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Abstract

Robotic grasping has traditionally relied on analytic models grounded in contact mechanics

and exact object geometry. Although principled, these methods often falter in real-world set-

tings due to sensing inaccuracies, noise, and incomplete object models. To overcome such

limitations, recent work has shifted toward data-driven approaches that leverage rich sensory

inputs, such as RGB-D images and point clouds, enabling robots to learn grasp strategies from

large-scale datasets. Despite their adaptability, purely learning-based methods frequently strug-

gle to generalize to unseen objects, diverse grippers, and novel environments. This motivates

the development of hybrid approaches that integrate analytic reasoning with data-driven mod-

els. However, most existing hybrids remain weakly integrated, using analytic methods only as

auxiliary evaluators or post-processing steps.

This thesis advances a synergistic hybrid framework for robust and generalizable grasp

synthesis under partial observation. First, we formulate grasp synthesis as rigid shape matching

between object and gripper point clouds, exploiting the gripper’s Signed Distance Field (SDF)

for efficient collision avoidance. To accelerate optimization, we use a parallelized Stochas-

tic Gradient Descent Iterative Closest Point (SGD-ICP) algorithm, which achieves significant

speedups over conventional approaches. Building on this, we introduce a Stein Variational

Gradient Descent (SVGD)–based extension that generates diverse grasp distributions, reducing

sensitivity to initialization and allowing incorporation of prior knowledge and task constraints.

Finally, we propose a novel hybrid framework that integrates Energy-Based Models (EBMs)

with analytical ICP gradients within the SVGD pipeline, combining learned priors with geo-

metric optimization to produce robust grasps directly from partial point clouds.

Through ablation studies, we show how dataset curation critically shapes the learned energy

landscape, with targeted datasets outperforming larger but less structured ones. Extensive

simulation experiments confirm that combining analytic and data-driven methods within the

proposed framework improves grasp quality, generalization, and robustness, achieving more

consistent outcomes than either approach in isolation.
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C H A P T E R 1

Introduction

RO B O T I C S, the idea of creating machines that imitate living beings, dates back thousands of years.

Early inventors across various cultures built mechanical devices that could perform repetitive or

lifelike actions without human control. Modern robotics, however, began to take shape in the mid-20th

century with the advent of programmable industrial robots, revolutionizing manufacturing processes.

F I G U R E 1 . 1 . (a) Hero of Alexandria’s de-
sign of singing birds (Łuniewicz and Jagiełło,
2024). (b) Al-Jazari’s automaton musi-
cians (Kennedy and Stanton, 1924). (c)
Leonardo da Vinci’s design for mechanical
knight (Pedretti and Rosheim, 2006).

Today, robotics encompasses a broad range of

systems from simple automated arms to complex

humanoid robots, capable of performing diverse

tasks in dynamic and unstructured environments.

Among these capabilities, robotic grasping — the

ability to perceive, plan, and execute object ma-

nipulations — remains a critical and challenging

area of research, essential for enabling robots to

interact effectively with the physical world.

1.1 Motivation

Hero of Alexandria in ancient Greece designed

singing birds (Figure 1.1(a)). During the Islamic

Golden Age, engineers like Al-Jazari developed

intricate programmable machines such as automa-

ton musicians (Figure 1.1(b)), showcasing early

robotic concepts using gears and levers. Later, in medieval and Renaissance Europe, figures like Leonardo

da Vinci sketched designs for mechanical knights capable of basic movements (Figure 1.1(c)), reflecting

humanity’s long-standing fascination with automating complex tasks.

1
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F I G U R E 1 . 2 . (a) The Unimate robot (Marsh, 2022). (b) Honda’s ASIMO humanoid
robot (Honda Motor Co., Ltd., 2001). (c) Boston Dynamics’ Atlas robot (Boston Dy-
namics, 2024).

The evolution of modern robotics began in the mid-1900s with the creation of robotic arms designed

for industrial applications. The Unimate robot (Figure 1.2(a)), developed in the 1960s by George Devol

and Joseph Engelberger, is widely recognized as the first programmable industrial robot. Deployed at

General Motors, the Unimate automated tasks such as welding and handling hot metal parts, marking a

transformative shift in manufacturing by increasing productivity and improving workplace safety. This

early success laid the groundwork for the widespread adoption of robotics in factories and paved the way

for today’s sophisticated automated manufacturing systems.

Building on these industrial foundations, modern robotics has advanced to develop humanoid robots

capable of operating in human-centric environments. Honda’s ASIMO (Figure 1.2(b)) was among the

first humanoids to showcase advanced bipedal locomotion and manipulation abilities, while Boston

Dynamics’ Atlas (Figure 1.2(c)) is notable for its dynamic balance and mobility. These robots target

applications ranging from healthcare and personal assistance to disaster response, where human-like

interaction and manipulation are critical.

The field of robotic manipulation has been further shaped by the rise of data-driven methods. In research

settings, approaches that learn from demonstrations (Wang et al., 2024), simulations (Li and Cappelleri,

2024), or real datasets (Nakahara and Calandra, 2025) have shown promise for enabling adaptive behavior

in complex environments. Advances in computer vision, primarily driven by deep learning, have signifi-

cantly enhanced robots’ ability to perceive and interpret unstructured scenes (Blumenkamp et al., 2023).

However, translating these advances into robust, reliable, and generalizable physical interactions—such

as grasping a previously unseen object—remains a fundamental challenge.
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Successful robotic grasping requires the tight integration of accurate perception, robust planning, and

precise execution to handle diverse objects under uncertainty and partial observation. Analytical and

learning-based approaches each excel at distinct aspects of this problem. While the benefits of combin-

ing them are clear, current hybridization often remain superficial—for instance, employing analytical

models merely for post-processing or candidate selection rather than guiding the learning or optimiza-

tion process (Wu et al., 2022). This highlights the need for deeply integrated systems that leverage

complementary strengths. Consequently, the core challenge of grasp synthesis under partial observation

demands a more synergistic integration of methods, which forms the central focus of this thesis.

1.2 Problem Statement

Analytical and learning-based approaches each excel at distinct aspects of this problem. Analytical

(or model-based) methods derive grasp strategies from principles of physics and geometry (Ferrari

and Canny, 1992), offering robustness guarantees and sample efficiency when accurate object models

are available. However, their reliance on precise models makes them brittle to the uncertainties and

partial observability inherent in real-world settings. Conversely, learning-based (or data-driven) methods

circumvent the need for explicit modeling by learning grasp strategies directly from data (Lenz et al.,

2015). This allows them to handle perceptual noise and complex object shapes effectively, but often at

the cost of requiring vast datasets and providing limited robustness guarantees (Fang et al., 2023). This

dichotomy creates a natural complementarity: one paradigm provides generalizable, principled reasoning,

while the other offers adaptability to real-world complexity.

Yet, most current hybrid approaches remain weakly integrated. A common pattern is to apply analytic

methods only as a final post-processing to optimize grasps proposed by a learning-based network (Fang

et al., 2023), or to use analytic metrics solely for evaluation (Mahler et al., 2016). This sequential,

"black-box" concatenation fails to leverage the core strengths of each paradigm during the generative

process itself. Since analytic methods are highly sensitive to initial conditions, simply applying them

at the end of a pipeline does not guide or improve the learning-based generation for robust grasps. A

more profound, synergistic integration—where analytic principles actively constrain and inform the

data-driven generation loop—is therefore necessary to fully harness the complementary benefits of both

approaches.
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This raises a fundamental question:

Can we develop a method that deeply integrates analytic and learning-based approaches,

harnessing the strengths of both while mitigating their individual limitations?

This thesis seeks to explore such synergistic hybrid frameworks to advance robust and generalizable

robotic grasp synthesis.

1.3 Contributions

Grasping as Rigid Shape Matching. We formulated grasp synthesis as rigid shape matching using point

clouds of both the object and gripper. This allowed us to utilize the gripper’s Signed Distance Field (SDF)

for efficient collision avoidance, reducing dependence on precise object models. Additionally, we used

a parallelized Stochastic Gradient Descent-based ICP (SGD-ICP) algorithm, significantly accelerating

optimization compared to existing approaches.

Grasping with Annealed Stein ICP. We proposed integrating Stein Variational Gradient Descent

(SVGD) with our SGD-ICP optimization to generate a diverse pose distribution. This hybrid approach

reduced sensitivity to initializations around the object and enabled incorporating prior knowledge and

task-specific constraints. Crucially, it generated a diverse distribution of grasp poses rather than repetitive

outcomes typically observed in conventional optimization.

Stein Energy-Based Grasp Synthesis. We developed a novel hybrid framework combining learning-

based (Energy Based Models, EBMs) and analytical (Iterative Closest Point, ICP) approaches within the

SVGD optimization pipeline, specifically tailored for robust grasp synthesis from partial point clouds.

We provided a detailed analysis of how dataset quality and selection impact the learned energy function,

highlighting that curated datasets often yield superior performance compared to larger but less focused

datasets. Extensive simulation results and ablation studies demonstrated that blending optimization

methods with data-driven models significantly enhances generalization and overall grasp quality.

1.4 Outline

This thesis is organized as follows. The necessary theoretical background to understand the main contri-

butions is presented in chapter 2. This chapter introduces fundamental concepts in robotic manipulation,
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providing background on analytic, learning-based, and hybrid approaches for grasp synthesis. Addition-

ally, it formally presents key techniques including SGD, SVGD, ICP, and EBMs.

The core contributions of this thesis are detailed in the following three chapters: chapter 3, chapter 4,

and chapter 5, each following a consistent structure. Each chapter begins with a motivating introduction,

followed by a review of related work, a detailed presentation of the proposed methodology, and a series of

experiments validating the approach. Specifically, chapter 3 formulates grasp synthesis as a rigid shape

matching problem optimized via stochastic gradient descent. Next, chapter 4 extends this framework

by integrating SVGD, laying the foundation for a gradient-based hybrid method and demonstrating its

efficacy in grasp synthesis from partial observations. Finally, chapter 5 further incorporates gradients

from a trained EBM into the SVGD framework to enhance grasp optimization.

The thesis concludes in chapter 6 with a summary of the contributions and suggestions for future research

directions.



C H A P T E R 2

Background

This chapter reviews the foundational concepts underpinning the methods proposed in this thesis. Our

work addresses the robotic grasp synthesis problem considering both full object models and partial

observations. While many existing approaches fall into either analytical or data-driven categories, hybrid

methods remain relatively weakly integrated. In contrast, this thesis proposes a more integrated approach

by combining gradients from both analytical and learning-based methods within the Stein Variational

Gradient Descent (SVGD) framework.

We begin by reviewing the definition and key research areas in robotic manipulation, with particular

emphasis on in-hand manipulation and trajectory planning (section 2.1). Next, we focus on the core

subject of this thesis: robotic grasping (section 2.2). This includes an overview of different types of

grippers, as well as analytical, learning-based, and hybrid grasp synthesis methods. Relevant concepts

such as evaluation metrics, sensor calibration, and collision avoidance are also introduced.

Following this, we explore optimization techniques starting with stochastic gradient descent (section 2.3),

which serves as a fundamental tool for grasp pose synthesis. We then present SVGD (section 2.4) as

a powerful framework to integrate gradients from both analytical and data-driven approaches, enabling

robust and efficient grasp optimization. Specifically, we delve into the analytical perspective using the

ICP algorithm (section 2.5), and the learning perspective via EBMs (section 2.6). Finally, this chapter

concludes with a summary linking the background material to the subsequent contributions of this thesis.

2.1 Robotic Manipulation

Defining manipulation precisely can be challenging. One widely accepted definition, as stated in the

Annual Review of Control, Robotics, and Autonomous Systems (Mason, 2018), is:

6
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F I G U R E 2 . 1 . Illustration of in-hand manipulation (Ma and Dollar, 2011).

Manipulation refers to an agent’s control of its environment through selective

contact.

Here, we provide a brief overview of robotic manipulation focusing on topics most relevant to this

thesis: in-hand manipulation and trajectory planning. We do not delve deeply into these topics, assuming

their successful operation in both simulation and real experiments. The following chapters report the

time required for grasp pose computation. This focus on optimization time—rather than end-to-end

execution time—is consistent with standard evaluation protocols in the grasp synthesis literature, where

algorithmic efficiency is compared under controlled conditions. For practical deployment, the total cycle

time including perception, motion, and physical execution is critical; however, as robot actuation times

were constant across our comparisons, the reported computation times are the primary difference in the

overall system. A complete system-level evaluation presents a valuable direction for future work. For

more information, readers are referred to Mason (2001) and Mason (2018). We will discuss grasping in

more detail in Section 2.2.

2.1.1 In-hand manipulation

In-hand manipulation is a significant research area within robotic manipulation, closely related to dex-

terity — the ability to change an object’s position and orientation within the hand (Bicchi, 2000), as

illustrated in Figure 2.1. It is the fine, sensor-guided adjustments made after initial contact. Human dexter-

ity relies on such tactile feedback to secure an object, a capability researchers aim to replicate, as shown

in work using tactile sensors to learn feedback control models from an initial pose (Figure 2.2) (Tian
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F I G U R E 2 . 2 . Illustration of a process to achieve a precise grasp while minimizing
object displacement (Tian et al., 2024).

F I G U R E 2 . 3 . Illustration of forward kinematic and inverse kinematic of a robotic
arm (The MathWorks Inc., 2023).

et al., 2024). While this post-contact control is crucial for robust grasping, this thesis focuses on the

logically prior and distinct challenge of grasp synthesis: computing a stable initial grasp pose from partial

observations. Consequently, and in alignment with a significant body of foundational grasping literature,

we adopt a standard simplification: the gripper executes a predefined, open-loop closing action upon

reaching the target pose. This approach isolates the synthesis problem for study but introduces a known

limitation, as it does not adjust for object displacement during closure, which can lead to grasp failure.

The choice of this model clarifies the boundary of our contribution; we advance methods for finding

grasp poses, assuming a common, simplified execution. Readers interested in the subsequent challenges

of in-hand manipulation are referred to Ma and Dollar (2011) and Pfanne (2022).
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2.1.2 Trajectory planning

Trajectory planning is a broad research area covering many robotic platforms, including mobile robots,

UAVs, and robotic arms. Here, we focus on the scenario where a gripper mounted on a robotic arm needs

to reach a specified pose. The simplest approach is to provide the desired grasp pose to the robot and use

inverse kinematics (IK) to reach it.

As illustrated in Figure 2.3, given joint inputs q for a robotic arm, forward kinematics maps these to an

end-effector pose in task space:

θ = f(q) (2.1)

where q ∈ Rn is the joint configuration vector, containing the angular or linear positions of the robot’s n

joints, and θ denotes the position and orientation of the end-effector.

Inverse kinematics aims to find joint values q that achieve a desired pose θd. Numerically, IK is often

solved iteratively using the Jacobian:

∆θ = J(q)∆q (2.2)

where ∆θ = θd − f(q) and J(q) = ∂f
∂q . The joint values are updated iteratively as follows:

qk+1 = qk + αJ†(qk) (θd − f(qk)) (2.3)

where J†(qk) = JT (qk)
(
J(qk)J

T (qk)
)−1 is the Jacobian pseudo-inverse and α ∈ (0, 1] is a step size

parameter.

In this thesis, our method generates the desired pose θd and uses the built-in IK solver from the simulator

or robot arm to reach the goal. However, simply commanding a single final pose can lead to two common

failure modes. First, the IK solver may fail to find a collision-free trajectory due to the long planning

horizon. Second, the gripper may reach the target position faster than it achieves the desired orientation,

causing a collision with the object.
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F I G U R E 2 . 4 . Illustration of using waypoints to avoid collision during grasping.

Advanced trajectory planning methods, such as those in Ekrem and Aksoy (2023), can handle collision

avoidance effectively. Since this thesis focuses on grasp synthesis, we rely on the built-in IK solver but

provide a series of pre-defined waypoints that are known to avoid collisions, as shown in Figure 2.4. For

more details on trajectory planning, readers are referred to Choset et al. (2005).

2.2 Grasping

Grasping is a fundamental aspect of robotic manipulation, serving as a prerequisite for in-hand manip-

ulation and trajectory planning discussed in the previous Section. A secure grasp is essential before

reorienting an object in-hand, as it ensures stability during manipulation and prevents accidental drop-

ping, which is particularly critical in pick-and-place tasks. This concept has been recognized in the

context of grasp gaits, where maintaining stability during finger reconfigurations is necessary to avoid

losing control of the object (Leveroni and Salisbury, 1996). In many learning-based studies, ground-truth

grasp poses are assumed to be provided as part of the dataset; however, developing a reliable method to

generate grasp poses remains challenging due to the complexity of gripper designs and the diversity of

objects. This thesis focuses on grasp pose optimization using both analytical and learning-based methods.

Accordingly, this Section introduces various types of grippers, grasp quality metrics, optimization tech-

niques, and learning-based approaches. For a comprehensive overview of grasping, readers are referred

to bg (2013).
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F I G U R E 2 . 5 . Types of traditional grippers: (a) vacuum gripper (suction cups); (b)
parallel pneumatic gripper (pinching action); (c) hydraulic gripper (collet type); (d)
servo-electric gripper (pinching action). Types of soft grippers: (e) granular jamming-
based soft gripper; (f) gripper with soft fingers driven by positive pneumatic pressure;
(g) soft gripper with cable-driven fingers (Subramaniam et al., 2020).

2.2.1 Types of Grippers and End-Effectors

Grippers can be categorized into mechanical grippers, vacuum grippers, and soft grippers, as illustrated

in Figure 2.5. Within each category, various standard and customized grippers exist, each exhibiting

different kinematics and requiring distinct control strategies. This diversity complicates the development

of a unified grasp synthesis method. This thesis utilizes three different grippers: Franka, Barrett, and

KG3.

Franka Hand

The Franka Hand (Figure 2.6) (Franka Emika GmbH, 2016–) is a widely used gripper in research. It is a

parallel gripper with two fingers that open and close along the same axis, as shown in Figure 2.7. The

gripper has a maximum opening width of approximately 80 mm and can handle payloads up to 3 kg.
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F I G U R E 2 . 6 . Image of a Franka Hand (Franka Emika GmbH, 2016–).

F I G U R E 2 . 7 . Illustration of the finger control of a Franka Hand (Franka Emika GmbH,
2016–).

Barrett Hand

The Barrett Hand (Figure 2.8) (Barrett Technology, 1990–) is another commonly used gripper, featuring

three fingers with four degrees of freedom. Its range of motion is depicted in Figure 2.9. Some models

are equipped with tactile sensors on the fingertips to enhance grasp feedback and control.

KG3 Gripper

The KG3 gripper (Figure 2.10, right) is developed by Kinova. It features three fingers, with two designed

to operate in parallel, resembling a two-fingered gripper (Figure 2.10, left) (Kinova Robotics Inc., 2006–).
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F I G U R E 2 . 8 . Image of a Barrett Hand (Barrett Technology, 1990–).

F I G U R E 2 . 9 . Range of motion of the Barrett Hand: horizontal spread 384 mm, verti-
cal spread 334 mm, depth 187 mm (Barrett Technology, 1990–).

F I G U R E 2 . 1 0 . Image of Kinova grippers (Kinova Robotics Inc., 2006–).

2.2.2 Analytical Methods

Early work on grasp synthesis focused on theoretical analyses of what constitutes a good grasp, often

involving the analysis of the wrench, which comprises a linear component (force) and an angular compo-

nent (moment) acting at a point (Murray et al., 1994). The objective is to identify grasps that maintain

object stability in the presence of disturbances. Two critical grasp properties are form closure (Brost,

1991) and force closure (Nguyen, 1987). A set of contacts achieves form closure if, for every possible
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F I G U R E 2 . 1 1 . Examples of form closure in planar grasps. The gray shapes repre-
sent objects, and the brown disks represent fingertip contact points. Left: First-order
form closure, where the minimum number of contacts fully constrains the object against
any small movement. Middle: Higher-order form closure, where additional or strate-
gically placed contacts provide increased constraint and stability. Right: No form clo-
sure—insufficient or poorly positioned contacts allow the object to move freely. Adapted
from (Prattichizzo and Trinkle, 2008).

F I G U R E 2 . 1 2 . Force closure grasp of a sphere (Zaidi et al., 2017).

instantaneous motion of the object, at least one contact applies a unilateral constraint preventing that

motion, as illustrated in Figure 2.11. Force closure is achieved if the contacts can resist any arbitrary

external force and moment applied to the object through admissible contact forces within friction cones,

as shown in Figure 2.12.

By the late 1990s, research shifted from pure analysis to optimization. One of the earliest and most

influential works is by Ferrari and Canny (1992), who introduced the concept of the grasp wrench

space (GWS)—the set of all wrenches a robotic hand can apply to an object through its contact points,
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considering friction constraints. Their approach involves modeling contact points and friction cones to

determine the set of possible wrenches a grasp can exert, computing the convex hull of these wrenches

to form the GWS, and evaluating grasp quality based on the distance from the origin to the closest facet

of this convex hull.

The emergence of simulation and planning tools such as GraspIt! (Miller and Allen, 2004) in the early

2000s marked a significant breakthrough, providing a platform for large-scale grasp data testing and

collection. GraspIt! also introduced the concept of an eigengrasp space to reduce the dimensionality of

the hand’s joint space, facilitating more efficient grasp planning (Ciocarlie et al., 2007). Concurrently,

efforts were made to relax assumptions on object shapes, extending from simple polygons (Han et al.,

2000) to general shapes (Roa and Suárez, 2009).

Despite the high precision of grasping with a full object’s model, analytical methods have many limita-

tions:

• Dependence on Accurate Object Models: Most analytical methods require precise geometric

and physical models of objects. In real-world scenarios, obtaining such detailed models is

challenging due to sensor noise, occlusions, and the diversity of object shapes and materials.

• Simplified Assumptions: To make the problem tractable, analytical methods often incorporate

simplifying assumptions, such as point contacts, rigid bodies, and known friction coefficients.

These assumptions may not hold in real-world situations, where contacts are distributed, objects

may deform, and friction properties are uncertain.

• Computational Complexity: Calculating optimal grasps analytically can be computationally

intensive, especially for complex objects and multi-fingered hands. The high dimensionality

of the configuration space and the need to evaluate numerous potential contact points make

real-time planning difficult.

Consequently, analytical methods are sensitive to uncertainty and struggle in scenarios where object

models are unavailable. Coupled with long computation times, they are less suited for real-world grasping

tasks. For a detailed survey on analytical methods, readers are referred to Zhang et al. (2022).

Analytical metrics are summarized in Section 2.2.5, while optimization techniques are presented in

Sections 2.3 and 2.4.
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F I G U R E 2 . 1 3 . Illustrations of different types of data used for grasping (Gou et al.,
2021).

2.2.3 Learning-Based Methods

Before introducing learning-based methods, it is important to mention two major types of visual sensing

used for grasping: RGB cameras and depth sensors. RGB cameras capture color images, aiding in object

recognition and scene understanding. Depth sensors provide 3D information about the environment,

enabling the creation of point clouds for object localization and shape estimation. Different types of data

used for grasping are shown in Figure 2.13.

Recent advancements in computational power have enabled the integration of machine learning into grasp

synthesis. A notable application is addressing the challenge of grasping with partial observations. Point

cloud completion techniques have been introduced to reconstruct a full point cloud of an object from

partial data. For instance, Mohammadi et al. (2023) proposed 3DSGrasp, which utilizes a transformer-

based encoder-decoder architecture to complete the point cloud, subsequently used to generate grasp

poses, as illustrated in Figure 2.14.

One of the pioneering works in this domain is by Saxena et al. (2008), who developed learning algorithms

that predict grasp poses directly from visual inputs, eliminating the need for explicit object models.

Learning-based grasp synthesis approaches can be broadly categorized into two types: sampling-based

and end-to-end methods.
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F I G U R E 2 . 1 4 . Pipeline of the 3DSGrasp grasping strategy (Mohammadi et al., 2023).

• Sampling-Based Methods: These methods generate a set of grasp candidates using strategies

such as Euclidean space sampling or latent space sampling, either randomly or uniformly. Each

candidate is then evaluated using a model trained on a large dataset comprising pairs of object

inputs and corresponding grasp poses.

• End-to-End Methods: These approaches train a network to predict grasp poses directly from

inputs like RGB images or point clouds, bypassing the intermediate step of candidate genera-

tion.

Despite promising results, learning-based methods face several limitations:

• Generalization: Due to the nature of the training process, learning-based methods often strug-

gle to generalize to objects that differ significantly from the training data or to environments that

vary from the data collection settings. Transferring trained models between different grippers

also poses challenges.

• Data Generation and Annotation: Training these networks requires large amounts of labeled

data. Generating new data for varying requirements can be time-consuming, even with sim-

ulation assistance. Differences as minor as a defect in the gripper can necessitate new data

collection.

• Partial Observation: Similar to analytical approaches, occlusions present significant chal-

lenges to trained models. Missing information exacerbates generalization issues.
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Currently, no standardized architecture exists for these models. For a comprehensive survey of various

network structures, readers are referred to Zhang et al. (2022) and Newbury et al. (2023). A detailed

discussion of network architectures and EBMs is provided in Section 2.6.

2.2.4 Hybrid Methods

To leverage the complementary advantages of analytical and data-driven grasp synthesis, recent research

has explored hybrid approaches that integrate both methodologies. However, these approaches often

remains weakly integrated. Common hybrid strategies include utilizing analytical grasp quality metrics as

cost functions during the training of data-driven models (Mahler et al., 2017), or as evaluation criteria for

selecting among grasp candidates proposed by learning-based methods (ten Pas et al., 2017). Additionally,

optimization techniques are frequently applied as a post-processing step to refine the initial grasp poses

generated by data-driven approaches, ensuring stability and collision avoidance (Sundermeyer et al.,

2021).

Some research has even attempted to develop selection frameworks that dynamically choose between

analytical and learned methods based on the input characteristics or task requirements (Komoda et al.,

2024). Despite these advancements, existing hybrid systems typically do not fully exploit the deeper

synergies between analytical and learning-based methodologies.

In this thesis, we propose a novel hybrid grasp synthesis framework that deeply integrates analytical

and data-driven approaches by simultaneously leveraging gradients derived from both methodologies to

optimize grasp poses.

2.2.5 Grasp Quality Metrics

An essential component common to both analytical and learning-based grasp synthesis methods is the

use of grasp quality metrics, which play a crucial role in both training and evaluation phases. Among

these metrics, force closure is fundamental. As illustrated in Figure 2.15, a grasp achieves force closure

if it can counteract arbitrary external forces and torques exerted on the object. Practically, this means

that the resultant grasp forces must lie within the friction cones at each contact point (represented by the

dashed lines in the figure).

Another important grasp quality metric is the distance to the object’s center of mass (CoM). As depicted

in Figure 2.16, grasping an object significantly far from its CoM generates a moment due to the leverage
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F I G U R E 2 . 1 5 . Illustration of a force closure grasp (left) and non force closure grasp
(right) (Christopoulos, 2010).

F I G U R E 2 . 1 6 . Illustration of grasp failure caused by the moment generated by the
object’s center of mass (CoM) (Generated by GPT OpenAI et al. (2023)).

effect. This moment tends to rotate or destabilize the object, potentially leading to grasp failure. There-

fore, minimizing the distance between the grasp point and the object’s CoM is generally desirable to

enhance stability.

A selection of commonly used analytical grasp metrics is presented in Table 2.1. Comprehensive details

and additional metrics can be found in Mnyussiwalla et al. (2022). Additionally, Table 2.2 summarizes

frequently employed empirical metrics used to evaluate grasping algorithms in practice.
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Metric Description
Force Closure
Nguyen (1987) Determines whether a grasp can resist arbitrary external forces and

torques, ensuring object immobilization. A fundamental criterion
for grasp stability.

Volume of the Grasp
Wrench Space (GWS)
Miller and Allen (1999)

Represents the set of all wrenches (force and torque combinations)
that a grasp can apply to an object. The volume indicates the
grasp’s ability to resist disturbances; a larger volume suggests a
more robust grasp.

Minimum Singular Value of
the Grasp Matrix

Li and Sastry (2002)
The smallest singular value of the grasp matrix reflects the grasp’s
resistance to disturbances in the weakest direction. A higher value
indicates better stability and dexterity.

Area of the Grasp Polygon
Mirtich and Canny (1994) Calculated by connecting the contact points of the fingers, form-

ing a polygon. The area reflects the spatial distribution of contact
points; a larger area generally correlates with increased grasp sta-
bility.

Distance to the Object’s
Center of Mass (COM)

Ding et al. (2001)
Measures the distance between the centroid of the grasp (formed
by contact points) and the object’s center of mass. Minimizing
this distance reduces the likelihood of object rotation or slippage
during manipulation.

Minimization of Grasping
Forces

Daoud et al. (2011)
Evaluates the efficiency of a grasp by assessing the total force re-
quired to maintain it. Lower required forces imply energy-efficient
and potentially safer grasps, especially important when handling
delicate objects.

TA B L E 2 . 1 . Common Grasp Quality Metrics.

Metric Description
Grasp Success Rate The percentage of successful grasps, calculated as the number of

successful grasps divided by the total number of attempted grasps.
Completion/Clearance
Rate

The percentage of objects removed from a cluttered environment,
computed as the number of objects grasped divided by the total
number of objects in the clutter.

Computation Time The time required to compute grasp hypothesis generation, includ-
ing the duration for planning and evaluating grasp candidates.

Average Precision (AP) The percentage of successful grasps for a single object, deter-
mined by dividing the number of successful grasps by the total
number of attempted grasps for that specific object.

TA B L E 2 . 2 . Common Evaluation Metrics for Robotic Grasping Models.
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F I G U R E 2 . 1 7 . Illustration of Eye-to-hand (a) and Eye-in-hand (b) (Lin et al., 2022).

2.2.6 Object Pose Detection

Two primary grasping tasks commonly encountered in robotic manipulation are grasping isolated ob-

jects and clearing objects from cluttered scenes. Both tasks are inherently object-centric; thus, precise

localization of objects within the workspace is critical for successful grasping. Accurate object local-

ization typically relies on visual sensing systems, which can be mounted either on the robot’s gripper

(eye-in-hand) or at a fixed location independent of the manipulator (eye-to-hand).

In practice, precisely measuring the transformation between the sensor and gripper, or determining the

exact location of a fixed sensor, is challenging. Therefore, automated calibration methods are employed

to establish accurate spatial relationships and enable reliable object pose estimation.

Eye-in-Hand Calibration

Eye-in-hand calibration addresses scenarios where the sensor (typically a camera) is mounted directly

on the robot’s gripper or end-effector. This calibration aims to determine the transformation between the

sensor coordinate frame and the gripper coordinate frame, known as the hand-eye calibration problem.

The calibration can be represented by the following Equation (Tsai and Lenz, 1989):

AX = XB, (2.4)

where:

• A represents known transformations of the gripper between two distinct robot poses.
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• B represents corresponding known transformations of the sensor (camera) between two image

poses.

• X is the unknown rigid-body transformation from the gripper frame to the sensor frame.

Common approaches to solving this equation include methods proposed by Tsai and Lenz (1989) and

Horaud and Dornaika (Horaud and Dornaika, 1995).

Eye-to-Hand Calibration

Eye-to-hand calibration involves a fixed sensor mounted separately from the robot. Here, the calibration

problem seeks to determine the transformation between the fixed sensor frame and the robot’s base

coordinate frame. This relationship enables the translation of detected object poses from the sensor’s

coordinate frame into the robot’s base frame, and is typically formulated as (Park and Martin, 1994):

AX = ZB, (2.5)

where:

• A represents known transformations of the robot’s gripper relative to the robot base.

• B represents known transformations of a target object with respect to the fixed sensor.

• X is the unknown transformation from the fixed sensor frame to the robot base frame.

• Z is the transformation from the calibration target to the gripper (often assumed to be known

and constant).

Solutions to this type of calibration are provided by Park and Martin (1994).

In practice, both calibration methods involve capturing multiple images at various known configurations

of the robot’s end-effector as illustrated in Figure 2.17. The accuracy of the calibration typically improves

with an increased number of diverse poses, as this diversity helps to avoid singularities and minimize

estimation errors. Solving the calibration equations involves optimization algorithms that minimize the

difference between observed and predicted sensor transformations. Popular methods for solving these

equations include nonlinear least squares optimization, singular value decomposition (SVD), and iterative

optimization techniques. For simpler calibration setups, the OpenCV library (Itseez, 2015) provides

well-established and user-friendly packages, offering convenient implementations of these calibration
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F I G U R E 2 . 1 8 . Illustration of a SDF, the blue points are inside the object. (Park et al.,
2019).

algorithms. This significantly reduces the complexity and implementation effort for practical robotic

applications.

2.2.7 Collision Avoidance

Collision avoidance is a crucial requirement in robotic grasping to ensure that the gripper interacts with

the object only at intended contact points. Different approaches handle this challenge in distinct ways.

Analytical methods typically achieve collision avoidance through explicit geometric computations, while

sampling-based methods filter out invalid grasp candidates. Although end-to-end learning methods aim

to generate collision-free grasp poses directly, they often require fine-tuning or additional constraints to

guarantee they are free of collisions.

A widely used technique for collision detection is the Signed Distance Field (SDF) (Malladi et al., 1995).

An SDF is a scalar field that assigns to each point p in space a value representing the shortest distance

d(p, ∂Ω) to the object’s surface ∂Ω, as illustrated in Figure 2.18. The sign of the distance indicates

whether the point is inside or outside the object:

SDF(p) =

−d(p, ∂Ω), if p is inside the object,

d(p, ∂Ω), if p is outside the object.
(2.6)
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F I G U R E 2 . 1 9 . An illustration of how the gradient descent algorithm finds the mini-
mum of a function (Goodfellow et al., 2016).

It is important to note that this convention can be reversed depending on the definition of the user. In

practice, the SDF is often computed from accurate mesh representations of target objects. Tools such

as Open3D (Zhou et al., 2018) provide efficient implementations for generating SDFs from meshes.

However, the reliance on precise object models limits the applicability of this approach in real-world

scenarios, where high-fidelity models may be unavailable or difficult to obtain.

To address this limitation, recent research has explored the use of point cloud completion techniques (dis-

cussed in Section 2.2.3) to reconstruct full object models from partial observations. Another promising

approach involves training neural networks to approximate the SDF directly from partial observations,

bypassing the need for explicit 3D reconstruction (Park et al., 2019). These learning-based methods

extend the utility of SDFs in practical grasping applications, especially in unstructured environments.

2.3 Stochastic Gradient Descent

Optimization plays a central role in robotics and machine learning, enabling systems to learn models,

plan motions, and refine control strategies. In many applications, we define a performance metric or

loss function that quantifies how well a model or policy performs a task. The problem then reduces to

finding the parameters that minimize this loss (or equivalently, maximize performance). When the loss
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function is differentiable, gradient-based optimization methods are particularly effective because they

exploit the function’s slope to guide parameter updates. Among these, Gradient Descent (GD) is one of

the most widely used algorithms, forming the foundation for many optimization techniques, including

its stochastic variant, Stochastic Gradient Descent (SGD).

Given a differentiable function f(θ), which can be called the objective function or cost function, of

parameter θ, the aim is to find θ∗ that minimizes f(θ) (equivalently maximizing −f(θ)). Gradient

descent (GD) is an iterative optimization algorithm to determine θ∗ as illustrated in Figure 2.19:

θt+1 = θt − η∇θf(θt) (2.7)

where θt are the parameters at iteration t, η is the learning rate and∇θf(θt) is the gradient of the objective

function at θt.

The gradient provides the steepest direction of increase, and the negative of the gradient gives the

direction to find the minimum (Goodfellow et al., 2016). The presence of a local minimum, a point

where f(θ) is lower than all neighboring points, makes the optimization problem difficult, especially for

multidimensional input.

Stochastic gradient descent (SGD) (Robbins and Monro, 1951) is a gradient descent algorithm that uses

a mini-batch instead of the full data, that uses the first order gradients. The mini-batch of examples is

independent identically distributed (iid) and can be used to obtain an unbiased estimate of the gradient.

Replacing N , the number of data, with a mini-batch of size m << N , we obtain the general SGD update

equation:

θt+1 = θt − η
1

m

m∑
i=1

∇θtf(θt). (2.8)

Due to the random sampling of the mini-batch, the gradients of SGD are noisy even when parameter

values are close to the optimal solution, which can help escaping local minima.

The learning rate η is an important factor affecting the performance of the optimization process: too large

can lead to divergence and too small can lead to slow convergence. Its value may be a constant chosen

by trial and error, or decay linearly until iteration τ :



2.4 S T E I N VA R I AT I O N A L G R A D I E N T D E S C E N T 26

F I G U R E 2 . 2 0 . Illustration of the SVGD algorithm (Zhang and Curtis, 2020). Starting
from an initial set of particles approximating the target distribution (a), SVGD iteratively
updates these particles by simultaneously attracting them towards regions of high proba-
bility and repelling them from each other to prevent collapse to a single mode, as shown
in (b) and (c). This process enables efficient exploration of complex, multimodal distri-
butions.

ηt = (1− t

τ
)η0 +

t

τ
ητ (2.9)

The SGD step-size can be set according to adaptive schemes such as ADAM (Kingma and Ba, 2014) and

AMSGrad (Reddi et al., 2019). A sufficient condition to guarantee convergence of SGD is that:

∞∑
t=1

ηt =∞,

∞∑
t=1

η2t <∞. (2.10)

2.4 Stein Variational Gradient Descent

Bayesian and Variational Inference

In Bayesian inference (BI, Bernardo and Smith (1994)), the goal is to estimate a posterior distribution

over parameters θ given data D:

p(θ|D) = p(D|θ) p(θ)
p(D)

, (2.11)

where p(D|θ) is the likelihood, p(θ) is the prior, and p(D) is the evidence (a normalizing constant).

Directly sampling from p(θ|D) is often intractable. Variational inference (VI, Jordan et al. (1999))

addresses this by introducing a simpler, parameterized distribution q(θ) and finding the q that minimizes

the Kullback–Leibler (KL, Kullback and Leibler (1951)) divergence to the true posterior:

KL(q ∥ p) = Eθ∼q

[
log

q(θ)

p(θ|D)

]
. (2.12)

Classical VI assumes q belongs to a chosen parametric family (e.g., mean-field Gaussians), which can

lead to biased approximations if the true posterior lies outside this family.
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Stein’s Identity and Stein Discrepancy

SVGD (Liu and Wang, 2016) removes the need for a fixed parametric family by representing q non-

parametrically using a set of particles {θi}Mi=1. It relies on Stein’s identity (Stein, 1972), which states

that for any smooth vector-valued function ϕ(θ) and target density p(θ):

Eθ∼p [Tpϕ(θ)] = 0, Tpϕ(θ) = ∇θ log p(θ)
⊤ϕ(θ) +∇θ · ϕ(θ), (2.13)

where Tp is the Stein operator. This identity holds for all ϕ in a certain function class when θ ∼ p.

The Stein discrepancy (Gorham and Mackey, 2015) measures the violation of Stein’s identity for a

candidate distribution q:

D(q ∥ p) = sup
ϕ∈F

Eθ∼q [Tpϕ(θ)] , (2.14)

where F is typically chosen as the unit ball in a reproducing kernel Hilbert space (RKHS). When

D(q ∥ p) = 0, q matches p.

SVGD can be interpreted as a variational inference method that evolves q along a smooth transport map

to reduce KL(q ∥ p). Let T (θ) = θ + ϵϕ(θ) be a small perturbation of the identity map. The functional

gradient of the KL divergence with respect to ϕ is:

d

dϵ
KL(qT ∥ p)

∣∣∣∣
ϵ=0

= −Eθ∼q [Tpϕ(θ)] . (2.15)

Choosing ϕ to maximize the decrease in KL under the RKHS constraint leads to the optimal update

direction:

ϕ∗(·) = Eθ′∼q

[
k(θ′, ·)∇θ′ log p(θ

′) +∇θ′k(θ
′, ·)
]
, (2.16)

where k is a positive-definite kernel.

SVGD Algorithm

With M particles {θi}Mi=1, SVGD updates each particle as:

θik+1 = θik + η ϕ(θik), (2.17)

where η is the step size and ϕ is given by the empirical version of Equation (2.16):

ϕ(θi) =
1

M

M∑
j=1

[
k(θj , θi)∇θj log p(θ

j) +∇θjk(θ
j , θi)

]
. (2.18)
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F I G U R E 2 . 2 1 . Illustration of the ICP matching process (Wan et al., 2019).

The kernel term encourages particles to spread out, preserving diversity, while the gradient term pushes

particles toward high-probability regions of p. This makes SVGD a non-parametric variational inference

algorithm that blends optimization and sampling, capable of approximating complex, multimodal target

distributions without assuming a fixed functional form for q. An illustration of SVGD is provided in

Figure 2.20.

The most commonly used kernel function k(·, ·) (Liu and Wang, 2016) is the Radial Basis Function

(RBF), also known as the Gaussian kernel, defined as:

k(θ, θ′) = exp

(
−∥θ − θ′∥2

h

)
, (2.19)

where ∥θ − θ′∥2 is the squared Euclidean distance between two particles, and h is the kernel bandwidth

parameter that controls the sensitivity of particle interactions. A smaller h encourages local exploration,

whereas a larger h promotes smoother, broader particle interactions. The kernel encourages particles

to move collectively towards regions of high probability or low energy. At the same time, it maintains

particle diversity, preventing convergence to a single point and thereby facilitating effective exploration

of the solution space.

2.5 Iterative Closest Point

Iterative Closest Point (ICP) is a well-established algorithm that determines the rigid transformation,

consisting of rotation and translation, required to align a source point cloud with a target point cloud, as

illustrated in Figure 2.21. Originally introduced by Besl and McKay (1992), ICP has been applied to areas

such as 3D reconstruction, object pose estimation, and robotic grasp planning, where precise geometric
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F I G U R E 2 . 2 2 . Illustration of two common metrics for ICP: point-to-point (top) and
point-to-plane (bottom) (Będkowski and Masłowski, 2012).

alignment is critical. The algorithm proceeds through the following two matching and minimization

steps until convergence is achieved:

(1) Matching Step: pairs the transformed source point cloud, S ′ = {s′i}Ni=1, with the reference point

cloud R = {ri}Mi=1 on the basis of a distance metric, where si and ri ∈ R3 are N and M points in

3D space. The commonly used point-to-point distance metric finds the pair with the nearest neighbor

as follows:

r̂i = argmin
rj∈R

∥s′i − rj∥ (2.20)

where r̂i is the closest point to s′i = (Rsi + t), R ∈ R3×3 is the rotation matrix, and t ∈ R3×1 is the

translation vector. Another common metric is the point-to-plane distance, which typically converges

faster than point-to-point metrics when the initial alignment is already close to the true transformation.

Instead of measuring the Euclidean distance between corresponding points, point-to-plane distance

measures the orthogonal projection of the difference vector (s′i − r̂i) onto the surface normal ni at

r̂i:

dpoint-to-plane(s
′
i, r̂i) = n⊤

i (s
′
i − r̂i), (2.21)

where ni ∈ R3 is the unit normal vector at r̂i. This metric penalizes only the component of

the error vector along the surface normal, effectively ignoring tangential discrepancies. As a result,

point-to-plane ICP often exhibits improved convergence rates in fine alignment stages, particularly
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for smooth surfaces, since it aligns points by reducing their perpendicular deviation from the target

surface rather than fully matching their 3D coordinates.

(2) Minimization Step: updates transformation parameter θk to minimize a loss function defined by the

distance between the paired points in the source and reference point clouds. The updated equation

for the point-to-point distance metric is defined as follows:

θk+1 = argmin
θ

1

N

N∑
i

∥Rksi + tk − r̂i∥2 (2.22)

where k is the iteration number. Equation (2.22) can be solved in closed-form using either Horn’s

method (Horn, 1987) or singular value decomposition (SVD) (Arun et al., 1987).

While ICP is effective, it comes with certain limitations. The algorithm is prone to convergence at local

minima, particularly if the initial alignment is far from optimal. In scenarios with noise, incomplete data,

or significant outliers, correspondences may become unreliable, and the algorithm’s performance may

degrade. In grasp synthesis applications, ICP can be employed to align a gripper’s point cloud from a

given grasp pose to object’s point cloud. However, there is a need for a good initial pose and an accurate

point cloud to achieve reliable performance.

2.5.1 Rotation Representations

Representation Parameters Advantages Disadvantages
Rotation Matrix 9 (3 DOF) Direct application to vec-

tors; easy to concatenate
rotations by matrix multi-
plication.

Redundant parameters;
prone to numerical drift
and requires orthonormal-
ization.

Euler Angles 3 Intuitive and easy to visu-
alize; corresponds to roll,
pitch, and yaw.

Suffer from gimbal lock;
discontinuities in repre-
sentation.

Axis-Angle 4 (3 for axis
+ 1 for angle)

Compact representation;
suitable for interpolation
and understanding rota-
tion about an axis.

Less intuitive than Euler
angles; angle-axis ambigu-
ity for zero rotation.

Quaternions 4 Numerically stable; no
gimbal lock; efficient in-
terpolation (slerp).

Less intuitive; requires
normalization to maintain
unit norm.

Rotation Vector 3 Compact and suitable for
incremental updates and
optimization algorithms.

Needs conversion for prac-
tical applications; can be
less intuitive.

TA B L E 2 . 3 . Common Representations for 3D Rotations.
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Rotations in three-dimensional space are elements of the special orthogonal group SO(3), defined as:

SO(3) = {R ∈ R3×3 | R⊤R = I, det(R) = 1}. (2.23)

Here, R is a rotation matrix that preserves lengths and angles (orthogonality) and maintains orientation

(unit determinant). A rotation matrix has nine parameters but only three degrees of freedom, correspond-

ing to the three independent rotational axes in 3D space. While rotation matrices are numerically stable

and easy to compose via matrix multiplication, they are overparameterized and not minimal.

A list of common 3D rotation representations is provided in Table 2.3. Euler angles are one such minimal

representation, specifying rotations about a sequence of coordinate axes. They are widely used in robotic

grasping but suffer from singularities such as gimbal lock, where the loss of one degree of freedom causes

ambiguity in rotation representation.

To avoid such issues, this thesis adopts quaternions for rotation representation. Quaternions are four-

dimensional unit vectors (qw, qx, qy, qz) that provide a continuous, singularity-free representation of 3D

orientation, with only one unit-norm constraint:

∥q∥ =
√
q2w + q2x + q2y + q2z = 1. (2.24)

In our parameterization, a pose is represented as:

θ = {x, y, z, qw, qx, qy, qz}, (2.25)

where (x, y, z) denotes the 3D translation, and (qw, qx, qy, qz) is the unit quaternion corresponding to the

rotation.

2.5.2 Stochastic Gradient Descent ICP

Stochastic Gradient Descent ICP (SGD-ICP) (Maken et al., 2019, 2022b) solves the optimization problem

of ICP (2.22) with stochastic gradient descent (SGD) (Section 2.3). It samples a mini-batchM of m

points from the source cloud, and computes the gradient of Equation (2.22) to update θ in the following

equation:

θk+1 = θk − ηAḡ(θk,Mk) (2.26)
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where η is the learning rate, A ∈ R7×7 acts as a pre-conditioner for the gradients, and ḡ(θk,Mk) are the

average gradients which are computed as follows:

ḡ(θ1:3k ,Mk) =
1

m

m∑
i

((Rksi + tk)− r̂i)
∂tk
∂θ1:3k

(2.27)

ḡ(θ4:7k ,Mk) =
1

m

m∑
i

((Rksi + tk)− r̂i)
∂Rk

∂θ4:7k

si (2.28)

where ḡ(θ1:3k ,Mk) and ḡ(θ4:7k ,Mk) are the gradients of the cost function w.r.t translations and rotations

respectively.

2.5.3 Stein ICP

Stein ICP (Maken et al., 2022a) uses SGD-ICP gradients in the SVGD framework (Section 2.4). Stein

ICP approximates an intractable but differentiable posterior distribution of transformation parameters

p(θ) by constructing a non-parametric variational distribution represented by a set of K particles {θj}Kj=0.

The SVGD algorithm (Liu and Wang, 2016) provides the optimal update direction for particles:

ϕ∗(·) = Eθ∼q[∇θ log p(θ)k(θ, ·) +∇θk(θ, ·)] (2.29)

In practice, the update rule for particles is given by:

θk+1 = θk + ηϕ̂∗(θk). (2.30)

In Stein ICP, the gradients of the log of posterior ∇ log p(θ) in Equation (2.29) are replaced by the

gradients of the log of the likelihood function (ḡ(θj ,M)) from SGD-ICP((2.27), (2.28)) and the gradient

of the log of priors (∇θ log p(θj)) as follows:

ϕ̂∗(θ) =

K∑
k=1

[− (Nḡ(θk,M) +∇θ log p(θk))k(θk, θ)

+∇θk(θk, θ)],

(2.31)
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F I G U R E 2 . 2 3 . Illustration of a basic neural network unit consisting of input, hidden,
and output layers connected by weighted edges (Roth, 2016).

where∇ log p(θ) is represented by gradients from Gaussian priors for translations and von Mises priors

for rotations.

The first gradient term in Equation (2.31), weighted by a kernel function, determines the steepest direction

for the log probability. Conversely, the second term represents the gradient of the kernel function, acting

as a repulsive force that promotes dispersion among particles and prevents them from converging to local

modes of the log probability.

2.6 Neural Network

2.6.1 Network Structure

Neural networks are computational models composed of interconnected layers of units called neurons.

These networks identify patterns in data to perform tasks such as classification, prediction, and generation.

The neural network workflow typically consists of two main stages: training and inference.

During training, the network learns a mapping from input data to desired outputs using a dataset that may

be labeled (supervised learning, LeCun et al. (2015)), partially labeled (semi-supervised learning, Zhu

(2005)), or unlabeled (unsupervised or self-supervised learning, LeCun et al. (2015)). It generates predic-

tions from the input data, evaluates them using a task-specific loss or objective function, and iteratively

adjusts its internal parameters to minimize this objective. The parameter updates are computed using
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backpropagation, an algorithm that applies the chain rule of calculus to efficiently calculate gradients of

the loss with respect to each parameter in the network. These gradients are then used by an optimization

algorithm, such as gradient descent, to refine the parameters. During inference, the trained network

applies the learned mapping to new, unseen data to produce predictions or decisions without further

parameter updates.

A multilayer perceptron (MLP) is a classical feedforward neural network composed of multiple layers

of neurons, where each neuron in one layer is fully connected to every neuron in the next. Figure 2.23

illustrates a basic MLP unit. The input layer of an MLP receives a vector representation of the data, which

may consist of raw features (e.g., sensor readings), processed features extracted through preprocessing

or other models, or a combination of both, depending on the application.:

x = [x1, x2, . . . , xD]
T ,

where D denotes the number of features.

The input propagates through one or more hidden layers. For the l-th hidden layer containing nl neurons,

the pre-activation input to neuron j is computed as:

z
(l)
j =

nl−1∑
i=1

w
(l)
ij a

(l−1)
i + b

(l)
j ,

where:

• w
(l)
ij is the weight connecting neuron i in layer l − 1 to neuron j in layer l,

• a
(l−1)
i is the activation of neuron i in the previous layer (with a

(0)
i = xi for the input layer),

• b
(l)
j is the bias term of neuron j.

The neuron applies a nonlinear activation function σ to produce its output:

a
(l)
j = σ(z

(l)
j ).

Common activation functions include:

• ReLU (Rectified Linear Unit):

σ(z) = max(0, z),
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• Sigmoid:

σ(z) =
1

1 + e−z
.

These nonlinearities enable the network to capture complex, nonlinear relationships in data.

The activations from the final hidden layer feed into the output layer, which produces the network’s

predictions.

Backpropagation computes how much each network weight wij , connecting neuron i in one layer to

neuron j in the next, contributes to the overall loss E. It does so by repeatedly applying the chain rule

from the output layer back toward the input layer. The gradient of the loss with respect to wij is given by

∂E

∂wij
=

∂E

∂aj
· σ′(zj) · ai,

where ai is the activation of neuron i in the previous layer, zj =
∑

iwijai+ bj is the pre-activation input

to neuron j, σ′(zj) is the derivative of the activation function at zj , and ∂E
∂aj

is the error signal for neuron

j.

For hidden layers, the error signal ∂E
∂aj

is computed recursively from all neurons l in the next layer that

receive connections from neuron j:

∂E

∂aj
=
∑
l∈L

∂E

∂al
· σ′(zl) · wjl,

where L denotes the set of neurons in the next layer connected to j.

Once the gradients are computed, weights are updated using gradient descent:

w
(l)
ij ← w

(l)
ij − η · ∂E

∂w
(l)
ij

,

where η is the learning rate, which controls the size of each update step. Intuitively, backpropagation

first computes the error at the output, then propagates this information backward through the network,

and finally adjusts each weight slightly in the direction that reduces the overall error.

Other widely used neural network architectures include Convolutional Neural Networks (CNNs) and

Recurrent Neural Networks (RNNs). For a comprehensive overview, readers are referred to LeCun et al.

(2015).
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F I G U R E 2 . 2 4 . Illustration of a point cloud encoder–decoder architecture with a latent
space representation (Mousavian et al., 2019). The encoder Q maps the input point cloud
X—an unordered set of 3D points capturing object geometry—into a compact latent
vector z in a continuous latent space. This latent representation captures the essential
geometric features of the object while being invariant to point order, enabling efficient
processing for downstream tasks such as recognition, segmentation, and grasp synthesis.
The decoder P reconstructs the point cloud from z.

2.6.2 Encoders and Autoencoders

An encoder is a neural network module that transforms input data into a compact, informative representa-

tion, often called a latent vector or embedding. This encoding captures essential features while reducing

dimensionality, enabling efficient processing for subsequent tasks.

An autoencoder is a neural network designed to learn such encodings in an unsupervised manner. It

consists of two components:

• Encoder fθ: Maps input x to latent representation z:

z = fθ(x), z ∈ Rd, d < dim(x),

where θ represents encoder parameters.

• Decoder gϕ: Attempts to reconstruct x from z:

x̂ = gϕ(z) = gϕ(fθ(x)),

where ϕ represents decoder parameters.
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F I G U R E 2 . 2 5 . Energy landscapes in the (X,Y ) space learned by two neural networks
modeling the function Y = X2 − 1

2 (LeCun and Huang, 2005). The left plot shows
a quadratic energy surface (smooth, convex paraboloid), while the right plot illustrates
a non-quadratic, saturated energy surface with flat regions. In both cases, the color
represents the magnitude of the energy, with warmer colors (yellow–pink) indicating
higher energy (less plausible states) and cooler colors (green) indicating lower energy
(more plausible states). Blue dots indicate points sampled from the target function.

In this thesis, the encoder is used to transform high-dimensional, unordered point cloud data into a

structured and compact latent representation. The latent space representation is not only more compact

but also facilitates learning by imposing an order-invariant and semantically meaningful structure on

otherwise unstructured 3D data. The latent vector captures the core geometric information of the object

without storing every single 3D point. This compact form allows the network to compare, manipulate,

and reconstruct objects efficiently.

The encoder processes raw 3D coordinates through multiple layers inspired by architectures such as

PointNet (Qi et al., 2017) and graph neural networks (Kipf and Welling, 2016), which remain permutation

invariant and capture both local and global geometric features. This produces a fixed-length latent

embedding summarizing the object’s shape and spatial configuration for further processing.

2.6.3 Energy-Based Models

Energy-Based Models (EBMs) form a general framework for representing complex probability distribu-

tions by associating each possible input x with a scalar energy value Eθ(x). The key principle is that

lower energy corresponds to more plausible or desirable configurations, while higher energy indicates

less likely configurations.



2.6 N E U R A L N E T W O R K 38

This is formalized by defining the probability density function:

pθ(x) =
exp(−Eθ(x))

Zθ
, (2.32)

where Zθ =
∫
exp(−Eθ(x)) dx is the partition function, ensuring the distribution is normalized.

A quadratic energy function, such as E(x) = 1
2∥x − µ∥2, produces a convex, bowl-shaped energy

landscape (Figure 2.25, left). Such landscapes are smooth, with a single global minimum, making op-

timization straightforward. However, in real-world problems—especially in robotic grasping—energy

landscapes are rarely this simple. Non-quadratic energy functions (Figure 2.25, right) can have flat

regions, sharp ridges, or multiple local minima, reflecting the complexity of real grasp success probabil-

ities under diverse object shapes and poses. These landscapes require more sophisticated optimization

methods to avoid local minima and capture the multimodal nature of the problem.

Inference corresponds to finding the configuration x with the lowest energy:

x̂ = argmin
x

Eθ(x). (2.33)

In the context of grasping, x could represent a grasp pose (position + orientation), and the EBM is trained

so that physically stable, collision-free grasps have lower energy than unstable or infeasible ones.

A common approach for training EBMs is contrastive learning, where the model learns to assign:

• Low energy to positive samples (successful grasps)

• High energy to negative samples (unsuccessful grasps)

This is typically implemented by minimizing the difference in energy between positive and negative

examples, often using a margin-based loss:

L =
1

N

N∑
i=1

max
(
0,m+ Eθ(x

+
i )− Eθ(x

−
i )
)
, (2.34)

where x+i and x−i are positive and negative samples, respectively, and m is the margin enforcing separa-

tion in the energy space.
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2.7 Summary

This chapter established the essential theoretical background required to understand and implement the

grasp synthesis techniques developed in this thesis. It highlighted the diverse approaches to robotic ma-

nipulation and grasping, underscoring the motivation for a hybrid methodology that synergizes analytical

rigor with data-driven flexibility. The optimization foundations laid out by stochastic gradient descent

and SVGD provide the computational framework for our integrated approach. Together, these topics

form a cohesive base that supports the thesis’s novel contributions in grasp synthesis under uncertainty

and partial observations.

For readers seeking more comprehensive insights on robotic manipulation, we recommend Mason (2001)

and Mason (2018), which offer in-depth discussions on manipulation theory and applications. The

mathematical foundations of gradient descent are well covered by Goodfellow et al. (2016). For a

thorough treatment of Bayesian learning principles, see the book by Bishop (2006). Finally, Dawid and

LeCun (2023) presents both the theoretical background and practical considerations for EBMs, including

common training loss functions.
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Grasping as Rigid Shape Matching

3.1 Introduction

Grasp synthesis has long been a central research challenge in robotics, with two primary methodologies

emerging: analytic and data-driven approaches. Analytic methods rely on precise models of both the

gripper and the target object to compute optimal grasp positions. These optimal grasps are typically vali-

dated via simulations that account for factors such as friction, force closure, and form closure. However,

the inherent discrepancies between these mathematical models and the complexities of the real world

often lead to performance degradation when transitioning to physical robots. Additionally, optimizing

high-dimensional configurations for multi-fingered hands is computationally intensive, which hinders

real-time application.

In contrast, data-driven approaches have gained significant attraction due to their higher success rates and

faster pose generation times. By learning from large datasets—whether collected from real-world trials

or generated in simulation—these methods predict grasp quality without requiring complete knowledge

of underlying physics or geometry. Yet, a notable challenge for data-driven techniques is generalization:

models trained on specific datasets often struggle when faced with objects that significantly differ from

those encountered during training.

With the recent improvements in computational power, research has increasingly shifted towards data-

driven methods. Nevertheless, there remains a strong interest in revisiting and enhancing analytic ap-

proaches to overcome their limitations. In this chapter, we propose a novel formulation of grasp synthesis

that treats the problem as a rigid shape matching task between the gripper’s inner surface and the object’s

surface. Unlike traditional methods that optimize both the palm pose and the finger joint angles, our

40



3.2 R E L AT E D W O R K 41

approach fixes the gripper shape during optimization. This simplification not only reduces computa-

tional complexity but also enables collision checking through the gripper’s SDF, thereby reducing the

dependency on an accurate object model.

Our contributions are as follows:

(1) We formulate the grasp synthesis problem as a rigid shape matching task using the point clouds

of both the object and the gripper.

(2) We leverage the gripper’s SDF for efficient collision avoidance, removing the reliance on highly

accurate object models.

(3) We implement a parallel Stochastic Gradient Descent-based ICP (SGD-ICP) algorithm to accel-

erate the optimization process, achieving significant speed improvements over existing methods.

3.2 Related Work

3.2.1 Analytic Approaches

The analytic approach relies on object and gripper models and selects the grasp pose based on various

grasp quality metrics (Sahbani et al., 2012). The Contact Point Optimization (CPO) method (Fan et al.,

2018b) combines Palm Pose Optimization (PPO) with the objective of generating grasp poses for a three-

fingered hand based on a given pose of a parallel gripper. In Kiatos et al. (2021), this dual optimization

technique is applied to generate grasp poses for objects in cluttered environments using a three-fingered

hand. Iterative Surface Fitting (ISF) (Fan et al., 2018a) has been employed for grasping with customized

parallel grippers. The algorithm is generalized to multi-fingered hands for both precision and power

grasps in Fan et al. (2019). Additionally, the combination of multidimensional iterative surface fitting

(MDISF) and grasp trajectory optimization (GTO) (Fan and Tomizuka, 2019) has been employed to

generate optimal grasps using three-fingered hands. Optimizing in high-dimensional spaces for multi-

fingered hands can be a time-intensive process. In this chapter, we simplify this by bypassing the need

to optimize finger joint angles, resulting in a significant reduction of the time required to find a suitable

grasp pose.
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3.2.2 Data-Driven Approaches

The data-driven approach relies on large labeled datasets and requires significant training time. However,

it achieves higher success rates, particularly with objects similar to those used during the training. In

recent studies, both Gao et al. (2022) and Wang et al. (2022) have employed this approach by generating

heatmaps of given objects and subsequently sampling grasp poses in the form of grasp rectangles. Gao

et al. (2022) proposes a Residual Hourglass Network, achieving a remarkable success rate of 97.8% on

the Cornell dataset, while Wang et al. (2022) utilizes a transformer model and achieves a success rate of

97.99% on the same dataset. It is important to note that these methods are limited to parallel grippers

and planar grasps. To overcome these limitations, Multilevel Convolutional Neural Networks have been

proposed to grasp objects using multifingered hands, utilizing grasp rectangles. This approach achieves

a success rate of 95.82% for 16 objects (Yu et al., 2020). However, it should be noted that the success

rate for regular-shaped objects is significantly higher compared to objects with irregular shapes.

Most of these existing methods face challenges in terms of generalizing to objects that are not present

in the training datasets. In contrast, we eliminate the need for training and demonstrate the enhanced

ability to generalize to unfamiliar objects, which can be applied alongside these methods to enhance

grasp quality.

3.2.3 Grasp Quality Metrics

Dexterity, equilibrium, stability, and dynamic behavior are fundamental characteristics of grasp synthe-

sis (Shimoga, 1996). These characteristics are formulated as grasp quality metrics, categorized into two

main groups: contact points and hand configuration, further divided into 24 different quality indices (Roa

and Suárez, 2015). To guide the selection and combination of metrics, a comprehensive evaluation of the

variability, correlation, and sensitivity of ten selected metrics has been conducted Rubert et al. (2018).

A correlation study involving 16 metrics has been carried out for multi-fingered hands (Mnyussiwalla

et al., 2022). Based on this study, the authors selected force closure, area of the grasp polygon, distance

to the object’s center of mass, and configuration of the finger joints as criteria for in-hand manipulation

planning. Our approach utilizes predefined configurations of the gripper as input shown in Figure 3.1(c).

These configurations are then optimized to minimize the matching error against the object. Our grasping

cost function is comprised of both the distance to the object’s centre of mass and the matching error,

which we describe in Section 3.3.
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F I G U R E 3 . 1 . a) An illustration of uniformly distributed 48 initial θ0. b) Point cloud
C, a combination of table’s and object’s point clouds. c) 3 different configurations used
for KG3 gripper. d) Gripper contact surface’s point clouds S of three configurations.

3.3 Methodology

In this chapter, we investigate grasp synthesis for unknown objects while avoiding the expensive opti-

mization of finger joints. Our algorithm takes as input a gripper’s inner surface point cloud S (Figure

3.1(d)), an object’s 3-D point cloudR for matching, a complete gripper’s point cloud G (Figure 3.1(c))

for generating SDF and object’s point cloud with the table’s point cloud C (Figure 3.1(b)) for colli-

sion checking. Specifically, we utilize point clouds of different finger configurations as fixed inputs,

which remain unchanged during the optimization process. The algorithm’s objective is to determine

an optimal grasp pose parameterized by θ = {t, q}, where t = {x, y, z} represents the 3D translation

and q = {qw, qx, qy, qz} represents the unit quaternion, with qw being the scalar and {qx, qy, qz} the

vector part of the quaternion. The grasp pose is optimized using parallel SGD-ICP with the following

constrained loss:
min
θi

L(R, Tθ(S))

s.t. dist(C, SDF(Tθ(G))) > 0,

(3.1)

where Tθ(∗) is the transformed point cloud w.r.t. θ.

To ensure a physically plausible grasp pose, the loss function is constrained by the distance between

the object’s point cloud and the gripper’s SDF. A collision occurs when the point cloud of the gripper

is inside the physically infeasible space of the object’s point cloud, which corresponds to a negative

distance value from the SDF.



3.3 M E T H O D O L O G Y 44

The loss function, L, is defined as a weighted combination of two grasp quality metrics Lcom(R, T (S))

and Lct(R, T (S)) in the following equation:

L = 0.03Lcom + 0.97Lct, (3.2)

These metrics are explained in the next Section 3.3.2. The highly unbalanced weights were chosen

for a specific, functional purpose within this initial Stochastic Gradient Descent (SGD) optimization

framework. The center-of-mass cost (Lcom) alone tends to drive all candidate poses toward a single, non-

contact point at the object’s centroid, causing premature optimization collapse. To counteract this and

anchor the optimization toward physically realistic surface interactions from the outset, the contact cost

(Lct) is heavily prioritized. The specific ratio of 0.97:0.03 was determined empirically in our simulation

environment to achieve this balance. We acknowledge that this ratio is a tunable hyperparameter and

its optimal value may vary for different grippers, object sets, or physical environments. This weighted

formulation serves as a pragmatic baseline to validate the core shape-matching algorithm. In Chapter

4, this explicit weighting is eliminated by adopting the SVGD framework, whose intrinsic repulsive

properties naturally maintain pose diversity without requiring manually balanced costs.

3.3.1 Inputs and Pre-processing

The inputs to our algorithm are point clouds of both the gripper and the object. Unlike other methods men-

tioned in related work, which involve the expensive optimization of finger joint angles, we utilize point

clouds of different finger configurations as fixed inputs, which remain unchanged during the optimization

process.

We extract the following geometrical properties from the given input clouds:

• SDF of each gripper configuration for collision checking.

• Approximate centre of mass of the object to minimize the moment while holding the object.

3.3.2 Cost Functions

Unlike traditional ICP problems, where source and reference point clouds belong to the same entity with

variations possibly arising from partial observations, point clouds of the gripper and the object are likely

to be quite distinct. The proposed algorithm aims to approximate shape matching by maximising the

selected grasp quality metrics, rather than achieving a perfect match.
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These grasp quality metrics are selected to achieve two main objectives: minimize the matching error to

estimate the grasp pose (Lct) and minimize the moment at contact points to ensure stable grasp (Lcom):

• Lct minimizes the distance between object’s and gripper’s point clouds to estimate the grasp

pose. Pairing of points with zero distance can be considered as contact points of grasping. Thus,

minimizing the least square distance can be considered as maximizing the contact surface. For

pairs of points Pairs = {s′i, r̂i}mi=0 from S and a mini-batch of size m from R, we use the

following SGD-ICP point-to-point distance metric:

Lct =
1

m

∑
s′i,r̂i∈Pairs

(∥s′i − r̂i∥2) (3.3)

• Lcom minimizes the distance between gripper’s tool centre point (TCP), which is defined as the

center of gripper’s contact surface point cloud, and the object’s centre of mass (CoM), defined

as follows:

Lcom = min
θ
∥(R · TCP + t)− CoM∥2. (3.4)

3.3.3 Gradients of the Grasp Cost Function

Different to original SGD-ICP (Section 2.5) that uses Euler angle representation for rotations, we use

quaternions. Using the loss function L, we get the following average gradients at iteration k:

ḡ(θ1:3k ,Sk) =
1

m

{ ∑
s′i,r̂i∈Pairs

(s′i − r̂i)
∂tk
∂θ1:3k

+ ((RkTCP + tk)− CoM)
∂tk
∂θ1:3k

}
,

(3.5)

for translation components and

ḡ(θ4:7k ,Sk) =
1

m

{ ∑
s′i,r̂i∈Pairs

(s′i − r̂i)
∂Rk

∂θ4:7k

si

+ ((RkTCP + tk)− CoM)
∂Rk

∂θ4:7k

TCP
}
,

(3.6)

for the rotation parameters.
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3.3.4 Collision Checking

The ICP algorithm does not take collision checking into account during the optimization process. How-

ever, in the context of grasping tasks involving different shapes of gripper and object, collision avoidance

becomes crucial. Simple ICP matching may lead to the gripper being partly inside the object, resulting in

a physically infeasible grasp pose. The objective is to efficiently move the gripper out of the object’s inner

part in case of a collision while simultaneously running SGD-ICP samples, which yield non-collision

results in parallel for an efficient grasp pose update.

We perform collision checking using the SDF of the gripper rather than the object’s SDF or normal. This

design choice is motivated by the asymmetry and occlusion in point cloud: the gripper’s geometry is fully

known and can be sampled uniformly to create a complete SDF. In contrast, the object’s observed point

cloud is inevitably incomplete due to several sources of occlusion: the object rests on a support surface

may have self-occluding geometry, can be partially blocked by environmental clutter, and is typically

observed from a limited sensor viewpoint. These factors lead to significant missing regions, making any

object-centric SDF or surface normal estimates derived from the scan unreliable for precise collision

evaluation. Therefore, using the gripper’s SDF provides a more robust reference frame.

If the gripper tends to grasp the object from physically unreachable parts of the object, i.e. in collision

with the object, we will get a negative distance value from SDF in Equation (3.1). Since we use the SDF

of the gripper instead of the object which uses points in C to compute distance, our method finds the

closest matching points from rcol ∈ C to S ′, where rcol are the points colliding with the gripper. This is

in contrast to finding matches from S toR as is done in standard ICP. The loss function in Equation (3.2)

will be replaced by the distance between rcol and their nearest points on the gripper’s contact surface s′,

as given below:

Lcol =
1

Ncol

∑
rcol∈C

min
s′∈S
∥rcol − s′∥2,

s.t. dist(C,SDF(T (Gi))) < 0,

(3.7)

where Ncol is the number of colliding points in object point cloud. In Equation (3.7), we do not account

for Lcom as the gripper needs to move away from the object’s CoM. If the z component of gripper’s

pose is lower than 5mm, which could result in a collision with the table, it is moved up by 1mm in each

subsequent iteration.
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3.3.5 Parallel Implementation

Algorithm 3.1: Parallel Shape Matching

Input: Gripper’s point cloud S = {si}Ni=1 as the source point cloud, object’s point cloud
R = {ri}Mi=1 as the reference point cloud, complete gripper’s point cloud G, multiple
initial values of transformation parameters Θ0 = {θj0}Jj=1 for different gripper’s
configurations, mini-batch size m, step size η = 1, maximum iteration count kmax, and
object-table point cloud C.

Output: θ that minimizes the loss function
1 CoM← Compute center of mass ofR
2 SDF ← Compute SDF of the G
3 while not converged or k ≤ kmax do
4 for each θjk ∈ Θk in parallel do
5 Sjk ← Transform the source cloud with θjk
6 Mk ← Select a mini-batch of size m from the reference cloud
7 Pairs← ∅
8 for sji ∈ S

j
k do

9 r̂i ← closest points inMk to sji
10 Pairs← Pairs ∪ {sji , r̂i}
11 end
12 Ljk ← Compute contact loss using (3.2)
13 ḡjk ← Compute gradients using (3.5) and (3.6)

14 ρ =
|Lj

k−Lj
k−1|

Lj
k−1

15 if dist(C,SDF(T
θjk
(G))) < 0 then

16 ḡjcol ← Compute gradients using (2.27) and (2.28)
17 ḡjk = ḡjcol ← Replace ḡjk with ḡjcol

// check if there is collision between the gripper and the table
18 if minz(Tθj (G)) < 0.005 then
19 θjz + 0.001

20 end
// check convergence

21 if ρ ≤ 0.01 then
22 ρ = 1

23 end
24 end
25 if ρ ≥ 0.01 then
26 θjk+1← Update θjk with ḡjk in (2.26)
27 end
28 end
29

30 k = k +1
31 end
32 return θ = argminθj L



3.4 E X P E R I M E N T S 48

A summary of the Parallel Shape Matching based grasp method is provided in Algorithm 3.1. Given

R and G, the SDF of each configuration of the gripper (G) and the center of mass of the object (R) are

computed in lines 1 and 2. To enable parallel implementation, we combine the SDF of all configurations

into one SDF = {SDFi} by adding a constant offset ϵ between them, which can be considered as

spreading them in space. From line 4 to 27, all operations are performed in parallel for all initializations

by combining the point clouds and parameters into multidimensional tensors S, M, C and θ. In line

5, the source point cloud is transformed with the J transformation parameters. Then, a mini-batch is

sampled from the reference cloud in line 6. Next, in lines 7 to 11, the corresponding closest points

from the mini-batch are sought and stored in pairs for all points within each transformed source cloud.

This is followed by computing the loss, gradients, and the relative error difference in lines 12, 13, and

14 respectively. In line 15, the collision condition is checked. Instead of transforming SDFs of the

gripper, we perform an inverse transformation on the object point cloud for each initialization, denoted

asR′ = {r′i}. These point clouds are then divided into different groups according to the SDFi they are

matching with. Then the same ϵ of the corresponding SDFi is added to r′. In case of a collision, ḡcol is

computed in line 16 which then replaces the gradients in line 17. If the gripper is very close to the table

surface, it is moved upwards in lines 18 to 20. If the relative error difference indicates convergence, it is

set to a non-converged state, in lines 21 to 23, in order to move the gripper out of the object. In line 26, θ

is updated with gradient ḡ until convergence is achieved.

3.4 Experiments

3.4.1 Simulation

Our study begins with a comprehensive examination of the success rate and efficiency of our proposed

method, employing two distinct grippers—namely, the Frank parallel gripper and the Kinova Gripper

(KG3) within the Isaac Gym simulator (Makoviychuk et al., 2021). Configurations encompass three

variations for KG3 and seven for Franka, strategically initialized to cover half of a semi-sphere to accom-

modate the robot arm base position. The gripper’s point cloud undergoes downsampling with a voxel

size of 0.025, while the object’s point cloud is initially downsampled to a range of 1100 to 1900 points

for collision checking. A subsequent downsampling step of 0.005 is undertaken for matching purposes.

The mini-batch size dynamically adjusts with the iteration count k, equating to the total number of points

in the object’s point cloud (NR) at the 20th iteration, i.e. m = min(k,20)
20 NR. Batch size augmentation
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F I G U R E 3 . 2 . A visualization of grasp simulations for objects from the KIT database
with the Franka hand. For each set, the one on the left is the plot of grasp generated, and
the one on the right is the corresponding simulation result.

occurs as the gripper approaches objects, enhancing detail for effective matching. Learning rate, set to 1,

and the cost weights remain constant during optimization. SDF computation is executed using Open3D,

with a convergence criterion of ρ <= 0.01. Initial poses undergo parallel optimization for 50 iterations,

with the converged θ exhibiting the minimum cost selected as the final grasp pose.
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F I G U R E 3 . 3 . A grasp simulation for Google Scanned Objects.

Object Franka KG3 Barrett

Success Rate Time (s) Success Rate Time (s) Success Rate Time (s)

Cat 100% 1.59 100% 1.18 100% 0.89
Bottle 100% 1.46 100% 0.96 100% 0.77
Can 100% 1.50 100% 1.11 100% 0.66
Detergent 100% 1.47 100% 0.94 100% 0.83
Dwarf 100% 1.56 100% 0.97 100% 0.94
LetterP 100% 1.50 100% 1.04 100% 0.86
Milk 100% 1.72 100% 1.10 100% 0.85
Shampoo 50% 1.65 100% 0.96 100% 0.38
Spray 100% 1.46 100% 1.00 100% 0.77
Glass 100% 1.69 100% 1.17 100% 0.19

Average 95.0% 1.56 100% 1.04 100% 0.71

TA B L E 3 . 1 . Computation time (seconds) and success rate for Franka, KG3, and
Barrett hands.

A successful grasp is defined as the gripper lifting and holding the object for 5 seconds. Computation

time excludes the time required for generating the SDF of the gripper. For the Franka arm, seven

configurations are explored, each corresponding to different finger separations, resulting in a total of 84

initializations. The gripper’s point cloud is sampled from the mesh, and objects are selected from the

KIT object models database (Kasper et al., 2012) and Google Scanned Objects (Downs et al., 2022).

For KG3, three configurations, each corresponding to a set of finger joint angles, yield a total of 48

initializations. The KG3 gripper’s point cloud is acquired through simulation with a depth camera.

Algorithm 3.1 is executed for each grasp, producing converged grasp poses with the least match error

selected. A series of 10 grasps is performed for each object, and Table 3.1 presents the success rate
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F I G U R E 3 . 4 . A visualization of the best grasp pose and its simulation result for KG3.
the plot on the left is the best grasp poses for 10 trials with 48 initializations after 50
iterations. The middle and right ones are two of the ten simulation results.

and computation time for the two grippers across 10 different objects. Notably, the Franka hand and

KG3 achieve average success rates of 95% and 100%, with corresponding average computation times

of 1.56 seconds and 1.04 seconds. The longer computation time for Franka is attributed to the increased

configurations.

A series of simulations was conducted using the Barrett Hand to perform a comparative analysis with

the SplitPSO algorithm proposed by Kiatos et al. (2021). The proposed algorithm optimizes palm pose
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F I G U R E 3 . 5 . (a) Both grasp poses are successful, but a configuration with a smaller
opening between fingers would provide a better grasp. (b) The case where occlusion is
too large leading to failure due to collisions. It demonstrates a limitation of our algorithm
in dealing with significant occlusions.

SplitPSO (Kiatos et al., 2021) Ours (a) Ours (b)
Cat 86% 100% 100%

Bottle 95% 100% 90%
Can 97% 100% 100%

Detergent 92% 100% 100%
Dwarf 93% 100% 79%
LetterP 59% 100% 100%
Milk 91% 100% 100%

Shampoo 92% 100% 87%
Spray Flask 83% 100% 77%
Wine Glass 75% 100% 88%

Average Success Rate 86.3% 100% 92.1%

TA B L E 3 . 2 . Average success rate for grasping 10 objects. SplitPSO: success rate
reported by Kiatos et al. (2021). Ours (a): success rate for best grasp poses of 20 trials,
best grasp pose is the one with the least matching error from each trial’s converged grasp
poses. Ours (b): success rate of all converged grasp poses for a single trial.

SplitPSO (Kiatos et al., 2021) PPO-JPO Fan et al. (2019) MDISF (Fan and Tomizuka, 2019) Ours

Time (s) 4.25 3.263 4.47 0.71
ISF (Fan et al., 2018a) Ours

Time (s) 2.33 1.56

TA B L E 3 . 3 . Using Barrett hand, SplitPSO achieves 4.25 seconds on 10 objects; the
iterative PPO-JPO method requires 3.263 seconds on 12 objects; the combination of
MDISF and GTO averages 4.47 seconds for 10 objects, and ours achieves 0.71 seconds
on 10 objects. Using a Parallel gripper, the ISF method accomplishes 2.33 seconds on 9
objects and our method achieves 1.56 seconds on 10 objects.
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and joint position separately via particle swarm optimization with parallelization. It achieved an average

success rate of 86.3% across 10 objects, as outlined in Table 3.2 (SplitPSO). In our study, employing

a similar methodology to the KG3 gripper, we successfully grasped all objects, as detailed in Table 3.2

(Ours (a)). The generated grasp poses for the Barrett Hand closely resembled those of the KG3 gripper.

Subsequently, Algorithm 3.1 was executed once, and all converged grasp poses were simulated. However,

only 92.1% of the grasp pose candidates resulted in a successful grasp, as indicated in Table 3.2 (Ours

(b)), highlights the importance of having multiple initializations. Our algorithm also significantly reduces

the computation time due to parallelization and less parameters for optimization, as shown in Table 3.3.

3.4.2 Real Experiment

To validate the practical efficacy of our approach, preliminary real-world experiments were conducted us-

ing a Jaco Gen 2 Arm equipped with a KG-3 gripper. Object point clouds were captured with a RealSense

D405 camera, and the data—cropped via a bounding box—was input directly into our algorithm without

additional post-processing. As depicted in Figure 3.6, we tested the method on ten objects, executing

10 grasps per object with parameters consistent with our simulation study. The results showed a 100%

success rate on this test set, with an average pose computation time of 0.925 seconds, as summarized in

Table 3.4.

This initial validation has important scope limitations. The test set did not include more adversarial ob-

jects that are critically flat (Figure 3.5(a)) or involve large occlusions (Figure 3.5(b))—scenarios known

to challenge ICP-based correspondence matching. Consequently, the high success rate reflects perfor-

mance under favorable conditions rather than the method’s absolute limit. A more nuanced performance

characteristic is explored in Section 5.4.2, where we show that for the same input, the success rate of our

generative method tends to be bimodal: it is either very high when the observable geometry is well-suited,

or it fails completely when key geometric features are missing or ambiguous, with little middle ground.

3.5 Summary and Discussion

In this chapter, we have introduced a parallel SGD-ICP-based grasp optimization method that capitalizes

on point cloud data from both the gripper and the object. Demonstrating its versatility across various

gripper types, the approach exhibits remarkable efficiency, achieving an average computation time of
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F I G U R E 3 . 6 . An illustration of real grasp with KG3 gripper. Object on the bottom
right shows our algorithm having trouble with flat object with large occlusion.

0.925 seconds for the KG3 gripper in real experiments. This performance surpasses other point cloud-

based analytic approaches. In a real experiment involving 10 distinct objects, the method successfully

executes 10 consecutive grasps for each object. Our results underscore the potential of employing parallel

optimization methods to enhance grasp quality and reduce computation time in robotic manipulation

tasks, eliminating the need for intricate gripper joint angle optimizations.
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success rate time (s)
Brush 10/10 0.932

Tea Cup 10/10 0.923
Sunscreen 10/10 0.926

Toothpaste box 10/10 0.897
Red Holder 10/10 0.892
Coffee Cup 10/10 1.05

Stapler 10/10 0.748
Detergent 10/10 0.927

Bottle 10/10 1.02
drill 10/10 0.935

Average 100% 0.925

TA B L E 3 . 4 . Computation time and success rate for KG3 real experiment.

Despite promising results in both simulation and real-world experiments, our current algorithm still faces

challenges common to methods based on ICP and sampling-based data-driven approaches. In particular,

the initialization step plays a crucial role in determining the final grasp outcome. Our approach requires

sampling initial parameters around the target area, and further incorporates additional initializations

based on the preshapes of the gripper. However, experiments reveal that with a fixed initialization,

the algorithm consistently generates nearly identical grasps across multiple runs—resulting in extreme

outcomes, where success rates are either 100% or 0%. Although generating different sets of initializations

is possible, there is no systematic method guaranteeing an optimal or even successful distribution of grasp

configurations.

To address this limitation, our next chapter will explore the integration of SVGD. The goal is to achieve

a more diversified and robust distribution of initial parameters, mitigating the sensitivity to the initial

guess and enhancing the overall robustness of the grasp synthesis process.
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Grasping with Annealed Stein ICP

4.1 Introduction

In this chapter, we address the grasping problem by formulating it as an optimization task where the

final grasp pose is achieved by matching point clouds of the gripper and the object. Our focus is on a

power grasp, where the grasping pose involves the whole palm of the gripper, and not a precision grasp,

where only the fingers are involved. The optimization steps are visualized in blue in Fig 4.1. We explore

the integration of Stein Variational Gradient Descent (SVGD). The goal is to achieve a more diversified

and robust distribution of initial parameters and final grasp poses, mitigating the sensitivity to the initial

guess and enhancing the overall robustness of the grasp synthesis process.

The main contribution of this chapter is a framework for generating efficient and stable grasp poses

using GPU-based parallel Stein ICP between the gripper and object’s point clouds. The algorithm is

independent of the gripper type and does not rely on costly finger joint angle optimization typical of

analytic approaches. Our approach generates robust optimal grasp poses with uniformly distributed

initializations, demonstrating robustness in both simulations and complex real-world experiments with

various objects and noisy, partial point clouds. For 11 different objects using the Kinova KG3 gripper,

we achieve an average success rate of 87.3% and a computation time of 0.926s in real experiments.

4.2 Related Work

Data-driven approaches rely on large labeled datasets and requires significant training time. However, it

achieves higher success rates, particularly with objects similar to those used during the training. Fang

et al. (2023) proposes AnyGrasp, which can generate grasp poses dynamically. Xu et al. (2021) proposes

AdaGrasp which learns a policy that can be used for different grippers. Most of these existing methods

face challenges in generalizing to objects that are not present in the training datasets. In contrast, our

56
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F I G U R E 4 . 1 . An illustration of the optimization process. Green, blue and black point
clouds are the initial poses of three preshapes of the KG3 gripper. Blue plots show the
optimization process to find the grasp pose of a singe preshape.

F I G U R E 4 . 2 . Preshapes used for simulation in this chapter. On the left, we have two
preshapes of Barrett Hand. On the right, we selected two preshapes from the ten used
for Franka Hand. The full point cloud generates SDF, and the partial point cloud is used
to optimize.

approach eliminates the need for training and demonstrates an enhanced ability to generalize to unfamiliar

objects. Moreover, our technique can be applied alongside these methods to enhance grasp quality. The

analytic approach and evaluation metrics have been introduced in Section 3.2.
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4.3 Methodology

We investigate grasp synthesis for unknown objects while avoiding the expensive optimization of finger

joints. Our algorithm takes as input a gripper’s inner surface point cloud S (Figure 4.2 (b, d)) and the

object’s 3-D point cloud R for matching, a complete gripper’s point cloud G (Figure 4.2 (a, c)) for

generating SDF and object’s point cloud with the table’s point cloud C for collision checking. Specifi-

cally, we utilize point clouds of different finger configurations as preshapes, which remain unchanged

during optimization. The algorithm aims to determine an optimal grasp pose parameterized by θ. All

transformations are with respect to the object’s coordinate frame. The grasp pose is optimized using

parallel AS-ICP with the following constrained loss:

min
θi

L(R, Tθ(S))

s.t. dist(C, SDF(Tθ(G))) > 0,

(4.1)

where Tθ(∗) is the transformed point cloud w.r.t. θ, and the loss function

L = Lcom + Lct (4.2)

is a combination of two grasp quality metrics, matching error (Lct) and distance between tool centre

point and centre of mass (Lcom), which we will explain in the next Section 4.3.2.

The loss function is constrained by the distance between the object’s point cloud and the gripper’s SDF

to ensure a physically plausible grasp pose. A collision occurs when the gripper’s point cloud is inside

the physically infeasible space of the object’s point cloud, corresponding to a negative distance value

from the SDF.

4.3.1 Stein ICP

In Stein ICP (Section 2.5), the optimal update direction for particles is:

ϕ̂∗(θ) =

K∑
j=1

[− γ(t)(Nḡ(θj ,M) +∇θ log p(θj))k(θj , θ)

+∇θk(θj , θ)],

(4.3)
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where γ(t) is the annealing schedule defined in Equation (4.6). ∇ log p(θ) is represented by gradients

from Gaussian priors for translations and von Mises priors for rotations.

The first gradient term in Equation (4.3), weighted by a kernel function, determines the steepest direction

for the log probability. Conversely, the second term represents the gradient of the kernel function, acting

as a repulsive force that promotes dispersion among particles and prevents them from converging to local

modes of the log probability.

We use the RBF kernel for translation:

k(θ′1:3, θ1:3) = exp (−1

h
∥θ1:3 − θ′1:3∥22), (4.4)

and the dot product as a kernel for rotation:

k(θ′4:7, θ4:7) = abs(θ4:7 · θ′4:7). (4.5)

To address the mode collapse problem inherent in SVGD (Zhang et al., 2020), we adopt annealed

SVGD (D’Angelo and Fortuin, 2020) with SGD ICP. The annealing schedule in Equation (4.6) en-

courages more exploration, resulting in a method known as Annealed Stein ICP, which improves the

distribution of poses crucial for our grasping tasks.

γ(t) = (
mod (t, T/C)

T/C
)p (4.6)

where t is the current iteration, T is the maximum iteration, C is the number of cycles, and p is an

exponent determining the transition speed between the two phases.

4.3.2 Cost Functions

Unlike traditional ICP problems where source and reference point clouds belong to the same entity with

variations possibly arising from partial observations, point clouds of the gripper and the object are likely

to be quite distinct. The proposed algorithm approximates shape matching by maximizing the selected

grasp quality metrics rather than achieving a perfect match.

These grasp quality metrics are selected to achieve two main objectives: minimize the matching error to

estimate the grasp pose (Lct) and minimize the moment at contact points to ensure a stable grasp (Lcom)

as described in Section 3.3.2:
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Lct =
1

m

∑
s′i,r̂i∈Pairs

(∥s′i − r̂i∥2). (4.7)

Lcom = min
θ
∥(R · TCP + t)− CoM∥2. (4.8)

Unlike in the previous chapter, we found that under the SVGD framework, an arbitrary weight for

each cost is not necessary. However, an observation-based weight assignment could benefit the overall

performance.

4.3.3 Collision Checking

The ICP algorithm does not account for collision checking during the optimization process, which is

crucial in grasping tasks. Simple ICP matching may cause the gripper to penetrate the object, resulting

in physically infeasible grasp poses. We keep the same collision avoidance strategy as in Section 3.3.4:

Lcol =
1

Ncol

∑
rcol∈C

min
s′∈S
∥rcol − s′∥2,

s.t. dist(C,SDF(T (Gi))) < 0,

(4.9)

where Ncol is the number of colliding points in the object point cloud. In Equation (4.9), we do not

account for Lcom as the gripper needs to move away from the object’s center of mass (CoM).

4.3.4 Algorithm

We perform two optimization processes: AS-ICP and SGD-ICP. AS-ICP ensures that the poses are

well-distributed around the object. After generating a distribution of potential grasping poses, we refine

each Stein particle by updating it with SGD-ICP to determine the optimal grasp pose.

A summary of the Parallel Shape matching-based grasp method is provided in Algorithm 4.1. Given

the object’s point cloudR as a reference and the complete gripper’s point cloud G, we first compute the

SDF of each preshape of the gripper and the target object’s centre of mass. We collect all preshapes’

SDF as SDF = {SDFi}Ni=1 by adding a constant offset ϵ between them, which can be considered as

spreading them in space. All operations are performed in parallel for all initializations by combining
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Algorithm 4.1: Parallel Shape Matching with AS-ICP

Input: Point cloud of: Gripper S = {si}Ni=1, Target ObjectR = {ri}Mi=1, and Table C;
complete gripper G, initial parameters Θ0 = {θj0}Jj=1,

number of iterations for AS-ICP kstein, and total iteration kmax

Output: θ that minimizes the loss function
1 CoM ← center of mass of target object
2 SDF ← SDF of the gripper
3 while k ≤ kmax do
4 for each θjk ∈ Θk in parallel do
5 Sjk ← Transform the source cloud with θjk
6 Mk ← Select a mini-batch fromR
7 ḡjk ← Compute gradients (3.5) and (3.6)
8 if dist(C,SDF(T

θjk
(G))) < 0 then

9 ḡjcol ← Compute gradients using (2.27) and (2.28)
10 ḡjk = ḡjcol ← Replace ḡjk with ḡjcol
11 end
12 if k < kstein then
13 ϕ̂∗(θ)← Compute using (4.3)
14 θjk+1← Update θjk with (2.17)
15 else
16 θjk+1← Update θjk with (2.26)
17 end
18 end
19 k = k +1
20 end
21 return θ = argminθj L

the point clouds and parameters into multidimensional tensors S,M, C and θ. The source point cloud

is transformed with the J transformation parameters. Then, a mini-batch is sampled from the reference

cloud. Next, corresponding closest points from the mini-batch are sought and stored in pairs for all points

within each transformed source cloud. This is followed by computing loss, gradients, and relative error

difference. Instead of transforming the SDFs of the gripper, we perform an inverse transformation on the

object point cloud for each initialization, denoted asR′ = {r′i}. These point clouds are then divided into

different groups according to the SDFi they are matching with. Then the same ϵ of the corresponding

SDFi is added to r′. In case of collision, ḡcol is computed, replacing the current gradients. If the relative

error difference indicates convergence at this stage, it is set to a non-converged state to move the gripper

out of the object. Initially, AS-ICP is executed for kstein iterations. The resultant updated parameters θ

are then used as the starting point for SGD-ICP. The parameter set θ undergoes further updates if it fails

to converge.
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F I G U R E 4 . 3 . (a) Initializations sampled from a mixture of Gaussian to provide some
prior knowledge of the object. (b) Initializations sampled from the Fibonacci sequence
and projected onto a quarter of the sphere, facing the direction of the robot arm.

F I G U R E 4 . 4 . Plots of success rate and computation time with an increasing number of
initializations for different sampling methods: (a) Gaussian and (b) Fibonacci. Sampling
from a mixture of Gaussians leads to a higher success rate and faster computation time
with fewer initializations as it provides some prior knowledge of objects.

4.4 Experiments

4.4.1 Ablation Study

Initialization plays a pivotal role in ICP-based algorithms. Given its non-convex nature, ICP is susceptible

to converge at local minima (Biggie et al., 2023). This aspect is particularly critical in our problem setup,
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where preshapes of the gripper vary significantly from the object geometry. Thus, precise initialization

strategies are essential for achieving effective gripper-object matching.

AS-ICP effectively distributes initial poses around the object, increasing the likelihood of a successful

grasp. Since we do not provide any prior knowledge of the objects, initializations are sampled from the

Fibonacci sequence and projected onto a quarter of a sphere as shown in Figure 4.3 (b). However, this

introduces many unnecessary initializations and leads to longer computation time, as discussed in the

previous Section. A comparison between sampling from a mixture of Gaussians and Fibonacci sequences

is provided in Figure 4.4. It is worth noting that as the number of initializations increases, the success

rate approaches 100% at the cost of more computation time. By heuristically choosing four Gaussian

means, our algorithm can achieve a higher success rate with fewer initializations, showing the possibility

of learning some prior knowledge of the objects to reduce the dependency on initializations.

In our algorithm, we match the gripper’s shape to the object’s and do not optimize finger joints during

the optimization process. Thus, choosing the right gripper preshapes becomes crucial. This chapter uses

two preshapes for the Barrett Hand and ten for the Franka Hand, each corresponding to a set of fixed

finger configurations, as shown in Figure 4.2. Additional configurations are used for the Franka hand to

ensure the stability of the generated grasps.

4.4.2 Simulation Result

Our study begins with a comprehensive examination of our proposed method’s success rate and effi-

ciency, employing two distinct grippers—-the Franka Hand and the Barrett Hand within the Isaac Gym

simulator (Makoviychuk et al., 2021). A list of parameters is provided in Table. 4.1. The optimization

is performed on a laptop with an RTX 2070 GPU. Initializations are sampled from a quarter of a sphere

using the Fibonacci sequence. Six additional initializations directly above the object are manually added,

as the sampled initializations alone do not provide sufficient coverage. The parameter values in this work

were chosen heuristically to lie within a reasonable operational range, rather than being optimized for

any specific metric. Consequently, they represent a general compromise and do not necessarily yield

the highest success rate or lowest computation time for a given object. A more sophisticated approach

for future work would be to use a model, trained on object features, to predict and select an optimal

parameter set per instance. We use Open3D (Zhou et al., 2018) for both SDF generation and collision

checking. After reaching the maximum number of iterations, the converged θ with the minimum cost is

selected as the final grasp pose.
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Parameter Franka Hand Barrett Hand

Number of initializations per preshape ≈ 100−6
4 + 6

Number of preshapes 10 2

Voxel size (Gripper’s point cloud S) 0.005 0.025

Number of points (Object with table C) 1100 to 1900 points

Voxel size (Object’s point cloudM) 0.005

Mini-batch size N × min(k,2kmax/3)
2kmax/3

Learning rate and cost weights for SGD 1

Annealing factor
(

mod (k,kmax/5)
kmax/5

)2
Convergence criterion 0.02%

Number of iterations for SVGD 15

Number of iterations for SGD 25

TA B L E 4 . 1 . Parameters used for Alg. 4.1. The initialization count (6) sets the number
of top-down starting poses.

AnyGrasp Ours AnyGrasp+Ours

Object Rate (%) Time (s) Rate (%) Time (s) Rate (%) Time (s)

Cat 46 0.046 98 2.42 20 1.13
Detergent 78 0.047 96 2.57 88 1.08
Bottle 82 0.044 96 1.92 94 1.04
LetterP 84 0.052 96 2.63 86 0.93
Shampoo 28 0.052 94 2.54 38 1.11
Spray 68 0.050 92 2.45 80 1.02
Glass 68 0.049 96 2.70 74 1.15
Mug 14 0.051 96 2.32 78 1.14
Shark 20 0.043 2 2.17 28 1.21
Shoe 6 0.060 54 2.51 6 1.17

Average 49.5 0.049 82.0 2.42 59.2 1.10

TA B L E 4 . 2 . Simulation results comparing AnyGrasp and our method using the Franka
Hand in the Isaac Gym simulator. Success rates (rate) and computation times (seconds)
are shown.

A successful grasp is defined as when the gripper can lift and hold the object for 5 seconds. Computation

time excludes the time required to generate the SDF of the gripper. The gripper’s point cloud is sampled

from the mesh for the Franka Hand. The gripper’s point cloud is acquired through simulation with a

depth camera for the Barrett Hand. Objects are selected from the KIT object models database (Kasper
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F I G U R E 4 . 5 . Best grasp poses with Franka Hand for 50 trials. On the left is the pose
generated by our algorithm, and on the right is the pose generated by AnyGrasp. This
visualization highlights a key advantage of our gradient-based optimization: it inherently
optimizes for suitable gripper preshapes that align the fingers with the object’s surface
geometry to maximize contact area. In contrast, AnyGrasp appears to generate poses
better suited for a fully opened, neutral gripper state.

et al., 2012) and Google Scanned Objects (Downs et al., 2022). The grasp poses generated are illustrated

in Figure 4.5 for Franka Hand and Figure 4.6 for Barrett Hand. A summary of the success rate and

optimization time is provided in Table. 4.2 and Table. 4.3. The success rate and optimization time are

the averages of 50 simulations for each object.
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F I G U R E 4 . 6 . Best grasp poses with Barrett Hand for 50 trials.

Table. 4.2 provides a comparison with AnyGrasp (Fang et al., 2023). The grasp poses for AnyGrasp

were generated using the code from GraspNet (2024) with pre-trained weights. Instead of using a point

cloud captured from a camera, the full point cloud of the object was utilized. Fifty grasps were generated

with random object positions to compute the metrics. As a data-driven method, AnyGrasp has a shorter

computation time than ours, whereas our method achieves an overall higher success rate.

Figure 4.5 provides a qualitative comparison of grasp poses generated by our method and the AnyGrasp

baseline. This visualization highlights a key advantage of our gradient-based optimization: it inherently
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SplitPSO Ours

Object Rate (%) Time (s) Rate (%) Time (s)

Cat 90 8.10 100 0.996
Detergent 90 10.4 100 1.28
Dwarf 50 9.55 100 1.56
LetterP 80 12.7 100 1.55
Milk 100 11.1 100 1.43
Shampoo 85 10.6 92 1.20
Spray 85 9.45 86 1.40
Glass 50 8.05 96 1.24
Unicorn 30 8.30 98 1.43
Mug 95 9.00 96 0.972
Shark 0 25.4 14 1.12

Average 68.6 11.2 89.3 1.29

TA B L E 4 . 3 . Simulation result comparison between SplitPSO and our method. The
simulation uses Barrett gripper and is carried out in Isaac Gym simulator.

optimizes for suitable gripper preshapes that align the fingers with the object’s surface geometry to

maximize contact area. In contrast, AnyGrasp appears to generate poses better suited for a fully opened,

neutral gripper state, which can result in suboptimal finger alignment upon closure. The improved contact

from our poses reduces slipping (e.g., Cat, Shampoo, Glass, and Mug) and unstable grasps (e.g., Spray,

Shampoo, and Shoe), whereas AnyGrasp leads to more unstable grasps and a higher likelihood of failure,

especially for novel objects in diverse scenarios.

To evaluate the effectiveness of our algorithm as a post-processing module, we used 10 grasps generated

by AnyGrasp as initializations for our method (Table 4.2). Except for the Cat, the combined method

achieved a higher success rate than AnyGrasp alone and had a lower computation time compared to

our method alone. The failure with the Cat was due to slip, highlighting our method’s dependence on

good initializations, similar to other ICP-based methods. However, the improvement in success rate

with shorter computation time is promising, suggesting that better initialization parameters could further

enhance performance, as discussed in Section 4.4.1.

Table. 4.3 provides a comparison for SplitPSO (Kiatos et al., 2021), with grasp poses being generated

from Kiato (2024). Instead of using the proposed point cloud completion module, the object’s full point

cloud is used. Twenty grasps for each object are simulated. Our method outperforms SplitPSO in both

success rate and computation time.
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F I G U R E 4 . 7 . The best grasp poses identified across 30 trials for SGD-ICP (top) and
AS-ICP (bottom). The results show that AS-ICP, which incorporates SVGD, produces
a more diversified set of poses, especially in rotational space. This aligns with the core
objective of using SVGD to enhance exploration.

With limited configurations and a full gripper’s inner-surface point cloud, our algorithm focuses on a

power grasp rather than a precision grasp. SplitPSO also faces this problem, as it uses the full point cloud

of the gripper’s inner surface. Thus, both methods fail to grasp the Shark, where a precision grasp with

fingertips is more suitable. In contrast, AnyGrasp has a higher success rate, indicating a good precision
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Object Success Rate Time (s)

Tea Cup 100% 1.01
Coffee Cup 100% 0.95
Detergent 80% 0.62
Brush 100% 0.99
Sunscreen 100% 0.84
Holder 60% 1.06
Case 80% 1.06
Washing Liquid 100% 0.81
Toy 80% 1.11
Hand 80% 0.79
Helping Hand Tool 80% 0.95

Average 87.3% 0.93

TA B L E 4 . 4 . Number of successes for five grasps, where the input for each grasp
corresponds to a different orientation of the object.

grasp. Although the influence of a parallel gripper should be less significant, using the palm point cloud

still affects our success rate with the Franka Hand. This can be seen from the grasp poses generated for

the Shark, where our method fails due to contact with the Shark’s fin. A potential solution is to sample

point clouds from the finger surface with some distribution, as proposed by Fan and Tomizuka (2019).

However, this object-dependent parameter requires data-driven methods to acquire the best preshapes for

different objects.

Figure 4.7 shows the best grasp poses from 30 trials for SGD-ICP (top) and AS-ICP (bottom) across

six objects. While AS-ICP (which incorporates SVGD) yields greater rotational diversity—consistent

with SVGD’s exploratory goal—its simple uniform prior fails to guide optimization effectively. This is

evident in poses that collide with unseen object parts, and in Figure 4.7(f), where a high-scoring pose lies

inside the object. These failures motivate the learned prior we introduce via an EBM in the next chapter.

4.4.3 Real Experiment

We conducted real experiments using the Jaco 2 Arm equipped with the KG3 gripper to test our approach

with noise and partial point clouds. We captured objects’ point clouds using a wrist-mounted RealSense

D405 Camera. Unlike in simulation, where the algorithm has access to the entire point cloud, we used a

single viewpoint partial point cloud for the real experiment.
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F I G U R E 4 . 8 . The picture on the left illustrates fifty grasp poses generated with the
same point cloud. The photo on the right is the actual grasp for one of the five grasps
in Table. 4.4. Our algorithm can grasp objects with large occlusions and noisy point
clouds.

The experimental results, shown in Figure 4.8, demonstrate the performance of our approach on eight

objects. Five grasps were executed for each object using the same parameters and initializations as in the

simulation. Each trial involved placing the object in a different orientation, resulting in varied occlusions.

A waypoint was set 15 cm away from the grasp pose to prevent collisions during motion. After grasping,
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F I G U R E 4 . 9 . (1) Hand Helping Tool (2)-(6) Grasp poses for Hand Helping Tool with
five different shapes.

the gripper returned to the location indicated in Figure 4.8. On average, we could grasp 4.37 out of the 5

grasps, with an average computation time of 0.926 seconds, as summarized in Table 4.4.

Notably, challenges arise in scenarios with large occlusions in the object point cloud, contributing to

most fail cases with objects such as Detergent and Washing Liquid. To further challenge our algorithm,

we tested it with multiple shapes of the Hand Helping Tool, as shown in Figure 4.9. As the point cloud

does not provide physical properties of the object, some grasp poses will fail on the flexible regions of

the object, as indicated by the failure of the Hand and Hand Helping Tool, where the former failed due

to flexible fingers and the latter failed due to a false joint, as shown in Figure 4.9 (3). In addition, objects

requiring a precision grasp also pose challenges in real experiments. For example, our algorithm can

grasp the Toy while standing but fails when lying on the table.
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4.5 Summary and Discussion

We have introduced a rigid shape-matching grasp optimization method that utilizes the parallel AS-ICP

algorithm. Demonstrating its versatility across various gripper types, the approach exhibits remarkable

robustness against noisy and partial point clouds, achieving an average computation time of 0.926 seconds

and an average success rate of 87.3% for the KG3 gripper in real experiments surpassing other point

cloud-based analytic approaches. Our results underscore the potential of parallel optimization methods

to enhance grasp quality and reduce computation time in robotic manipulation tasks. Furthermore, we

also observed that optimizing gripper joint angles is not compulsory to ensure a successful grasp.

In this chapter, we propose leveraging SVGD to establish a robust distribution prior for our SGD-ICP

optimization process. This hybrid approach not only reduces the reliance on highly precise initializations

around the object but also enables the incorporation of prior knowledge and task-related constraints to

generate more effective initial conditions. Moreover, it facilitates the generation of a more diverse set

of grasps compared to the previous chapter, where the resulting distribution was heavily concentrated

around similar poses.

However, relying solely on SVGD for the entire optimization process is not feasible. A major challenge

lies in the definition and utilization of gripper preshapes, which were introduced to circumvent the expen-

sive optimization of finger joint configurations. Each preshape corresponds to a distinct set of parameter

initializations; when applying parallel SVGD, these preshape parameters can become disrupted, resulting

in inappropriate attractive and repulsive forces that degrade the update quality. Furthermore, while the

use of a Gaussian distribution for translation combined with a von Mises distribution for rotation helps to

ensure a broad spread of particles, these assumptions do not necessarily provide meaningful directional

guidance for the updates.

These limitations motivate the work presented in our next chapter, where we collect data from the current

algorithm and train an EBM. The EBM is intended to eliminate the reliance on preshape initializa-

tions and supply more meaningful update directions than those derived from the previously assumed

distributions.
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Stein Energy-Based Grasp Synthesis

5.1 Introduction

Grasp synthesis remains a challenging problem in robotic manipulation, particularly when dealing with

previously unseen objects and partial observations. Traditional approaches relying on complete object

models often struggle to generalize to the wide variety of everyday objects (Tang et al., 2025). To address

this challenge, we propose a novel grasp synthesis method that integrates a data-driven Energy-Based

Model (EBM) (Dawid and LeCun, 2023) with Iterative Closest Point (ICP) (Besl and McKay, 1992)

within the Stein Variational Gradient Descent (SVGD) framework (Liu and Wang, 2016).

Point cloud completion is typically used for partially observed objects, but generating precise shapes

remains challenging due to the vast variety of daily-life objects (Kiatos et al., 2021). Some data-driven

methods can generate grasps using partial point clouds (Fang et al., 2023); however, these approaches

require full object models to generate the necessary training data (ten Pas et al., 2017). In Chapter 4,

we proposed an optimization-based method Annealed Stein ICP (AS-ICP) (Zhang et al., 2024) that can

generate grasps from partial point clouds. When the gripper point cloud is captured in a fully opened

configuration, the resulting optimized grasp poses can become misaligned due to the large aperture.

Conversely, using a partially opened gripper point cloud may cause some feasible grasp poses to be

missed. To balance these issues, multiple predefined gripper shapes are incorporated to ensure more

robust and comprehensive grasp coverage.

To enhance generalization, provide a meaningful prior for SVGD, and reduce the reliance on accurate

object models or predefined gripper preshapes, we propose a hybrid framework that integrates the com-

plementary strengths of learning-based and optimization-based approaches. Learning-based methods

excel at capturing complex patterns from sensory data and generalizing across diverse objects, while

73
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optimization-based methods leverage analytical formulations to guarantee physically consistent and geo-

metrically precise solutions. First, the EBM is trained using data generated from single-view point clouds

through the AS-ICP algorithm. The EBM assigns low energy to successful grasps and high energy to

unsuccessful ones, effectively capturing global grasp-quality information learned from data. Then, by

integrating the EBM gradient into the SVGD optimization, we iteratively refine grasp poses to minimize

the energy. This integration not only leverages global cues from the learned EBM but also exploits local

geometric properties, enhancing the overall robustness of the grasp synthesis.

We conducted extensive experiments on a dataset of 57 objects from the Google Scanned Objects and 10

objects from the KIT dataset, totaling 5360 grasp attempts. Our method achieves an average success rate

of 60.9%, outperforming baselines such as AnyGrasp (31.1%), Grasp Pose Detection (GPD, 48.4%) and

AS-ICP (56.6%).

The main contributions of this chapter are:

• Hybrid optimization framework: We propose a novel hybrid approach that integrates a

learning-based method (EBM) with an analytical method (ICP) within a SVGD optimization

process, enabling robust grasp synthesis from partial point clouds.

• Comprehensive ablation study: We systematically investigate the impact of model architec-

ture, loss functions, and dataset composition on grasping performance, providing insights into

the contribution of each component within the hybrid framework.

• Extensive experimental validation: Through large-scale simulations, we demonstrate that

coupling an optimization-based method with a data-driven approach significantly improves

robustness, repeatability, and generalization compared to either method alone.

5.2 Related Work

Grasp synthesis approaches can be broadly categorized into two major groups (Kleeberger et al., 2020):

optimization-based methods, which rely on analytic formulations of contact and object geometry, and

data-driven methods, which leverage learning from large-scale datasets. A detailed related work of these

approaches is provided in Section 3.2 and Section 4.2. In this chapter, we adopt two representative

learning-based baselines for comparison: AnyGrasp (Fang et al., 2023), a generative method that pro-

duces grasps by directly modeling the grasp distribution, and GPD (ten Pas et al., 2017), a sampling-based

method that evaluates large sets of candidate grasps to identify feasible solutions.
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EBMs (Dawid and LeCun, 2023) have attracted significant attention for their flexibility in modeling

complex probability distributions. However, training EBMs in high-dimensional spaces remains a chal-

lenge. The intractability of the partition function becomes increasingly problematic as the dimensionality

grows (Du and Mordatch, 2019). Moreover, high-dimensional energy landscapes are highly non-convex,

containing many local minima. This can trap optimization in a single region, leading to mode collapse, in

which solutions concentrate on a single mode and ignore others. Local minima restrict exploration, while

mode collapse reflects the failure to capture the full multimodal structure of the landscape. Grathwohl

et al. (2020) demonstrates how SVGD (Liu and Wang, 2016) can be used to efficiently update particles

within the EBM framework, mitigating some of these challenges. SVGD has proven its effectiveness in

robotic applications, such as trajectory planning (Yin et al., 2024), point cloud registration (Maken et al.,

2022a), and localization (Maken et al., 2022c).

In this chapter, we integrate an EBM with an ICP algorithm, using SVGD to combine global grasp quality

cues (learned by the EBM) with local geometric alignment information (provided by ICP). This hybrid

approach is designed to address the limitations of both optimization-based and data-driven methods,

particularly in scenarios where only a partial point cloud is available.

5.3 Methodology

In this chapter, we address the problem of grasp synthesis for unknown objects using a hybrid optimiza-

tion framework that integrates data-driven and analytical approaches. Given the gripper’s inner surface

point cloud, S , and the object’s point cloud captured from a single viewpoint,R, our goal is to determine

an optimal grasp pose, parameterized by θ = (t, q), where t = x, y, z represents the 3D translation

and q = qw, qx, qy, qz represents the unit quaternion (with qw being the scalar and qx, qy, qz the vector

part). The initial pose is refined using SVGD to minimize a hybrid cost function, combining geometric

alignment and learned grasp-quality assessments.

Formally, we define our grasp optimization as follows:

min
θ

L(y, x) + E(y, x) s.t. dist(y,SDF(x)) > 0, (5.1)
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where x = Tθ(S) denotes the transformed gripper surface point cloud under pose θ, and y = R denotes

the object’s observed point cloud. Here, L(y, x) represents the geometric loss computed via ICP match-

ing (Maken et al., 2019). E(y, x) is the learned energy term, computed from an EBM trained on grasp

outcomes (success/failure) evaluated in simulation, reflecting learned probabilistic knowledge of grasp

quality. The constraint ensures that the resulting grasp pose is physically plausible and collision-free,

enforced by evaluating the distance from the object points to the gripper’s SDF.

This formulation explicitly combines the analytical prior (ICP geometric alignment) with a data-driven

posterior (EBM energy), thereby harnessing the complementary strengths of both analytic geometric

reasoning and learned grasp outcomes. A summary of our method is provided in Figure 5.1.

5.3.1 Data Generation

To build our dataset, we use the AS-ICP algorithm (Zhang et al., 2024) on single-view point clouds of

objects. Specifically, we select 57 distinct objects from the Google Scanned Objects dataset (Downs et al.,

2022) and 10 distinct objects from the KIT dataset (Kasper et al., 2012), capture eight different point

clouds per object with four different orientations (0, 90, 180 and 270 degrees), each with two camera

elevations (0.1 and 07 m). For each point cloud, AS-ICP is applied to optimize collision-free grasp poses.

These optimized poses are subsequently validated in the Isaac Gym simulator (Makoviychuk et al., 2021).

A grasp is considered successful if the gripper maintains a firm hold on the object even after it is subjected

to shaking. This process yields a labeled dataset of grasp poses.

5.3.2 Network Architecture

Our EBM is designed to capture the interaction between the object and the gripper by processing their

point clouds and the associated grasp pose information. The model consists of two primary modules:

Point Cloud Encoder

We adopt a PointNet-based encoder (Qi et al., 2017), as point clouds are unordered sets of 3D points

without a regular grid structure. PointNet handles this by using permutation-invariant operations, making

it well-suited for extracting robust geometric features for grasping. The Point Cloud Encoder module

applies five one-dimensional convolutional layers (with kernel size 1), each followed by batch normal-

ization and Rectified Linear Unit (ReLU) activations. After these convolutions, a global max pooling
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F I G U R E 5 . 1 . A brief summary of our algorithm. Both the object and gripper point
clouds are fed into separate PCD Encoders to produce 64-dimensional features. These
features are then concatenated and scored by the EBM to output a single energy value.
The system uses SVGD to iteratively update the transformation parameters θ by leverag-
ing gradients from the EBM and the cost function of ICP. The best pose is selected with
minimum energy and matching error.

operation aggregates features across all points to produce a fixed-dimensional embedding. This em-

bedding is further projected into a lower-dimensional feature space via a fully connected layer, layer

normalization, and a ReLU activation.

Energy Function Network

The features are then fed into the Energy Function Network (Section 2.6.3), which is implemented as

a multi-layer perceptron. This network comprises three fully-connected layers (interleaved with batch

normalization and ReLU activations) and culminates in a single linear output that represents the energy.

The energy score is not a binary decision variable but a continuous measure learned from data. Lower

energy values indicate relatively more plausible grasp poses compared to higher ones, but there is no

fixed threshold that separates “good” from “bad” grasps. Instead, EBMs are trained with contrastive

learning: successful grasps are assigned lower energy, while failures are pushed toward higher energy.

As a result, inference relies on ranking or optimization—selecting poses with minimal energy—rather

than thresholding as in classifiers.
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5.3.3 Network Training

Loss Function

We employ a contrastive loss function to train our EBM for grasp synthesis. The objective is to assign

low energy values to positive grasp samples and high energy values to generated negative samples. The

pairwise hinge loss is defined as follows (Dawid and LeCun, 2023):

Lhinge = E(y, x)− E(y, x̂) +m, (5.2)

where E(y, x) is the energy for positive samples, E(y, x̂) is the energy for negative samples, and m is a

margin to enforce a clear separation between positive and negative energies.

We use a smooth, differentiable variant of the hinge loss as follows (Dawid and LeCun, 2023):

L = log
(
1 + exp

(
E+ − E−)) . (5.3)

Here, E+ represents the energy of a positive sample, while E− denotes the energy of a corresponding

negative sample. In the context of grasping, even a small deviation in the positive grasp pose may lead

to failure, resulting in many complex negative samples. Thus, preserving this specific pairing is crucial

for effective model performance.

Data

The dataset generated in Section 5.3.1 is highly imbalanced, containing significantly more failure cases

than successful grasp poses. This imbalance can negatively impact the performance of our EBM training.

In Section 5.4, we discuss various data-processing strategies to mitigate such imbalances.

For training, we selected 50 objects. Given that most objects are non-symmetrical, each point cloud

captured under different orientations and elevations is treated as a distinct group. From each group, we

randomly select 80 successful grasp poses. In cases where a group contains fewer than 80 successful

examples, we duplicate the available examples until the total reaches 80. Thus, the total number of

positive data used for training is 32000.
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Training

For training our EBM, we used a batch size N = 64 with the ADAM optimizer, setting the learning rate

to 1 × 10−3 and applying a weight decay of 1 × 10−5. The model was trained for 25 epochs, and the

resulting model was then used to compute the gradient for SVGD. Our primary goal is not to achieve the

best performance from the EBM but rather to demonstrate how the integration of a data-driven approach

with optimization can effectively overcome the limitations inherent to each method.

5.3.4 SVGD Optimization

SVGD (Liu and Wang, 2016) is a particle-based variational inference method that approximates a com-

plex target distribution using a set of interacting particles. Unlike traditional variational inference meth-

ods that assume a fixed parametric form for the approximate posterior, SVGD represents the target

distribution non-parametrically as an empirical distribution over particles.

In the SVGD framework, the jth particle, θj , is updated as follows (Section 2.4):

θj ← θj + η ϕ̂∗(θj), (5.4)

where η is the step size and the optimal update direction ϕ̂∗(θ) is given by:

ϕ̂∗(θ) =
1

K

K∑
j=1

[
k(θj , θ)∇ log p(θj) +∇θjk(θj , θ)

]
. (5.5)

Here, k(·, ·) is a positive definite kernel that couples the particles. The first term can be seen as an

attractive force that pulls the particles toward regions of high probability density, and the second term

acts as a repulsive force that prevents the particles from collapsing to a single mode, thereby encouraging

diversity in the particle set.

In our work, we adapt SVGD within the AS-ICP framework (Zhang et al., 2024) for robust grasp syn-

thesis. In Stein ICP (Maken et al., 2022a; Zhang et al., 2024), the gradient∇ log p(θ) in Equation (5.5)

is replaced by the gradient of the SGD-ICP cost function with respect to the transformation parame-

ters (Maken et al., 2019, 2022b):

∇ log p(θ) = −γ(t) (N ḡ(θ,M) +∇θ log p(θ)) , (5.6)
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where ḡ(θ,M) denotes the averaged gradient of the ICP cost function over a mini-batchM, and N is a

normalization factor equal to the number of particles. The prior gradient term,∇θ log p(θ), is computed

using Gaussian priors for translation and von Mises priors for rotation.

Additionally, the annealing schedule γ(t) in AS-ICP periodically reduces the attractive force during

optimization, enhancing particle diversity and accelerating convergence. However, AS-ICP relies on

fixed analytic prior assumptions, which may not provide sufficient guidance for robust grasp optimization.

To address this limitation, we propose integrating a learned data-driven model within the Stein ICP

framework. Specifically, we replace the prior gradient ∇θ log p(θ) in Equation (5.6) with the gradient

derived from an EBM, denoted by∇θE(y, x):

∇ log p(θ) = −γ(t) (N ḡ(θ,M) +∇θE(y, x)) , (5.7)

We used the RBF kernel for translations and the dot product kernel for rotations. For the dot product

kernel, the bandwidth parameter was set using the median heuristic:

σ =

√
median(∗)
2 log(n+ 1)

(5.8)

As shown in Figure 5.2, the optimization outcome is sensitive to the kernel bandwidth, particularly

for the translation component. We empirically found the theoretically-motivated median heuristic to

be unsuitable for translation in our domain, likely due to the high-dimensional, non-standard structure

of the grasp pose space where pairwise distances between particles are not a reliable scale indicator.

Within a manually tested range, performance variation was not substantial. Therefore, we selected a fixed

bandwidth of σ = 3 for translation as it provided stable, empirically sound results across our test objects.

For rotation, where results were less sensitive, we retained the median heuristic. We acknowledge that

the optimal σ may be object- or scenario-dependent; a learning-based adaptive kernel is a promising

direction but lies outside the scope of this thesis, which focuses on the integration framework itself.

We observed that the magnitudes of the learned EBM gradient ∇θE(y, x) and the matching gradient

ḡ(θ,M) differ significantly. To prevent one term from dominating the SVGD update and to ensure stable

convergence, we introduced a dynamic scaling factor w:
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F I G U R E 5 . 2 . Influence of kernel bandwidth on SVGD optimization performance for
translation (top) and rotation (bottom). The median heuristic (labeled "None") was
found to be inadequate for the translation component. The performance within a fixed
bandwidth range was relatively stable. We selected σ = 3 for translation as it performed
reliably across our experimental objects, while retaining the median heuristic for rotation
to minimize manual hyperparameter.

w = 100× tanh

(
∥∇θE(y, x)∥
∥ḡ(θ,M)∥

)
, (5.9)

The tanh function provides a smooth, bounded scaling. The constant factor of 100 was empirically

determined to approximately equalize the effective step sizes contributed by both gradient terms in our

experimental setup, creating a balanced hybrid update. This factor is inherently tied to the scale of our

specific EBM’s outputs and geometric cost function. While network normalization or a more principled

adaptive scheme could resolve this in future work, the current formulation provides a stable and effective

solution for our proof-of-concept integration, demonstrating the viability of the hybrid approach.

The final combined gradient for parameter updates is then defined as:

∇ log p(θ) = −γ(t) (w ×Nḡ(θ,M) +∇θE(y, x)) . (5.10)

We utilize the ADAM optimizer with a learning rate of 1 × 10−2 for parameter updates. Although the

optimization requires a large number of iterations to converge, further increases in the learning rate result

in parameter divergence and numerical instability. Additionally, we note that the ICP matching gradient
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provides strong guidance for translation parameters when the gripper is distant from the object, but its

magnitude diminishes significantly as the gripper approaches the object’s surface.

To take advantage of this behavior, we explicitly incorporate the matching gradient as a regularization

term to accelerate early-stage translation optimization, gradually reducing its influence in later iterations.

The final adaptive update rule for the transformation parameters is as follows:

θt+1 = θt + ϕ̂∗
t (θk) +

(
1− k

K

)
ḡ(θk,M), (5.11)

where ϕ̂∗
t (θk) denotes the SVGD update, and the adaptive term

(
1− k

K

)
progressively decreases the

regularization effect of the matching gradient as the iteration index k progresses toward the max iteration

K.

At the end of the optimization process, we evaluate the matching error for each particle by selecting

the minimum non-collision error across a predefined set of gripper preshapes, following the procedure

described in Zhang et al. (2024). The complete optimization procedure is summarized in Algorithm 5.1.

Algorithm 5.1: Stein Energy-Based Grasp
Input: Point cloud of: Gripper S = {si}Ni=1, Target ObjectR = {ri}Mi=1, initial parameters

Θ0 = {θj0}Jj=1, number of iterations K
Output: θ that minimizes the sum of energy and matching error

1 while k ≤ K do
2 for each θjk ∈ Θk in parallel do
3 Sjk ← Transform the source cloud with θjk
4 ∇θE(y, x)j and ḡ(θk,M)j ← Compute gradients (5.10) and (5.5)
5 Collision avoidance using SDF
6 Update θ (5.11)
7 end
8 k = k + 1
9 end

10 for each θj ∈ ΘK do
11 matching errorj ← min(matching errorjpreshapes)
12 end
13 return θ = argminθj (norm(energy) + norm(matching error))
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F I G U R E 5 . 3 . Energy plots for the EBM trained under different data processing
schemes for a top-down grasp. In these plots, blue indicates low energy (favorable
grasps), and red indicates high energy (unfavorable grasps). Panels (a) and (e) show
results using the entire dataset. Panels (b) and (f) display results when training with only
positive examples, paired with an equal number of negative examples sampled from the
dataset. Panels (c) and (g) illustrate the outcome when negative examples are generated
by uniform sampling around each positive instance. Panels (d) and (h) demonstrate the
best performance, achieved by balancing the number of positive examples within each
group (defined by object orientation and elevation). The top row corresponds to training
without the gripper point cloud, whereas the bottom row includes the gripper point cloud,
resulting in significantly improved performance.

5.4 Ablation

5.4.1 Data Processing

Our experiments reveal that both the collection and utilization of the training dataset have a significant

impact on the performance of our EBM. After generating data using AS-ICP, we evaluated several data

processing strategies:

Raw Data

Initially, we trained the EBM using the raw dataset. However, the dataset was imbalanced—containing

28555 positive data in a total of 72461 data—which hindered the contrastive loss from effectively distin-

guishing between positive and negative samples (see Figure 5.3(a) and (e)).
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To mitigate the initial class imbalance, we retained all positive examples and randomly sampled an

equal number of negative examples from the pool of unsuccessful optimization outcomes. However,

this straightforward balancing strategy led to a collapsed, object-invariant model (see Figure 5.3(b) and

(f)). We hypothesize this occurs due to a randomly paired negative and positive may originate from a

completely different region of the grasp space (e.g., a left-sided grasp paired with a right-sided failure).

This excessive, unstructured pose difference makes it difficult for the model to learn the subtle geometric

distinctions that separate stable from unstable grasps, resulting in a flattened energy field that fails to

generalize across objects.

Localized Negative Sampling

To overcome the above issue, we generated negative examples by uniformly sampling around each posi-

tive example. This method provided more localized negative samples, resulting in improved performance.

It also generates samples with collisions, which the original dataset does not contain. However, the

model consistently failed to capture the correct vertical positioning of the grasp due to dataset bias,

where specific grasp configurations were overrepresented during training, as illustrated in (Figure 5.3(c)

and (g)).

Group-based Sampling

Finally, we partitioned the dataset into groups according to the different orientations and elevations

defined in Section 5.3.3. For each group, we randomly selected an equal number of positive exam-

ples—duplicating them if necessary to meet the required count—and then generated negative examples

around each positive instance. This strategy focuses more on objects that are more difficult to grasp and

improves overall energy distribution. (Figure 5.3(d) and (h)).

Additionally, we evaluated the effect of including the gripper’s point cloud as input. Models trained with

the gripper point cloud (bottom row of Figure 5.3) outperformed those trained without it (top row of

Figure 5.3). Based on these results, we use the configuration in Figure 5.3(h) for training our final model.

It is important to note that even in the configuration shown in Figure 5.3(h), the regions of lowest energy

are still shifted downward, resulting in a vertical bias that is lower than expected. This observation

indicates that a top-down grasp selected solely based on the lowest energy criterion could result in the

gripper intruding into the object. We also notice that the energy closer to the bottom of the objects tends
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F I G U R E 5 . 4 . Plots of average success rate after lifting and shaking. The results
demonstrate a clear trend of increasing performance as the model improves. Our method
outperforms individual analytical and data-driven methods, other hybrid approaches, and
baseline methods.

to be less accurate. We hypothesize that this discrepancy is due to a lack of sufficient positive examples

for both top-down grasps and grasps close to the table surface in the dataset generated by the AS-ICP

algorithm.

This analysis suggests that the quality of the data plays a more critical role than its sheer size when

training an EBM. In other words, a well distributed dataset that better captures the full variability and

nuance of successful grasp configurations will lead to a more accurate and reliable energy landscape,

even if the overall number of training examples is lower.

5.4.2 Hybrid Model

The main focus of this chapter is to introduce and evaluate a hybrid optimization framework for grasp

synthesis. While ICP and EBM are employed here as representative analytical and data-driven compo-

nents, the framework is designed to be modular and easily extended to incorporate other methods. Our

goal is not to train the single best possible EBM, but to demonstrate that as the learned model improves,

overall grasping performance correspondingly increases.

To assess the framework, we conduct an extensive ablation study and compare it systematically against in-

dividual analytical (ICP) and learning-based (EBM, GPD, AnyGrasp) methods, as well as an established

hybrid method (Hybrid metrics). A common hybrid baseline is to use ICP as a post-processing step for
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F I G U R E 5 . 5 . Kernel density estimates (KDEs) of success rates for all evaluated meth-
ods. The KDEs transform discrete success rate measurements into smooth, continuous
probability distributions. The vertical axis shows the estimated probability density,
where a higher density at a given success rate indicates that more experimental trials
resulted in that performance level. Left: Set 1 compares various hybrid model variants,
including ablations of different architectures and training data. Right: Set 2 compares
key baselines and representative methods, including analytical, learning-based, and hy-
brid approaches. Our hybrid model’s performance improves as the model becomes
better, achieving higher and sharper peaks near a high success rate, indicating improved
reliability and overall performance compared to baseline methods in Set 2.

Method Mean (↑) Std (↓) ≥ 0.1 (↑) ≥ 0.5 (↑) ≥ 0.9 (↑)

Energy only 0.439 0.318 0.756 0.381 0.056
Hybrid metrics 0.468 0.312 0.795 0.431 0.054
Ours 256 0.500 0.285 0.864 0.451 0.057
Ours 512 0.544 0.310 0.851 0.513 0.093
Ours new cost 0.571 0.291 0.890 0.586 0.082
Ours new data 0.609 0.270 0.920 0.623 0.095
AS-ICP 0.566 0.367 0.784 0.567 0.192
AnyGrasp 0.311 0.440 0.347 0.306 0.254
GPD 0.484 0.259 0.873 0.424 0.022

TA B L E 5 . 1 . Comparison of methods by group-level mean, standard deviation, and
fraction of groups exceeding selected success thresholds. The arrows indicate whether
higher (↑) or lower (↓) values are preferred. Thresholds (0.1, 0.5, 0.9) denote the fraction
of groups whose success rate is above 10%, 50%, and 90%, respectively, providing a
sense of performance across low, moderate, and high success regimes.

learning-based grasps. However, as shown in our earlier work Zhang et al. (2024), if the initial poses from

the learned model are poor, simple ICP post-processing does not substantially improve performance.
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Our ablation study examines the influence of both model architecture and dataset composition. We train

several variants of the hybrid method, spanning two datasets:

• Dataset 1: A set of 32,000 positive examples generated by AS-ICP—effectively corresponding

to a uniform prior with ICP providing the posterior. Models trained on this dataset include:

– EBM: Baseline with a 256-dimensional gripper encoder, evaluated using energy only.

– Ours 256: Same model, evaluated using both energy and matching error.

– Ours new cost: Same as above, but with two additional loss terms during evaluation.

– Ours 512: Higher-capacity variant with a 512-dimensional encoder and an additional

combined encoder for point cloud features, evaluated using energy and matching error.

• Dataset 2: A refined set of 3,280 positive examples generated by grasps from the improved

“Ours new cost” model:

– EBM new data: 256-dimensional encoder, evaluated on energy only.

– Ours new data: Same model, evaluated on energy, matching error, and the additional loss

terms.

The additional loss terms used are defined as follows:

PartialError(Ri) = sigmoid
(
10
(∣∣∣(Riez)y

∣∣∣− 0.5
))

, i = 1, . . . , N (5.12)

where sigmoid(x) = 1
1+e−x , Ri is the i-th rotation matrix, and ez = [0, 0, 1]T . This loss serves as a

proxy for grasp confidence under partial observation: it penalizes horizontal grasp poses, which are more

likely to attempt a grasp from an unobserved region.

PointInGrasp = exp

(
− 1

10

N∑
i=1

(
pi ∈ B

))
(5.13)

where B is the volume within the grasp (i.e., the region enclosed by the gripper). This loss encourages at

least part of the target object to be within the gripper configuration.

Figure 5.4 and the left panel of Figure 5.5 show a clear trajectory of improvement. The initial EBM trained

on AS-ICP data exhibits a broad spread of success rates, reflecting limited robustness and generalization.

Adding matching error and additional loss terms progressively shifts the distribution toward higher, more

peaked success rates—indicating greater consistency. Increasing model capacity and refining the dataset
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F I G U R E 5 . 6 . Comparison of grasp diversity across different methods. Translation
diversity (x-axis, up to 98th percentile) and rotation diversity (y-axis) are shown for all
attempted (blue) and successful (red) grasps, each are computed separately. AnyGrasp
produces identical poses, while GPD yields high translation but low rotation diversity.
AS-ICP results are concentrated at low diversity, and EBM at high rotation diversity.

F I G U R E 5 . 7 . Comparison of grasp diversity for various hybrid models. The EBM
trained on the initial dataset closely follows the distribution of ICP and exhibits high
translation diversity. In contrast, the model trained on the second dataset shows lower
translation diversity but substantially higher rotational diversity. Hybrid models overall
tend to mirror the distribution of the learned EBM.

further improves performance, with “Ours new data” achieving the highest frequency near high success

rates.

In contrast, the right panel of Figure 5.5 compares our hybrid method against AS-ICP, the Hybrid metrics

baseline, and learning-based methods (energy only, GPD, AnyGrasp). Analytical methods such as AS-

ICP show broad distributions and many low-success cases. AnyGrasp exhibits extreme cases similar to

AS-ICP, while GPD produces a distribution more similar to our best hybrid models.

Both figures demonstrate that our hybrid framework achieves higher mean success rates (Figure 5.4) and

tighter high-performance distributions, indicating greater reliability. However, Table 5.1 shows that for

the very highest success rate thresholds, our method yields fewer near perfect (90%) cases, suggesting

that the inherent stochasticity of the learned component can limit absolute performance in rare cases.
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In Figure 5.6 and Figure 5.7, we present the distribution of samples in terms of rotation and translation

diversity. Diversity is computed as the mean pairwise distance between each successful grasp pose,

using standard deviation for translation and dot product for rotation. The rotation term is weighted by

translation distance, i.e., rotation differences are emphasized more for nearby poses. Because this is

computed from the best grasps of ten trials, it reflects the repeatability of each method.

Figure 5.7 shows the diversity distributions for different hybrid models. Their repeatability patterns

largely mirror those of the underlying learning-based component. In Figure 5.6, the sampling-based

method (GPD) exhibits high diversity, particularly in translation, reflecting its exploratory sampling

strategy. In contrast, the generative approach (AnyGrasp) demonstrates extremely high repeatability,

often producing nearly identical grasp poses. Our best-performing model (Ours new data) strikes a

balance between stability and variability: it consistently selects similar grasp locations on the object

while maintaining substantial variation in approach angles, resulting in higher rotation diversity.

The ablation study confirms that each architectural and data refinement step yields tangible performance

gains. The proposed hybrid optimization framework consistently outperforms its individual components

as well as the established baselines (GPD and AnyGrasp) under the tested conditions of grasping isolated

objects from partial point clouds. The diversity analysis demonstrates that the hybrid method effectively

balances repeatability with pose diversity. Overall, these results validate the proposed deeply integrated

hybrid approach as a robust and effective strategy for grasp synthesis in the target domain.

5.5 Experiments

5.5.1 Simulation

We selected 67 objects from the Google Scanned Objects dataset and captured their point clouds in the

Isaac Gym simulator (Makoviychuk et al., 2021). Some objects were rescaled to ensure that the Franka

robotic arm could grasp them securely—large enough for a stable hold, yet not so small as to fit entirely

within the gripper. All training and optimization experiments were conducted on a laptop equipped with

an RTX 2070 GPU. The grasp pose’s origin is aligned with the known object origin. In real experiments,

the origin is approximated by the centroid of the segmented object point cloud, computed from a stable

reference view to avoid inconsistencies caused by occlusions and changing viewpoints.
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F I G U R E 5 . 8 . Examples of grasp robustness under dynamic testing. Left: A successful
grasp that withstands vigorous shaking. Right: A grasp that succeeds in lifting but fails
when shaken, with the object falling from the gripper (trajectory shown in red). The
green arrows indicate the shaking trajectory applied in both tests.

For evaluation, we compared our approach against three baseline methods—AnyGrasp (Fang et al.,

2023), Grasp Pose Detection (GPD) (ten Pas et al., 2017), and AS-ICP (Zhang et al., 2024)—all of which

generate grasp poses from partial point clouds. While Average Precision (AP) (Fang et al., 2020) is a

standard metric for assessing grasp quality, real-world grasping typically allows only a single attempt.

Therefore, for each method, we generated a set of candidate grasps, selected the top-scoring pose, and

executed it. This process was repeated ten times to compute the average success rate.

It is worth noting that the maximum achievable success rate in our setup is inherently below 100%, due

to both object size constraints and the fixed approach angle for partial observations. As illustrated in

Figure 5.8, even two nearly identical grasp poses on a large box can yield different outcomes—failure

after shaking due to weight distribution.

Simulation results for the 67 objects are shown in Figure 5.9. Our method achieved an average success

rate of 60.9% over 5,360 grasps, outperforming AnyGrasp (31.1%), GPD (48.4%), and AS-ICP (56.6%).

We also achieved higher object-based minimum and maximum success rates, as indicated by the error
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F I G U R E 5 . 9 . Simulation results comparing our approach with baseline methods.
Our method achieved an average success rate of 60.9%, outperforming AnyGrasp

(31.1%), GPD (48.4%), and AS-ICP (56.6%). We also achieved higher object-based
minimum and maximum success rates, as indicated by the error bars.

F I G U R E 5 . 1 0 . Examples of objects and their corresponding point clouds from differ-
ent viewpoints, which can differ significantly.

bars. However, conventional object-level analysis is less meaningful in our setting, since partial point

clouds from different viewpoints can differ significantly (Figure 5.10). For example, Figure 5.11 shows

that there is no obvious visual distinction between object categories with less than 50% success rate and

those above 70%, suggesting that occlusion and viewpoint-specific visibility are key factors.
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F I G U R E 5 . 1 1 . Examples of objects used in simulation that our methods achieves
less then 50% success rate (left) and more than 70% (right). There is no obvious visual
distinction between object categories with less than 50% success rate and those above
70%, suggesting that occlusion and viewpoint-specific visibility are key factors.

Our approach also demonstrates strong generalization ability: although the model was trained on only

the first 41 objects, it achieved a higher success rate on unseen objects (64.6%) than on the training set

(58.6%).

Computation Step Time (s)

Overall computation time (hybrid) 8.77
Model loading time 1.17
Energy gradient computation time 0.458
Overall computation time (original ICP) 2.42

TA B L E 5 . 2 . Computation time breakdown for the hybrid method compared to the
original AS-ICP.

As summarized in Table 5.2, the current computation time (8.77 seconds) is considerably higher than

that of the original AS-ICP (2.42 seconds), despite the simplifications of using a single preshape and

fewer iterations. Likely dominant factors include:

• Iterative Data Transfer: The sequential querying of the EBM and gradient computation within

the SVGD loop may involve repeated and suboptimal data transfers between the CPU and GPU.

• Python Overhead: The research prototype is implemented in Python, which can introduce sig-

nificant interpretation and memory management overhead for tight loops compared to optimized

C++ code.

• Auxiliary Operations: Costs from tasks such as point cloud preprocessing, coordinate trans-

formations, and repeated memory allocations that are not captured in the high-level timing.
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F I G U R E 5 . 1 2 . Average success rate of five grasps for ten objects, where our method
achieves an average success rate of 72 percent.

Thus, the current timing reflects a functional research prototype rather than an optimized deployment

runtime. The performance gap highlights a clear and actionable path for future engineering work, where

profiling, code optimization, and potential CUDA kernel fusion could dramatically reduce latency, bring-

ing the hybrid method’s efficiency in line with its superior grasp quality.

5.5.2 Real Experiment

To validate our algorithm, we conducted experiments using a KG3 gripper mounted on a Kinova arm.

Ten common household objects were selected for evaluation. To ensure perceptual variety, each object

was placed in five distinct orientations. A wrist-mounted Intel RealSense D405 camera captured the

point cloud for each scenario. The raw data was then pre-processed through a standard pipeline involving

bounding-box cropping and voxel-grid down-sampling. Overall, we achieved a 72% success rate across

fifty grasps, as summarized in Figure 5.12. Figure 5.13 displays a single view of each object along with

the corresponding point clouds and generated grasps.

Our algorithm demonstrates robust performance with noisy and partial point clouds and adapts well

to different grippers. However, its performance is bounded by two distinct classes of limitations: fun-

damental sensing constraints and inherent algorithmic constraints. First, the method’s effectiveness is

fundamentally tied to input data fidelity—a constraint shared by all geometry-driven grasp synthesis.

When the perceived geometry is critically corrupted, optimization operates on misleading information.

This explains failures like the Glass Container (g), where transparency causes severe, inherent sensor

noise. Second, beyond these sensing limits, our method faces specific algorithmic challenges. The lower

success rates for the Holder (d) and Mouse (f) highlight two issues:
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F I G U R E 5 . 1 3 . Illustration of the real experiment. For each object, the left panel
shows the camera’s view, the middle panel presents the scanned point cloud with the
grasp pose predicted by our method, and the right panel depicts the KG3 gripper execut-
ing the actual grasp.

• Contextual Noise: Performance degrades with "severe noise near the table," where the algo-

rithm must distinguish object geometry from environmental artifacts.

• Inherited Model Bias: The EBM is trained on data generated by AS-ICP. It therefore inherits

and can amplify its predecessor’s biases, such as a preference for power grasps and reduced

efficacy on flat or very small objects.
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Thus, while the framework is robust to structured incompleteness (partial views), it remains susceptible

to unstructured corruption (severe noise) and the specific geometric biases embedded in its learned

components.

In addition, we performed 20 grasps using AS-ICP on the detergent, washing liquid, holder, and hand-

helping tool, and found that the average success rate for each object was the same as that achieved by

our method.

5.6 Summary and Discussion

In this chapter, we introduced a hybrid grasp synthesis framework that integrates an EBM with ICP to

generate reliable grasp poses from partial point cloud data. The EBM is trained on data produced by the

AS-ICP algorithm and its gradients are incorporated within a SVGD optimization scheme. This design

enables our method to capture both global grasp quality and fine-grained local geometric details.

Through ablation studies, we demonstrated the critical role of structured datasets in training EBMs and

showed that the hybrid formulation consistently outperforms each component when used in isolation.

Experimental results highlight that our method achieves high success rates on both seen and unseen

objects, surpassing several state-of-the-art baselines. Overall, the proposed framework provides a ro-

bust and generalizable approach to grasp synthesis, combining the complementary strengths of analytic

optimization and data-driven modeling.
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Conclusions and Future Work

This thesis addressed the challenge of robust grasp synthesis from partial observations by formulating

it as a rigid shape-matching task between gripper and object point clouds. We developed a hybrid opti-

mization framework that integrates analytical ICP with a learning-based EBM within a SVGD pipeline.

This design leverages fine-grained local geometry for precise contact alignment while using the learned

prior to infer global grasp quality from partial data. The framework demonstrated strong performance in

single-view scenarios, successfully generalizing to object shapes do not present in the EBM’s training

set and surpassing two established baselines (GPD and AnyGrasp) under the tested conditions. Further-

more, parallel computation was incorporated, improving the efficiency of the optimization. The work

establishes a foundation for deeply integrated hybrid grasping methods, with the core limitations iden-

tified—sensitivity to severe perceptual corruption and inherited data biases—providing clear directions

for future work.

This concluding chapter summarizes the key contributions of the thesis and outlines promising avenues

for future research.

6.1 Summary of Contributions and Related Chapters

Grasping as Rigid Shape Matching We formulated grasp synthesis as rigid shape matching using point

clouds of both the object and gripper. This allowed us to utilize the gripper’s SDF for efficient collision

avoidance, reducing dependence on precise object models. Additionally, we introduced a parallelized

SGD-ICP algorithm, significantly accelerating optimization compared to existing approaches.

Grasping with Annealed Stein ICP We proposed integrating SVGD with our SGD-ICP optimization to

provide a robust prior distribution. This hybrid approach reduced sensitivity to initializations around the

object and enabled incorporating prior knowledge and task-specific constraints. Crucially, it generated

96
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a diverse distribution of grasp poses rather than repetitive outcomes typically observed in conventional

optimization.

Stein Energy-Based Grasp Synthesis We developed a novel hybrid framework combining learning-

based (EBMs) and analytical (ICP) approaches within the SVGD optimization pipeline, specifically

tailored for robust grasp synthesis from partial point clouds. We provided a detailed analysis of how

dataset quality and selection impact the learned energy function, highlighting that curated datasets often

yield superior performance compared to larger but less focused datasets. Extensive simulation results and

ablation studies demonstrated that blending optimization methods with data-driven models significantly

enhances generalization and overall grasp quality.

6.2 Future Work

6.2.1 Task-Oriented Grasp Initialization and Evaluation Metrics

Current grasp synthesis methods often rely on general metrics such as force closure, friction, or learned

scoring functions, with initial grasp sampling typically centered around objects. However, this approach

may yield grasp poses unsuitable for specific manipulation tasks. For example, placing a bottle vertically

or horizontally on a shelf requires distinctly different grasps. Although Chapter 4 introduced potential

ways to identify better initial sampling regions, a clear integration with task-specific trajectory planning

remains an open challenge. A promising future direction is combining grasp synthesis explicitly with

task-driven trajectory planning, where trajectory planners provide feasible approach directions used

as initialization regions. Developing evaluation metrics that jointly consider grasp quality and task

compatibility is essential for more effective robotic manipulation.

6.2.2 Data Collection and Processing for Learning

Chapter 5 highlighted the significance of data selection, preprocessing and data bootstrapping, illustrating

that increased dataset size alone does not guarantee improved model performance. This observation raises

critical questions: What constitutes an optimal dataset? Is it possible to achieve high performance using

fewer but carefully selected examples? Furthermore, can we develop a model capable of actively selecting

and weighting data during training to optimize learning efficiency? Future work should explore adaptive

data evaluation strategies, particularly in the context of EBMs, which prioritize meaningful geometric
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relationships over random sampling. Developing algorithms that dynamically assess data relevance and

pair positive and negative samples based on geometric properties could significantly enhance model

learning.

6.2.3 Sensor Feedback Control for Grasping

The core contribution of this thesis is an offline optimization process that computes a high-quality initial

grasp pose from a static observation. Executing this full optimization during the dynamic grasping

motion is computationally prohibitive. However, this does not preclude real-time adaptation. The

framework can transition from a convergence-seeking process to a correction-seeking one. Specifically,

the SVGD optimizer could be applied for a fixed, small number of steps using the latest sensor data.

This would not recalculate a global optimum but would provide efficient, gradient-based corrections to

refine the execution online. These targeted corrections could provide meaningful guidance for training

or augmenting Reinforcement Learning (RL) policies, offering a physically informed bias that could

significantly improve sample efficiency and policy robustness in learning-based control.
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