class imbalance.

To mitigate the negative effects of label imbalance, we construct an adaptive penalty
mask that dynamically adjusts the weighting applied to each pixel based on its class.
This mechanism increases the training emphasis on positive and negative grasp points,
which are typically underrepresented compared to background pixels.

An adaptive coef cient, denoted asgnaity is introduced during training and is up-
dated according to the distribution of label quantities across classes. Experimental re-
sults demonstrate that incorporating the adaptive penalty mask not only improves train-
ing ef ciency and convergence stability, but also enhances the network’s ability to dis-
tinguish subtle grasp-relevant features in the presence of sparse labels.

The primary objective of the model-free grasping framework is to train a robust
and generalizable network capable of operating under domain shift (i.e., differences
between synthetic and real data), as well as uncertainties stemming from sensor noise
and inaccurate contact models. To achieve this, we adopt a sim-to-real transfer learning
strategy during training.

3.4 CG-CNN: Collision-Aware Cable Grasping from Clut-
tered Environments

3.4.1 Problem Formulation

The objective of this study is to train a collision-aware cable grasping network that

enables a robot to reliably pick a single cable from cluttered environments. In the exper-
imental setup, the robot is equipped with a two-jaw gripper and performs grasping in a
horizontal pose from a deep box. As illustrated in Fig. 3.4, the grasp pose is de ned as:

g=[Xxyzq;w] (3.4)
where (X;y;z) denotes the grasp position, g represents the grasp orientation, and w
indicates the grasp width.
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Figure 3.4: Grasping cables from cluttered scenes. (a) CG-CNN estimates the grasp qualities
for candidates based on a grasp sampling method. Positive candidates in green (quality > 0:5)
and negative candidates in red (quality < 0:5). (b) Optimal grasp candidate selected based on
grasp qualities. (c) Example of success trial-and-error grasping in physical simulator and grasp
representation. (Source: [192])

To determine the optimal grasp pose in cluttered scenarios, the non-convex cable
is rst modeled and simulated in the proposed simulation environment. The geometric
model is preprocessed using a convex decomposition method, as detailed in our publi-
cation [192]. A force-closure grasp sampling strategy is then employed based on depth
images to generate N valid grasp candidates Aj=dg:::;9y 1 |- The grasp sampling
method is detailed in Sec. 3.4.2. During the sampling process, the executed grasp width
WestimatedS @nalytically computed according to the pair of contact points.

The collision-aware cable grasping simulation serves as a data collection framework,
and the collected dataset is further used to train a CG-CNN netwsilcn for pre-
dicting grasp quality, i.e., the probability of a successful grasp. The overall pipeline is
illustrated in Fig. 3.1b and described in detail in Sec. 3.4.3. To improve computational
ef ciency, only the local cropped depth imagedorresponding to each grasp candidate
g; is used as input during training. The trained network is then capable of inferring grasp
guality from new stacked cable images. Based on the inference results, the optimal grasp
pose @yt is obtained from Eq. 3.5.

1 1
g=  feeenn (1)
i=0 i=0 ,\f . (3.5)
Yopt = hgrasp strategy( i)
i=0

NSl . NS
where ~ If represents the cropped depth images of grasp candidates denotes
i=0 i=0
the grasp qualities inferred by CG-CNNd cnn , and Ryrasp strategy refers to the grasp
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strategy for selecting optimal grasp candidag,@s described in Sec. 3.4.4.

3.4.2 Force-Closure Grasping Sampling

Force closure is a fundamental concept used to evaluate grasp stability and prevent ob-
ject slippage [125]. In this work, a grasp sampling algorithm based on force closure is
employed to generate grasp candidates from depth images. The detailed procedure is
outlined in Alg. 1.

Algorithm 1 Grasp Sampling Algorithm (originally presented in [192])

1: Input: Depth image I, Number of sampling n, maximal gripper width w_max, fric-
tion coef cient f

n

Output: Set of cropped depth imagr_‘egglf and grasp candidat(r;%0 of
repeat J J

Downsample depth image and crop depth image to speed up the algorithm.

Apply bilateral Iter into depth image.

Edge detection according to depth gradient and normal direction estimation ac-
cording to surroundingsedge points.

7. Sample point pairs (ck1; Ck2) from edge points with maximal gripper width
k=0
w_max. Each point pair contains of two contact points of two-jaw gripper.

8: Sample grasp directions in set of point pairs with friction coef cient f according
to Equation 3.6 to obtain valid force-closure grasp candidates, also named antipodal
grasp candidates. The grasp width is calculated based on distance between contact
points.

: LS
9: until  Successfully sample force-closure grasp candidates g; =
j=0

ng
» (Xj;Yj: Zj; dj; wj)

ng
10: Crop the original depth image to obtain localized depth imageE]C, as described

j=0
in Sec. 3.4.2.

We begin by detecting edge points using depth gradient information and estimate
their surface normals by analyzing neighboring edge points. Subsequently, a simpli ed
force closure approach is applied to sample stable antipodal grasp candidates from these
edge points, as illustrated in Fig. 3.4 (b). The grasp sampling process is mathematically
formulated as follows:

arccos(n (g 7)) <arctan(f)

(3.6)
arccos(n (g »,)) <arctan(f)

To begin with, n and rp represent the surface normals at the two contact points, and
0,, Go describe their corresponding grasp directions. The friction coef cient is denoted
by f. With the estimated normals and friction coef cient, the grasp orientation q is
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derived from the grasp directions. The midpoint of the contact points is taken as the
grasp center (X;y;z), and the grasp width w is given by the distance between them.
To capture local geometric information, a xed-size region is cropped from the depth
image based on the center position (x;y) and orientation q. In this cropped image, the
horizontal axis aligns with the grasping direction, and the image center corresponds to
the grasp center.

3.4.3 CG-CNN Training

Ef cientNet [148] demonstrated competitive performance with a signi cantly reduced
number of parameters by systematically balancing network depth, width, and input res-
olution. Building upon this idea, CG-CNN is designed based on the Ef cientNet frame-
work. As illustrated in Fig. 3.1b, the architecture incorporates Mobile Inverted Bottle-
neck Convolution (MBConv) layers [148], standard convolutional layers, pooling layers,
and fully connected (FC) layer. The CG-CNN model takes as input a cropped depth im-
age centered around the grasp candidate and outputs a predicted grasp quality score.

To further enhance the model's performance and address data imbalance, an adaptive
weighted cross-entropy loss function is proposed and formulated as follows:

M
L= & fm(ylog p+(1y) logd ) (3.7)

m=1

Here, y andp denote the ground-truth and predicted grasp quality scores, respec-
tively. The adaptive weight is dynamically adjusted based on the distribution of label
guantities, in order to mitigate the effects of class imbalance during training.

3.4.4 Grasping Strategy

Several grasping strategies are explored in this thesis:

* Random Sampling Policy {ghdom: A grasp candidate is randomly chosen from
the set of candidates generated by the grasp sampling algorithm, without utilizing
any grasp quality evaluation.

* CG-CNN Policy (zc-cnn): The grasp candidate with the highest predicted grasp
quality is selected based on the output scoreg.@un produced by the CG-CNN
model. The selection strategy is de ned as:

( )
(N L
Jopt=Max g+l L
9 =0 i=0

e (3.8)

where | is a weighting coef cient that adjusts the contribution of the height-based
heuristic, and geight denotes the ranking index of the grasp center's height among
all N sampled grasp candidates. This formulation encourages selecting grasps that
are both high-quality and spatially favorable.
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3.5 Experiments

3.5.1 Experimental Setup, Scenarios and Evaluation Metrics

Figure 3.5: Experimental setup for model-free grasping [189] and cable grasping [192]. (a)

Setup with UR5e robot with Robotig two-jaw gripper, Intel RealSense D415 camera and Photo-
neo PhoXi 3D Scanner M. (b) Unknown household objects. (c) Known objects. (d) Cable grasp-
ing from bin box containing of a large quantity of cables tightly stacked together. (e) Grasping
unknown cable from cluttered scenes.

On the real-world experimental platform, both model-free grasping and cable grasp-
ing are validated, as shown in Fig. 3.5. The test objects consist of ten unknown house-
hold items and ten known objects from the YCB dataset, together with a large number
of HDMI and DP cables. In addition, ring-shaped cables are introduced as unseen cat-
egories in order to comprehensively evaluate the generalization capability of the pro-
posed methods. In the simulation environment, two setups are constructed. The rst
is an analytical grasp generation environment based on Three-Dimensional (3D) mesh
models, which is utilized for generating grasp datasets for model-free grasping. The
second is a physics-based robot grasping environment, which involves cluttered scene
generation for cable grasping, grasp data collection, and simulation-based validation.
Intel Realsense D415 3D camera is used for model-free grasping. A Photoneo PhoXi
3D Scanner M is utilized extract point cloud, depth and gray images for cable grasping
method. The scanner resolution is 2064 1544.

Experimental Scenarios for Model-Free Grasping

To evaluate performance under varying conditions, the following experimental scenarios
were designed:

* Single-object scenarios (S1): The target object is randomly placed on the table for
individual grasping attempts.

 Cluttered scenarios with multiple objects (S2): Multiple randomly selected objects
are placed on the table to simulate a cluttered environment.

» Task-oriented scenarios with data cables in lightly stacked clutter (S3): Various
data cables are placed on the table to mimic real-world, task-speci ¢ industrial
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grasping conditions under a model-free framework. Speci cally, the wires are
not in a heavily stacked state, as current end-to-end models experience signi -
cant performance degradation under strong stacking conditions. This also laid the
foundation for the proposal of our CG-CNN.

Experimental Scenarios for Cable-Grasping CNN

To evaluate the performance under heavily stacked cluttered scenes of CG-CNN for
cable grasping, the experiments are executed in the following scenes:

» Heavily stacked cluttered scenes with multiple cables in bin box (S4), as shown
in Fig. 3.5 (d).

* Cluttered scenes with multiple unknown cables (S5), as depicted in Fig. 3.5 (e).

Evaluation Metric

The success rate (SR) is calculated as the ratio of successful grasp attempts to the total
number of grasp attempts, including both successful and failed trials. The evaluation
metric is used during simulation evaluation of CG-CNN in simulator and real-world
evaluation of model-free grasping and CG-CNN in above experimental scenarios.

3.5.2 Synthetic and Real-World Dataset for Model-Free Grasping

Figure 3.6: Examples of datasets for model-free grasping and cable grasping, including synthetic
dataset (a) and augmented dense grasp affordance maps (b), real-world dataset with sparse grasp
affordance labels (c)-(d), negative and positive cable grasp candidates (shown in sub gure (e)
and sub gure (f)). (Sources: [189, 192])
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Synthetic Grasp Generation for Model-Free Grasping

Our proposed analytical grasp generation method estimates is contact point pairs sat-
isfying the force-closure condition based on 3D object meshes. In a tabletop scene,
horizontal positive grasp samples are computed and regarded as grasp candidates. Sub-
sequently, by applying the proposed data augmentation strategy, the grasp affordance
map is enriched to produce a denser distribution of grasps. In total, we collected 1,521
distinct objects from various open-source datasets, yielding approximately 65,000 train-
ing samples.

Synthetic and Real Datasets for Model-Free Grasping

The following diverse robotic grasping datasets are constructed and utilized for compar-
ative experiments and sim-to-real transfer learning, as shown in Fig. 3.6 (a)-(b).

» Syn-Train dataset: A synthetic training dataset containing over 65,000 samples
with grasp affordance label maps augmented using the proposed data augmenta-
tion strategy. Fig. 3.6 (a) and (b) present examples from the synthetic dataset and
dense grasp affordance label maps.

» Syn-Real-Train dataset: A hybrid training dataset composed of synthetic images [189]
and 6,200 real-world samples with sparse grasp annotations. The real-world sam-
ples are sourced from [185] and shown in Fig. 3.6 (c)-(d).

» Real-Train dataset: A training dataset consisting exclusively of real-world samples
from [185].

Synthetic Cable Grasping Dataset Generation

We propose a trial-and-error-based data generation method for cable grasping in simu-
lation. A random number of cables with random positions and orientations are dropped
into a bin to create cluttered scenes. Grasp candidates are then estimated using a grasp
sampling method, and depth images are cropped according to the grasp con gurations
of the candidates. The UR5e robot is employed to perform cable grasping in cluttered
environments.

Due to the inherent instability of physical simulation, unexpected collisions may
occur, occasionally causing objects to be displaced or ejected during grasp attempts. To
mitigate this issue, grasping instances in which the object exhibits signi cant positional
deviation are reset. This situation typically arises when the object has not yet reached
a stable pose and the robot attempts to grasp prematurely. If the cable is successfully
grasped, the corresponding candidate is labeled with a grasp quality of 1; otherwise, itis
labeled as 0. In total, we generated a synthetic cable grasping dataset consisting of more
than 15,000 data samples, each associated with grasp validation results from simulation.

Examples of depth images from negative and positive candidates in cable grasp-
ing dataset are shown in Fig. 3.6 (e) and (f). Unlike datasets such as Dex-Net [109],
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GraspNet-1Billion [47], Contact-GraspNet [145], and the dataset we used for model-
free grasping [189], where grasp quality labels are analytically derived and remain un-
veri ed, our dataset obtains grasp labels directly through grasp execution in simulation,
providing more reliable annotations.

3.5.3 Training of Model-Free Grasping Network

Based on the different variants of synthetic and real-world datasets, the end-to-end
model-free grasp affordance estimation network is initially trained on the large-scale
synthetic dataset and subsequently ne-tuned using the human-annotated real-world
data, thereby enabling Sim2Real transfer learning. Training was conducted on an NVIDIA
GeForce GTX 1080Ti GPU using a combination of the Adaptive Moment Estima-
tion (Adam) optimizer and Stochastic Gradient Descent (SGD). The learning rate was
set to 0.04, with a batch size of 32.

3.5.4 Grasping Training and Evaluation of CG-CNN in Simulation

Training of the CG-CNN is performed by feeding cropped depth images into the network
and predicting grasp qualities as the probability of successful grasp execution. The input
images, resized to a dimension of (224, 224, 3), are augmented using horizontal and
vertical ipping operations. To mitigate the domain gap between physics simulation
and the real world, we adopt domain randomization. Speci cally, we introduce random
initial cable poses, sample friction coef cients within the range of 0.1 to 0.5, and add
random noise, including salt-and-pepper and Gaussian noise.

(@) (b)

Figure 3.7: Training loss curve and evaluation success rate curve of CG-CNN in simulation
environment. (Source: [192])

Grasping performance is evaluated every 10 epochs within the proposed simulation
environment. The evaluation metric is de ned as the success rate of 100 grasp trials,
computed as the ratio of successful grasps to total attempts. Figure 3.7 (a) and (b) il-
lustrate the training loss and grasp success rate in simulation, both demonstrating stable
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convergence. These results indicate that CG-CNN effectively learns to predict grasp
quality from input data while generalizing to unseen examples.

3.5.5 Qualitative and Quantitative Studies of Model-Free Grasping
with SOTA Methods.

We compare different variants of our methods with SOTA methods, including Meta-
Grasp [23] and Dex-Net 2.0 [109]. Success rates are based upon testing using a UR5e
physical robot. The 10 known objects are selected from the YCB dataset and the novel
testing set consists of 10 household objects. We also test the model performance in cable
grasping from slightly clutter. The inference results of our methods in different scenes
are shown in Fig. 3.8.

Figure 3.8: Grasping processes of model-free grasping network for single-object scenes (a),
grasping from cluttered environment (b), and cable grasping from slightly cluttered scenes (c).

The comparative statistical results are summarized in Table 3.1 and statistical analy-
sis of grasp estimation with and without data augmentation is shown in Fig. 3.9. Among
all evaluated pipelines, the highest performance was achieved by the third variant of our
method—Syn-Real-Train+Networked-with-GO—highlighting the effectiveness of sim-
to-real transfer learning when combined with dense grasp annotations and a grasp opti-
mizer. Notably, training the network on our synthetic dataset with densely labeled grasp
poses yielded strong generalization to real-world scenarios. The adoption of domain
randomization further contributed to robust grasping across objects of varying sizes.

The MetaGrasp [23] pipeline also demonstrated a high success rate when grasp-
ing single, normal-sized unknown objects of diverse shapes. However, its performance
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Table 3.1: Results of Comparison Experiments of Model-Free Grasping Network with SOTA
Methods. (Source: [189])

. Success Rate (%)

Method Trials . S—

YCB-obj | household-obj multi-obj

DexNet 2.0 [109]| 145 88.2 83.3 80.0

Metagrasp [23] | 148 67.4 93.8 79.5

syn-Traint |20 1 806 75.0 60.2
without-GO

Syn-Real-Train+) ) oo | g5 75.0 62.6
without-GO

Syn-Real-Traint| ) o0 | g9 9 90.9 85.7
with-GO

Figure 3.9: Statistical analysis of horizontal grasping performance with and without data aug-
mentation. From left to right: (a) input depth images, (b) predicted horizontal grasp affordance
maps, and (c) grasp probability distributions at selected keypoints. In each example, red denotes
low (negative) grasp likelihood, while green indicates high (positive) grasp likelihood. The top
row shows results obtained by training on the Real-Train dataset without data augmentation,
whereas the bottom row presents results trained on the Syn-Train dataset with data augmenta-
tion. (Source: [189])
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noticeably declined with smaller objects (e.g., golf balls, strawberries). This degrada-
tion may stem from the lack of domain randomization in the data generation process
of MetaGrasp. Additionally, analysis of its affordance maps reveals that optimal grasp
points often lie on the table surface, likely due to the sparse labeling of graspable pixels,
which limits precise localization.

As for Dex-Net 2.0 [109], despite being trained on a large-scale synthetic dataset, it
showed limited capability in grasping small objects. Its performance also declined when
dealing with objects containing multiple ne-grained structures. This may be attributed
to Dex-Net's reliance on a local feature-based grasp representation, which restricts its
effectiveness in complex real-world settings.

3.5.6 Challenges in Model-Free Grasping and the Emergence of CG-
CNN

Figure 3.10: Pipeline of model-free grasping network for cable grasping. (Source: [189])

Despite the advantages demonstrated by our model in model-free grasping, we ob-
served that data augmentation signi cantly enhanced the model's capability to estimate
grasp affordances, particularly in edge regions of objects. Remarkably, the model main-
tained strong performance even on cable-shaped objects, whose geometric characteris-
tics differ substantially from those in the training dataset.

However, we also found that the inference-stage grasp affordance maps generated
by the model exhibited inconsistencies. As shown in Fig. 3.10, the predicted affordance
scores for certain objects were unreliable or fragmented. This issue became increas-
ingly prominent as the scene complexity escalated—from slightly cluttered to heavily
cluttered environments.

Motivated by these ndings, we developed the new model, CG-CNN, aimed at ex-
ploring how to improve grasping performance in out-of-distribution scenarios and under
complex scene conditions.
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Figure 3.11: Simulation and real-world inference results of Dex-Net 2.0 [109], GraspNet-
1Billion [47], Contact-GraspNet [145], and our proposed CG-CNN [192]. Simulation inference
results in same scene are shown in (a)-(d). Optimal grasp is plotted in pink for real-world infer-
ence results. (e) Failure because of multi-cable grasping. (g) GraspNet-1Billion failed to consider
the case of a single cable lying at on the table and selected an unstable grasp pose prone to ob-
ject slippage as the optimal candidate. (i) Multi-cable grasp. (f), (h) and (j) Optimal grasp in
same real-world scenes using CG-CNN. (Source: [192])

3.5.7 Qualitative Study of CG-CNN with SOTA Methods

Qualitative comparisons are conducted between our proposed grasping method and sev-
eral SOTA approaches under identical cable grasping scenarios from simulation and
real world. The baseline methods considered include Dex-Net 2.0 [109], the graspnet
baseline from GraspNet-1Billion [47], and Contact-GraspNet [145]. Representative ex-
amples for both simulation and real-world scenes with inference results are illustrated
in Fig. 3.11.

Our CG-CNN consistently identi es collision-free and stable grasp candidates, as
demonstrated in sub gures (d), (f), (h) and (j). This capability can be attributed to its
implicit learning of grasp qualities and collision conditions during the grasp sampling
and evaluation stages, enabling effective transfer from simulation to the real world.

Dex-Net 2.0 exhibits limited performance in cluttered cable grasping scenarios, as it
does not account for collision constraints during data generation. As a result, the model
often selects multi-cable grasps as optimal, as shown in sub gure (a) and (e). By con-
trast, CG-CNN successfully identi es a stable single-cable grasp under the same condi-
tion (sub gure (d) and (f)).

44



3.5. Experiments

The GraspNet-1Billion baseline may mistakenly select failed grasp samples as op-
timal candidates, as illustrated in sub gure (g). This limitation arises because its grasp
candidates in dataset are not veri ed in simulation, but rather Itered from single-object
environments, reducing its ability to assess grasp quality in cluttered contexts. Further-
more, GraspNet-1Billion performs poorly with thin objects, since grasps that collide
with the tabletop are excluded from its sampling procedure. Consequently, the model is
unable to generate valid grasp samples for thin cables and lacks the capacity to evaluate
grasps in collision-prone conditions. In contrast, CG-CNN [192] validates all candi-
date grasps in simulation, including those involving environmental collisions, thereby
enhancing its robustness (e.g., sub gure (h)).

Contact-GraspNet also struggles in multi-cable grasping scenarios, frequently fail-
ing to distinguish whether the cables belong to a single or multiple objects, as shown in
sub gure (i). To mitigate this, CG-CNN explicitly labels grasps involving multiple ca-
bles as failures during simulation, thereby guiding the model to predict optimal single-
cable grasps in the same environment (sub gure (j)).

In summary, the qualitative experiments demonstrate that our approach is well-suited
for high-performance cable grasping in cluttered scenes. By incorporating implicit colli-
sion information during simulation-based training, CG-CNN effectively reduces multi-
cable grasping failures and minimizes cable-dropping incidents, ensuring more robust
grasp execution.

3.5.8 Quantitative Grasping Experiments of CG-CNN
Ablation study of CG-CNN and Random Sampling policy

To quantitatively assess the performance of the proposed CG-CNN model, we compare
it against a random sampling baseline in terms of grasp success rate, both in simula-
tion and in real-world scenarios. Data collection is conducted by introducing varying
guantities of cables into a bin and executing 100 grasp attempts in simulation and 50 in
real-world tests. Particular consideration is given to multi-cable interactions; any grasp
resulting in multiple cables being lifted but subsequently dropped is recorded as a fail-
ure.

The results, summarized in Fig. 3.12, indicate that CG-CNN achieves superior per-
formance, with average success rates of 93.1% in simulation and 92.3% in real-world ex-
periments. In comparison, the random sampling policy demonstrates signi cantly lower
success rates due to suboptimal grasp selection, incorrect orientations, and a higher in-
cidence of post-grasp cable loss. Notably, CG-CNN outperforms the random policy by a
margin of 38.8% in real-world settings, highlighting its effectiveness in cluttered, multi-
object environments.

Comparison experiments of CG-CNN and SOTA methods

We conduct a quantitative evaluation of CG-CNN against several SOTA grasping meth-
ods [47,109, 145] described in 3.5.7, with comparative results presented in Fig. 3.13.
Across cluttered environments with varying cable densities, CG-CNN consistently out-
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performs competing approaches, achieving a grasp success rate at least 16% higher
than the best-performing baseline. Notably, grasp sampling methods such as GraspNet-
1Billion and Contact-GraspNet exhibit a lack of sensitivity to grasp orientation, of-
ten resulting in post-lift drops even when optimal grasp points are selected. Moreover,
GraspNet-1Billion shows limitations in detecting viable grasp candidates for thin, de-
formable objects. Dex-Net also suffers performance degradation due to its omission of
implicit collision modeling during grasp evaluation. These limitations are effectively ad-
dressed by CG-CNN, which demonstrates robust grasping performance by minimizing
failures due to multi-cable interactions and grasp instability.

Figure 3.12: Ablation study comparing the performance of random sampling and CG-CNN in
both simulation and real-world environments. (Source: [192])

Figure 3.13: Comparison of real-world experimental results between CG-CNN and SOTA meth-
ods. (Source: [192])
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Generalization of CG-CNN

To evaluate the generalization ability of our method, we applied the trained CG-CNN to
grasp previously unseen cables exhibiting a range of geometric variations, as shown in
Fig. 3.14. The physical experiments yielded a grasping success rate of 88.4%, con rm-
ing the robustness of our approach in handling cables with diverse shapes.

Figure 3.14: Examples of known cable grasping and unknown cable grasping. (a) Known cable
grasping in simulation and real world. (b) Grasping unseen cable from clutter.

3.6 Summary

We introduce a novel data augmentation method speci cally designed to address the
sparsity of pixel-wise grasp labels in both synthetic. By integrating force-closure and
grasp quality metrics, our augmentation strategy enhances the semantic richness and re-
liability of the grasp annotations, signi cantly improving data quality. Leveraging this
method alongside domain randomization, we generated a large-scale synthetic grasp-
ing dataset comprising over 65,000 samples, offering dense and diverse supervision for
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