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Abstract

Autonomous robotic manipulation is fundamental to realizing robots that will assist in homes
and support space operations. This dissertation explores one of the elementary challenges
in robotic manipulation— the ability of a robot to grasp objects that it must manipulate. While
grasping known objects is well-studied, real-world manipulation often involves unknown ob-
jects. This work proposes an object-centric approach to learning vision-based 6-DoF grasp
synthesis, sim-to-real transfer, and perception for dynamic grasping. The first major contri-
bution is GraspLDM, a generative framework that effectively learns and samples from the
complex distribution of object-centric 6-DoF grasp poses for unknown objects. By combin-
ing Variational Autoencoders (VAE) with latent diffusion models, GraspLDM retains benefits
of VAEs while overcoming challenges like prior and posterior gap. GraspLDM achieves
superior grasp quality compared to existing generative models, while affording flexibility of
task-conditional generation unavailable in the latter. The second contribution is Grasp-O, a
modular object-centric grasping system that enables reliable transfer of simulation-trained
grasp synthesis models to physical robots. The system is used to validate sim-to-real trans-
fer of GraspLDM, demonstrating approximately 80% success rate on 16 unknown objects in
different poses across two robotic setups. The third contribution is a novel approach to simul-
taneous 3D reconstruction and 6-DoF pose tracking of unknown objects that can assist dy-
namic grasping. Using object-centric 3D Gaussian Splatting, reconstruction and tracking are
accomplished under a single representation that also interfaces with grasp synthesis models
like GraspLDM. The approach is validated on challenging scenarios involving spacecraft in
unconstrained relative motion. Together, these contributions take a step towards general-

purpose robotic manipulation that will benefit both terrestrial and space applications.






Chapter 1

Introduction

"... we wish to let the computer deal directly with the real world by itself, beginning with
perception of the real world and the appreciation of it and ending with the performance of

a purposeful active task in the real world.”
— Heinrich Ernst [1], 1961

Robotic grasping research has a rich history in both academia and industry dating back
to the 1960s when the first industrial robotic grippers were built. Fascinatingly, the original
idea of the first robotic gripper '"MH-1’ [1]] traces back to 1958 to a seminar by Claude Shan-
non and Marvin Minsky. This was two years after the two, among others, founded the 'Dart-
mouth summer research project on Al' [2] - a landmark workshop that formalized the field
of artificial intelligence. MH-1 was realized under Shannon, in a period inter-weaved with
rapid advancements in robotics and Al between 1957-1974, which also witnessed the birth
of the first artificial neural network [3]. Separately from robotic grippers, the foremost work
on analytical techniques for hand-object interactions that shaped much of the grasp synthe-
sis research was done on the famed 3-finger hand designed in collaboration with NASA JPL,
called the Stanford-JPL hand or the Salisbury hand [4]. Evidently, robotic grasping, artificial
intelligence, and space exploration have been inter-connected from their earliest days.

Today, this intersection takes on renewed importance as we enter an era of expanded
space operations. The new paradigm of space robotics will require the robots to move to-

wards interaction in semi-structured and un-structured environments. Structure refers to the



Figure 1.1: Examples of multi-modalilty and discontinuity in grasp distributions around arbi-
trary objects. Each point represents a successful grasp pose. (Image adapted from [5])

extent of knowledge of the environment models (geometry, materials, dynamics, illumination
etc.) and the level of determinism in predicting its evolution. Semi-structured environments
have some known structure, while unstructured environments have little to no known struc-
ture. From servicing aging satellites to constructing large space structures, from assisting
astronauts to supporting long-term surface operations— the need for autonomous robotic
manipulation in increasingly unstructured environments is critical. The challenges of robotic
operations are further amplified in the space environment, which features sensitive dynam-
ics, harsh visual conditions, communication delays and high reliability requirements.

A fundamental task primitive underpinning robotic manipulation is grasping, which re-
quires a robot to generate and execute restraining contacts on an object. In the real world,
this must be done from noisy observations of the object. When the object is known apriori,
the task is primarily of localizing the object and contacts. Systems designed only for known
objects are inherently limited in both capability and practical use. If robots are to permeate
terrestrial and space-borne environments, from kitchens to space stations, they will need to
work in an environment that is not completely defined and the objects they encounter will
not be a fixed set. This motivates the problem of building grasping systems that will work on
real-world objects.

The complexity of robotic grasping in the real world arises from three key factors that
span both terrestrial and space applications. These factors are primary and precede specific

environmental challenges.



1. Grasp Distribution: There is rarely a single "correct” way to grasp an object and
a robot must reason about all possible ways. Objects typically afford infinitely many
restraining grasp configurations, with a complex distribution that depends on geometry

and material properties. Fig.[1.1] shows examples grasp distribution around objects.

2. Open-set of Real-world Objects: Robots operating in unstructured environments

must generalize grasping strategies to novel objects never encountered during training.

3. Task Context: For long-horizon manipulation grasps must be task-relevant, satisfying
both physical constraints of the manipulation and semantic requirements of the task.

The robot needs to reason about the subset of task grasps from all possible grasps.

The task of reasoning about the distribution of all possible grasps on an object is called
grasp synthesis. Between 1980s to early 2000s, robotic grasp synthesis research was fo-
cused on analytical approaches rooted in contact mechanics and closure analysis. These
methods provided formal guarantees about equilibrium as a function of contact locations.
However, analytical methods proved to be impractical for real-world scenarios due to their
reliance on exact models and simplified assumptions on contact dynamics, material proper-
ties, and environmental conditions. The limitations of analytical approaches led to increased
interest in data-driven methods for grasp synthesis in late 2000s. These methods leverage
prior grasping experience, either from trial and error, human demonstration or simulation.

However, storing and transferring grasp experience to uncountable novel objects requires
learning complex conditional distributions of grasp configurations on local and global geom-
etry. Initially, data-driven grasp synthesis methods employed manually designed represen-
tations and heuristics, which were hard to scale and effective only in limited settings. With
the advent of deep learning and availability of large-scale grasp datasets, learning abstract
representations and models of arbitrary capacity has allowed a new direction for acceler-
ated progress in grasping. Modern approaches can generate successful grasps directly
from partial visual observations of unknown objects, without requiring explicit 3D models
or physical property estimates. This capability is especially valuable for space applications

where detailed models of targets may be unavailable by relying on learned representations
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that maximize the likelihood of a successful grasp given the observation.

1.1 Problem Statement

In this thesis we focus on the problem of vision based 6-DoF grasp synthesis. Given a
visual observation V', we want to generate grasps g € G, where G is the space of all stable
grasps. This space is a non-trivial subset G C SE(3) x R™ in the space of all possible
grasp configurations, where SE(3) is the space of 6-DoF poses of the wrist and n is the
number of internal degrees of freedom available to the gripper fingers. We are interested
in building models of form fy : V. — G or pg(g|V ), where 6 are the parameters of the
model. A rich and rapidly evolving body of literature has emerged around this problem with
a variety of solutions. Recent advances in the field have leveraged deep learning which
provides a remarkably effective framework for parametric modelling of complex functions
from data. Despite this progress, several fundamental challenges remain in developing truly

general-purpose robotic grasping capabilities:

1. Representation Learning for 6-DoF Grasp Synthesis: How can we effectively learn
and represent the complex distribution of good grasps for an open-set of objects?
Deep generative models are promising for efficiently learning such distributions and
availing better generalization outside of training data distribution but are currently chal-

lenging to train and underperform in comparison to other approaches.

2. Sim-to-Real Transfer: How can we ensure that grasping strategies learned in simu-
lation transfer effectively to real-world scenarios? The reality gap in contact dynamics,
sensor noise, and environmental conditions makes this particularly challenging. More-
over, real-world manipulation may require grasping in different environments or subject
to a task. Most current methods are applicable only for table-top and bin-picking appli-

cations.

3. Dynamic Environments: How should grasping systems handle non-static environ-

ments with unknown objects? This is crucial for various tasks from human-robot col-
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laboration to capturing and servicing tumbling spacecraft. Most solutions for grasping

in dynamic environment assume known objects or planar motions.

We focus on the following two research questions aligned with these challenges. These
are developed further in Chapter[2]through a comprehensive review of the literature. Detailed

research questions are available in Section

1. RQ-1: How can a robot reason about the distribution of successful grasps on

objects from imperfect visual inputs in the real world?

2. RQ-2: How can a robot reason about an unknown object moving in 6D space

without prior knowledge of its structure or motion?

1.2 Contributions

This thesis proposes an object-centric framework for unknown object grasping to ad-

dress these challenges with three main contributions:

1. A novel generative modeling framework for 6-DoF grasp synthesis using latent
diffusion that captures the distribution of good grasps. This framework enables
higher quality sampling compared to other generative models while also providing
greater flexibility. The flexibility enables task-conditional generation without re-training
the model from scratch. This framework is designed to be environment-agnostic, with

evaluation done in zero-gravity environments.

2. An open-source system that enables reliable transfer of object-centric grasp
synthesis models trained in simulation to real-world robotic platforms. We inte-
grate necessary elements of the pipeline like instance segmentation, motion planning
and grasp classification for a modern object-centric grasping stack that is effective and
modular. While the stack is designed as ready-to-use application for benchmarking

grasp synthesis with real robots, it is readily adaptable other real-world settings.



3. An approach for simultaneous 3D reconstruction and pose tracking of dynamic
unknown objects using 3D Gaussian Splatting. Our approach uses a unified scene
representation that ties reconstruction, tracking and grasp synthesis task seamlessly.
The approach is validated on pose tracking of unknown spacecraft in non-natural rel-
ative motion, addressing foremost application of grasping in orbital robotics. The ap-
proach is general and provides building blocks for moving towards practical 6-DoF

grasping systems for dynamic environments.

Our work builds upon recent advances in several key areas. First, the emergence of
powerful generative models like diffusion models has enabled learning complex data distri-
butions with unprecedented fidelity. We leverage these advances to better model grasp pose
distributions, moving beyond direct regression approaches. Second, development of foun-
dation models have greatly advanced zero-shot performance on visual recognition tasks
like segmentation in the wild. We use these advancements to support our object-centric
pipelines. Finally, progress in 3D vision, particularly in differentiable rendering and novel
view synthesis, has enabled new approaches to high-fidelity 3D reconstruction and camera
pose estimation. These can be leveraged to move towards grasping and manipulation of

unknown objects in dynamic environments.

Publications

This thesis is based on the following peer-reviewed publications:

1. Barad, K. R., Orsula, A., Richard, A., Dentler, J., Olivares-Mendez, M. A. and Martinez, C.
“GraspLDM: Generative 6-DoF Grasp Synthesis Using Latent Diffusion Models”,
IEEE Access, vol. 12, pp. 164621-164633, 2024,
arXiv: 2312.11243 , 2023.

2. Barad, K. R., Orsula, A., Richard, A., Dentler, J., Olivares-Mendez, M. A. and Mar-
tinez, C. “Grasp-0: A Generative System for Object-centric 6-DoF Grasping of

Unknown Objects”, Springer Proceedings in Advanced Robotics, 2024. (In Press)
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3. Barad, K. R., Richard, A., Dentler, J., Olivares-Mendez, M. A. and Martinez, C. “Object-
centric Reconstruction and Tracking of Dynamic Unknown Objects using 3D
Gaussian Splatting”, in Proceedings of the 1st International Space Robotics Con-
ference, Luxembourg, 2024. arXiv:2405.20104.

Other publications not included in this thesis:

1. Muralidharan, V., Makhdoomi, M. R., Barad, K. R., Amaya-Mejia, L. M., Howell, K.
C., Martinez, C. and Olivares-Mendez, M. “Rendezvous in cislunar halo orbits:
Hardware-in-the-loop simulation with coupled orbit and attitude dynamics”, Acta
Astronautica, vol. 211, pp. 556-573, 2023.

2. Makhdoomi, M. R., Muralidharan, V., Barad, K. R., Sandoval, J., Olivares-Mendez, M.
and Martinez, C. “Emulating on-orbit interactions using forward dynamics based
Cartesian motion”, arXiv:2209.15406, 2022.

3. Barad, K. R., Martinez Luna, C., Dentler, J. and Olivares-Mendez, M. A. “Towards
incremental autonomy framework for on-orbit vision-based grasping”, in Pro-

ceedings of the International Astronautical Congress, 2021.

4. Olivares-Mendez, M. A. et al. “Zero-G Lab: A multi-purpose facility for emulating
space operations”, Journal of Space Safety Engineering, vol. 10, no. 4, pp. 509-521,
2023.

1.3 Thesis Outline

The remainder of this thesis is organized as follows:

« Chapter 2 derives the research questions addressed in thesis through a comprehen-
sive review of robotic grasping literature, from its historical connections to space ex-
ploration through modern learning-based approaches. It examines key developments
in grasp synthesis, focusing particularly on vision-based 6-DoF methods and the chal-

lenges of sim-to-real transfer in both terrestrial and space contexts.
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« Chapter[3|introduces GraspLDM, our generative modeling framework for 6-DoF grasp
synthesis. We present a novel architecture combining variational autoencoders with
latent diffusion models to learn and sample from the distribution of viable grasps.
The chapter includes detailed experimental validation in simulation and analysis of

the model’'s capabilities.

- Chapter[4]details our system architecture for deploying grasp synthesis models in real-
world settings. We present a modular framework that addresses practical challenges
in perception, planning, and control. The chapter demonstrates successful transfer of

simulation-trained models to physical robots, with extensive experimental validation.

- Chapter[5]presents our approach to tracking and reconstructing dynamic unknown ob-
jects, with particular emphasis on space applications. We introduce a novel framework
using 3D Gaussian Splatting that unifies representations between dense reconstruc-
tion, 6-DoF pose tracking and GraspLDM-based grasp synthesis. The chapter includes
experimental validation in dynamic scenarios of spacecraft in unknown non-natural rel-

ative motion.

« Chapter [g] closes thesis with a summary of the research along with a discussion of
future directions that extend the work presented here towards real-world grasping in

unstructured and dynamic environments.
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Chapter 2

Literature Review

2.1 Introduction

Grasping is the fundamental manipulation task of generating restraining contacts on an ob-
ject. The primary challenge in grasping lies in generating contacts that constrain the ob-
ject from moving or slipping under unknown external forces. Successful execution of real-
world manipulation tasks requires robots to establish secure grasps on objects. The Salis-
bury hand [4] introduced the first comprehensive framework for modeling robotic grasping
kinematics using a three-fingered design. This work led to the development of theoretical
foundations based on analytical kinematic, dynamic, and contact models. These analytical
approaches primarily addressed the problem of grasp synthesis—generating object con-
tacts given the hand kinematics and object geometry to ensure security under manipulation
forces. As robotics moved away from strictly controlled environments, limitations of analytical
models were revealed and the research focus shifted towards data-driven methods, which
outperformed previous methods in real-world scenarios. A key feature of modern grasp syn-
thesis is the absence of explicit object models and the use of sensor-based observations of
objects. This shift in perspective away from theoretical guarantees to pragmatic solutions for
tackling the complexity of the real world has been a significant driver of progress in robotic
grasping. More recently, deep learning, generative models and large datasets have allowed

this effort to scale robot grasping in a manner that tackles transfer of grasping knowledge
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Figure 2.1: Organization of the literature review. Blue boxes represent the topics covered
in detalil in this review. Gray boxes complete the context of the classifications but are not
covered in detail.

or experience to novel and unknown objects. Yet, several aspects of grasp synthesis for
autonomous robotic manipulation remain challenging.

This chapter examines the evolution of robotic grasp synthesis as shown in Fig.
with particular emphasis on vision-based 6-DoF approaches. Section 2.2 provides a broad
overview of grasp synthesis methods, examining their classification, historical development,
and fundamental limitations. Section 2.3 focuses specifically on visual grasp synthesis for
unknown objects, highlighting recent advances in deep learning approaches. This chapter
builds upon seminal reviews of analytical methods [6, 7] and data-driven approaches [8, 9],
and extends the discussion on relevant works. Readers are encouraged to refer to these
works for a more complete coverage of the literature. Section 2.5 examines the state of
grasping and perception in space robotics, identifying both parallels with terrestrial applica-

tions and unique challenges that remain to be addressed.
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Figure 2.2: Classification of grasps based on degrees of freedom of the hand/wrist I]QI] (a)
4-DoF or top-down grasps. (b) 6-DoF or free-space grasps

2.2 Grasp Synthesis

Grasp synthesis methods are broadly classified into two categories based on their approach
to generating hand configurations on objects: analytical and data-driven methods. Ana-
lytical methods rely on the kinematics, dynamics, and contact models of the hand, while
data-driven methods learn a model from relevant grasping experience data. A secondary
classification, particularly prevalent in modern literature, considers the degrees of freedom
(six degrees-of-freedom (DoF)) available to the hand/wrist, independent of the finger me-
chanics. This classification distinguishes between 4-DoF and 6-DoF grasps. A 4-DoF grasp
defines a three-dimensional position and an in-plane rotation angle, typically used for top-
down grasping scenarios as shown in Fig. 2.2a In contrast, a 6-DoF grasp represents
the general case, defining the complete six-dimensional pose of the gripper as shown in
Fig.[2.2b

The following sections are organized primarily according to the fundamental analytical
versus data-driven classification. Section [2.2.7] discusses analytical methods, while Sec-
tion [2.2.2] examines data-driven approaches. Within these sections, distinctions between

4-DoF and 6-DoF representations are addressed where relevant to the discussion.
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Figure 2.3: Types of contact models used in robotic grasping [10]. (a) Frictionless point
contact. (b) Hard frictional contact. (c) Soft frictional contact

Object
surface

| 5.9
7 &7

Finger Finger

2.2.1 Analytical grasp synthesis

Analytical methods for grasp synthesis are rooted in the fact that desired physical behavior
for an object under grasp can be derived from kinematic, dynamic and contact models. The
early work in robotic grasping drew inspiration from the analysis of constraining parts in
machine design [11]. The focus was on characterizing grasp contacts and their closure
properties [12]. Each contact of a robot hand or a gripper imparts a set of forces and
torques, which are collectively referred to as wrenches. The wrenches that can be applied
through a contact depend on the frictional properties at the contact interface. The three
types of contact models used for robotic grasping are shown in Fig. The simplest is the
frictionless point contact model, where only normal forces can be applied. More complex
models include frictional point contacts, which can also apply tangential forces according
to Coulomb’s friction law, and soft contacts which additionally transmit rotational moments

around the contact normal.

Closure Properties

Under these wrenches, closure properties mathematically characterize the nature of object

restraint. A grasp under closure can be maintained against any possible disturbance. The
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two types of closure properties investigated in robotic grasping literature are form-closure
and force-closure [6]. A grasp under form-closure is geometrically immobilized, rendering
object motion impossible. Form-closure analysis disregards the kinematics and dynamics of
the hand, instead assuming the gripper and its finger positions are ideally locked in space.
On the other hand, a grasp under force-closure resists disturbances by applying forces at
the contacts. Assuming frictional contacts, the forces applied by the fingers generate friction
forces that avoid motion or slippage under an external wrench up to a limit. Unlike form-
closure’s assumption of static locked joints, force-closure assumes the capability to modulate
internal forces to influence friction forces and balance external wrenches. In force-closure
analysis, bodies are typically assumed to be rigid, and the Coulomb friction model is used.
The Coulomb friction model stipulates that maintaining a point contact requires the total
force at the contact to lie within a cone, determined by its static friction coefficient, with its
apex at the contact point and its axis aligned with the contact normal. For computational
efficiency, the friction cone is approximated by a pyramid with a finite number of faces.
Every force-closure grasp is also form-closure, but not vice versa. For form-closure, a
minimum of four contacts is required for planar configurations and seven contacts for 6D
configurations [13]. Generally, form-closure requires n+1 contacts, where n represents the
degrees of freedom of the object. Force-closure can be achieved with fewer contact points
than form-closure by exploiting frictional constraints at the contacts. These properties are
illustrated for a planar case in Fig. In Fig. the object is form-closed as the object
is immobilized by four contacts. In Fig. the object is not form-closed as the object
still has one degree of freedom. This case is also called partial form-closure. In Fig.
the object can be squeezed between the top and the bottom contact using the screw, thus
increasing the friction and preventing an external force from moving the object to the right.
Therefore, achieving closure with one contact less than in the form-closure case. On the
other Fig. with identical contact location is not force-closed as the movable contact
does not alter frictional forces to prevent rightward motion. For force-closure grasps in 6D

configurations, a minimum of three hard friction contacts or two soft friction contacts [12].
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Figure 2.4: lllustration of closure properties of grasps [12]. (a) Static contacts with form-
closure. (b) Static contacts with partial form-closure. (c) Controllable contacts with force-
closure. (d) Controllable contacts without force-closure

Quality Metrics

Two grasp configurations under force-closure can resist external wrenches very differently.
Various analytical quality metrics have been proposed in the literature to evaluate and com-
pare different grasp configurations [14]. Metrics may associate quality of a grasp with the
magnitude of external wrenches that can be resisted by that grasp. The quality measures
can be associated with the algebraic properties of the grasp matrix [15]. The grasp matrix
relates the external wrenches and contact forces, as well as between contact point velocities
and object twists [6]. Other metrics can be based on desirable geometry of contacts on ob-
jects which include shape of grasp polygon [16, 17], distance of object center of mass from
the polygon enclosed by the contacts [18], the effect of finger positioning uncertainty [19] or
sizes of independent contact regions [20]. An important category of metrics for real world
grasping consider the force limits on finger actuation and seek to minimize the forces that
fingers need to apply for various force-closure grasps. These approaches analyze the Grasp
Wrench Space (GWS), which is a sub-space of the wrench space and defines the convex
hull of all resistible external wrenches under a grasp configuration. The larger the GWS, the
larger the external wrench that can be resisted in any possible direction and better the grasp
quality. This can be quantified using the radius (¢) of the largest sphere in wrench space
fully contained in the GWS [21] or with the volume of the GWS [22].

Other metrics may consider the dexterity of the grasp, which is the ability to move the
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object in a desired manner post-grasping. Dexterity can be evaluated using the smallest
singular value of the grasp matrix quantifying the distance to a singular configuration [23] or
the volume of the manipulability ellipsoid [24]. Metrics may also evaluate how well-suited a
grasp is for specific tasks, such as by considering the ability to resist task-specific forces or
provide fine control in task-relevant directions. A common approach is to analyze the wrench
space (the space of all resistible wrenches) through its volume. A more popular metric called

e-metric analyzes the radius of the largest inscribed sphere centered at the origin [21].

Grasp Synthesis

Using these closure properties and quality metrics, analytical grasp synthesis is a con-
strained optimization problem, subject to kinemodynamics of the hand, object geometry and
properties, and the desired task specification. One class of analytical grasp synthesis ap-
proaches test for possible hypotheses using closure tests [6]. Another class of techniques try
to find a single grasp under force or form closure constraints using linear programming [25,
26|, 27] or cone programming [28, 29], without considering grasp quality. To incorporate
the notion of grasp quality try to find the optimal grasps subject to a quality metric [22]. As
this process is computationally expensive, several heursitics are included to make it more

efficient [30]. Task relevant constraints can also be included in the optimization.

Limitations

Analytical grasp synthesis methods provide guarantees that are generally desirable for safe

manipulation. However, their applicability is limited by the following factors.

1. Simplifying assumptions: Dynamics of hand-object contacts can be complex and
computationally intractable to solve online. Simplifying assumptions like rigid bodies,
point contacts, Coulomb friction and simplified shape models can be brittle in repre-

senting the real world [31].

2. Computation Cost: The effectiveness of analytical methods is conditional on the fi-

delity of the models and constraints. For complex objects and tasks, the optimization
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problem can be computationally impractical to solve online.

3. Knowledge of Models: Analytical methods assume a priori and often exact knowl-
edge of the object properties, geometry and state. This is rarely accessible in the real

world.

4. Performance transfer to the real world: The robotic tasks in the real world are dy-
namic in nature, observed through noisy sensors and controlled with limited precision.
In addition, force equilibrium through closure is often misconstrued as stability [7} |6].
As a result, grasps scoring high with analytical quality metrics can perform poorly in
the real world and human labelled grasps can perform better despite reporting lower

quality [32].

2.2.2 Data-driven grasp synthesis

Data-driven grasp synthesis methods address the limitations of analytical approaches by
leveraging prior experience to overcome explicit modeling requirements. These methods
emphasize robust perception and generalizable representations to maximize success with
noisy real-world sensor data and diverse objects.

The progression toward data-driven approaches began with early work on visual per-
ception for known object localization [33]. Visual feature extraction with heuristics and rules
was then used to generate grasps on similar objects [34]. A parallel line of work used learn-
ing with physical trial and error to develop an online grasping database [35, |36]. Visual
recognition was used to identify similar objects and transfer grasps from the database [34],
while trial and error were initialized for every new object. Learning was also used to pre-
dict grasp quality in [37], where feature-space was pre-defined and the grasp configurations
were selected using heuristics. In these works, the testing was reasonably structured and
often limited in shape and object diversity. Collecting experience data with a physical robot
also limited the density of generated experience data. Data-driven grasp synthesis research
was noticeably accelerated by the advent of grasp simulation tools like Grasplt! [38], which

allowed for physics-based generation of grasp databases for arbitrary robots and objects.
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Bohg et al. [8] classify the huge body of work into three categories based on what these
approaches assume to know apriori about the object. The categorization is based on the
object instance being grasped: known, familiar or unknown. Below, we discuss the literature

in these categories in detail.

Grasping Known Objects

The first category of data-driven grasp synthesis methods assume that the object instance
to be grasped has been seen before. In this case, a database of grasps on the known object
can be generated apriori. Object recognition and pose estimation is used to localize the
object frame. The stored grasps can be transferred to the new object instance by simply
transforming the grasp poses to the object frame. The approaches differ in how they gen-
erate the grasp database and how they estimate the object pose. Several works tackle the
problem of sampling a finite subset of good grasps from an infinite set of possible grasp
configurations [39, |40, 141, 42, 31]. These samples are then evaluated in simulations using
force-closure conditions and e-metric. This brings up the limitations of performance transfer
to the real world [32, 31]. Another alternative is to use human demonstrations to generate
the grasp database [43, 44, |45 46]. Finally, the grasp database can also be generated
by trial and error in the real world and combining it with human demonstrations for efficient
exploration [45, 46]. Once grasp samples are available for object instances, pose estima-
tion is used to localize the object frame, especially in cluttered scenarios. Pose estimation
has been tackled using 2D/3D feature correspondences [47, 48| |49] or learning part-based
models [50].

Grasping Familiar Objects

The second category of data-driven grasp synthesis methods assume familiar objects i.e.
the query instance isn’t known but it shares some characteristics with instances seen in the
grasp database. In this case, the goal is to establish similarity with the known object and

then transfer grasps by comparison. As object instances may have deviations in geome-
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try from the instances in the dataset, discrimination of good and bad grasps also becomes
important. The approaches in this category differ in how they abstract similarity to gener-
ate grasps. One set of techniques establish discriminative relation between features and
graspability. The features used to discriminate good grasp regions from 2D/3D observa-
tions may encode local geometry [51}, |41], local appearance [52, |53] or global shape [54].
All of these approaches use hand-designed feature space and use the features to classify
graspable regions of the object. Alternative set of approaches transfer grasp configurations
from a previously seen object to a similar object using part-level representations [55, 56,
57, 58]. Instead of local features based on geometry or appearance, grasps can also be
transferred between objects of the same category [59, 60]. These techniques assume that
objects with different shapes and appearance within a category afford similar grasps and that
category is either known apriori or is retrieved using object detection or semantic segmen-
tation. All of the aforementioned methods relied on manually designed feature spaces with
limited generalization. With breakthroughs in deep neural networks with high model capac-
ity, feature extraction could be made more robust.In particular, category-specific semantic
keypoints [61, 62] or dense correspondences [63, |64] matching has been used effectively to
transfer grasp experience from training data with high success rates. Category-level grasp
synthesis leveraging semantic features has the advantage that it can be readily employed for
task-specific manipulation beyond pick and place. However, the methods are limited to the
trained categories and may not generalize to novel objects that may not be easily resolved

into categories.

Grasping Unknown Objects

The third category addresses the most general case: grasping completely unknown objects
without prior models or established similarities to known objects. These approaches target
grasp synthesis for an open-set of objects. The goal is to learn local or global representations
that reveal useful structural information about the object from partial and noisy sensor data.
These representations are expected to then transfer to novel objects. Early methods relied

on heuristic mappings between visual features and grasp candidates [65] |66, [67], often
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augmented with auxiliary tasks like shape completion [68} 69, |70] or primitive-based shape
approximation [71] to improve grasp synthesis.

For grasp synthesis on unknown objects, learning effective representations from data is
a key challenge. Consequently, machine learning has been widely used in this category
of approaches to learn arbitrary parametric functions. With proliferation of deep learning in
computer vision, it has become clear that (1) deep neural networks are powerful function
approximators and (2) the representational power and generalization of such neural net-
works scale with the capacity and the amount of good quality data. This has spawned a
new wave of research where models for tasks like pose estimation, grasp generation, grasp
discrimination, grasp execution policy are parameterized as deep neural networks. These
models learn abstract representations subject to a task-specific objective or loss function. A
significant portion of this research considers parallel-jaw grippers due to their wide-spread
availability, simplicity and surprising effectivenes in a broad range of prehensile and non-
prehensile manipulation tasks [72]. Consequently, the gripper state is most commonly pa-
rameterized as the 6- DoF SFE(3) pose of the gripper palm, with optional grasp width as the
seventh degree of freedom.

The emergence of deep learning has transformed this approach through two key in-
sights: (1) deep neural networks are powerful function approximators and (2) the represen-
tational power and generalization of such neural networks scale with the capacity and the
amount of good quality data. This has led to deep neural network parameterization of var-
ious tasks: object pose estimation, grasp generation, grasp quality assessment, and grasp
execution policies. These models learn abstract representations subject to a task-specific
objective or loss function. Much of this research focuses on parallel-jaw grippers, given their
widespread deployment and effectiveness across both prehensile and non-prehensile ma-
nipulation tasks [72]. Consequently, the gripper state is parameterized as the 6- DoF SE(3)
pose of the gripper palm, with optional grasp width as the seventh degree of freedom.

In table-top and bin-picking scenarios, which are prominent grasping applications, the
pose parameterization can be restricted to 4-DoF (three for position and one for orientation)

by considering only top-down grasps. As most objects in these settings can be conveniently
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Figure 2.5: 4-DoF grasp representation (a) Task space visualization of grasp (Image
from [73]). T. is camera pose, T, is the object pose, p is the grasp center point and 6 is
the angle to the y-axis in the image plane (b) Image space representation of equivalent
grasp rectangle in image space (Image from [74]). (u,v) is the 2D image coordinate and w
is the grasp width

grasped from the top, restricting the degrees of freedom of the output pose considerably
simplifies the learning problem. The grasp is most commonly parameterized as a rectangle
in the image space first proposed in [75]. In the rectangle representation, the four degrees
of freedom are expressed using 2D image coordinate of the grasp center, grasp width and
the angle between the major axis of the rectangle and the y axis in the image space as
shown in Fig. The grasp synthesis problem can then be framed as a discrimination
or generation task. Discriminative approaches try to learn the decision boundary between
good and bad grasps or a continuous grasp quality metric corresponding to the probabil-
ity of success. Several early works sample grasp candidates in the image space or from
known object models and use a deep neural network to classify or rank them 77].
Dex-Net is a popular framework which uses a large dataset of 3D object models and
parallel-jaw grasps labeled with analytical quality (e-metric [21]) to train a Grasp Quality Con-
volutional Neural Network (GQCNN). GQCNN model is trained to predict the quality labels
in a supervised manner. The grasp candidates to be evaluated are sampled heuristically in

image space using normals computed from the depth image. One key limitation of Dex-Net
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and similar discriminative methods is the need for expensive sampling in image space to
generate grasp candidates for evaluation. In the second class of approaches, one can learn
to generate grasps by either directly regress grasp configurations [[78] |79] or by generating
dense affordance/quality maps [80, 74, |81]. Generative Grasping Convolutional Neural Net-
work (GGCNN) [74] uses fully convolutional network to generate three dense maps for each
depth input - quality, angle and width. The availability of per-pixel quality, angle and width
values allows selection of grasp location and inference of grasp configuration in a single

forward pass. The speed allows this architecture to be used effectively for planar dynamic

grasping.

Discussion

It is important to note that supervised learning from large and diverse offline data has su-
perseded reinforcement and imitation learning in 4-DoF grasping works. This may be due to
short-horizon nature of this task and relative efficiency of supervised learning as opposed to
reinforcement learning which can be sample inefficient and imitation learning which can be
brittle to domain shift. This efficiency owes itself partly to architectures that exploit inductive
biases offered by the observation space (like CNNs for images) and to the simplicity of ob-
jective functions. Another important observation is the increasing success of transferability
of models trained on simulated data to physical robots in the real world, moving away from
reliance on expensive real-world data collection [82].

We also observe inconsistencies in the literature. Firstly, the term “generative” is often
used to describe models that generate dense affordance maps or quality maps. However,
these models are not generative in the sense that they do not model a generative process,
rather they are discriminative models making dense predictions.

Rapid advances in 4-DoF robotic grasping have been driven by its economic impact in
the fulfilment and logistics industries. The prevalent scenarios involves reliable top-down
grasping of objects from cluttered environments, such as bins or table surfaces. Major com-
petitions, notably the Amazon Robotics Challenge, have catalyzed significant algorithmic de-

velopments in this field [83,184]. These advances have been further accelerated by the devel-
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opment of comprehensive datasets, including Cornell [76], Dex-Net [73], and Jacquard [85],
which have steadily improved in size, quality, and object diversity with a shift towards sim-
ulated data generation. With these key ingredients, architectural innovation for efficient,
generalizable and sim-to-real transferrable representation learning has enabled greater than
95% success rate in these scenarios [78, 86]. Nonetheless, these systems remain limited
for general purpose grasping in countless grasping applications where a canonical view and
grasp approach direction cannot be assumed. Even in table-top settings, not all objects in
all stable poses are graspable from the top using near-vertical approach. Qin et al. [87]
showed that only around 64% of the objects could be grasped from the top (0°-15°) in their
evaluation of over 6000 cluttered scenes. We would therefore like to move towards general
6-DoF grasping, which remains an open problem [9]. In the next section we take a detailed

look at vision-based 6-DoF grasp synthesis.

2.3 Vision-based 6-DoF Grasp Synthesis

In vision-based 6-DoF grasp synthesis, we are interested in reasoning about all possible
grasp configurations around a 3D object. Nominally, this concerns SE(3) pose of the gripper
with respect to the object or another frame rigidly attached to the object. 6-DoF grasp
synthesis problem concerns generating a subset of poses H, C SE(3) that generate secure
grasps around a reference frame attached to the object (O), given a view of the object V € V.
In the case of dextrous grippers, the grasp configurations may have additional joint or contact
parameters. Here, we restrict the discussion to methods designed for grasping unknown
objects with parallel jaw gripper. We focus on the learning problem and primarily review
deep learning methods that benefit from learning useful representations automatically from
data. A key challenge for learning grasp synthesis is non-trivial distribution of grasp poses
in SE(3) space for each object, which can have multiple modes and discontinuities.

It is helpful at this point to outline desirable properties of grasp synthesis for an ideal

grasping system for unknown objects. We are interested in five key properties:
1. Success: The system should generate grasps that are likely to be successful in the
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real world. This is the primary metric for such a system.

. Generalization: The system should be able to generalize to an open-set of novel
objects. It is also desirable to have a system that can generalize to unseen object

poses, other illumination conditions, adversarial noise and occlusions.

. Diversity and Mode Coverage: The system should be able to generate grasps cov-
ering all possible modes around the object. As grasp synthesis needs to integrate into
the broader manipulation pipeline with reachability and other constraints, it is desirable

to have all possible grasp options available.

. Efficiency: The system should be able to generate grasps within reasonable memory
usage and latency. It is desirable to have a system that does not impose extensive pre-
processing requirements like multi-view reconstruction, which can be computationally
and operationally restrictive. It is also desirable to have an architecture that allows
easy control over computational efficiency for different applications. Efficiency also ex-
tends to offline development of such a system like training and data collection, wherein

leveraging simulation is desirable for scalability.

. Flexibility: The system architecture should be adaptable to task and operational vari-
ations. It is desirable to avoid training and developing distinct models for different tasks
with the same gripper. At the same time, we are interested in the ability to extend the

architecture to different gripper types and grasp representations.

A large number of approaches have been proposed to tackle these problems with nu-

merous variations in the choice of input, grasp representations, architecture, hardware and

validation. The input can be a 2D image, 2.5D RGB-D image, 3D point cloud, voxel grid,

neural field or a combination of these with additional information (like normals or semantic

features). In terms of grasp representations, the output can be the SE(3) pose of the grip-

per, a contact-based representation or an abstract multi-view grasp region representation

as shown in Fig. The architecture can be a convolutional neural network, point-set net-

work or a transformer. The validation may be done in simulation, or on a real robot, with
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singulated objects or in cluttered scenes. Classifying these methods based on the afore-
mentioned variations is challenging. Instead, a more meaningful classification can be made
based on the formulation of the learning problem.

We can classify deep learning-based 6-DoF grasp generation methods into one of four
following formulations, where 6 will generally represent the learnable parameters in the re-

spective models.

1. Dense Prediction Methods: These methods learn a model fy : V — A, where A is
the affordance space. The model predicts some measure of graspability or affordance
in the observation, like grasp score per pixel in an image. Alternatively, they may di-
rectly learn the feed-forward map fy : V — Ps(Hy), from the observation space to
a power-set of possible grasp poses. In the former case, the affordance is typically
expressed using a single or multiple scalar values assigned densely in the discrete
observation space i.e. A = RP*M where D represents the dimensions of a discrete
observation space e.g pixels, voxels or points and M represents the affordance dimen-
sions. Affordance can also be stored as a continuous field gy : @ — R using neural
fields [88]. The values generally represent how graspable an object is at a query loca-
tion but may encode other features. These dense maps can then be used to search
for remaining gripper parameters like orientation and width for best possible grasp at
each location. This process may be single stage or multi-staged. Such dense predic-
tion methods generally produce one grasp per query location and are therefore limited

in their coverage of the grasp distribution.

2. Sampling-based Methods: These methods generate grasp poses by sampling from
a distribution and evaluating the quality of the grasp. Sampling can be done explicitly
from a desired distribution, e.g. in the Euclidean space or SE(3) space, and option-
ally using heuristics to guide the sampling. Alternatively, sampling can be done more
efficiently from a learned latent space with generative model pg(H,|z, V), where z is
latent that can be sampled from a prior. If the latent space is structured, the grasp

distribution is stored efficiently in a low-dimensional space which can be sampled flexi-
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bly. These models also implicitly ignore regions of observations that are not graspable,
making them more efficient for generation. The grasp generator stage is followed by
a grasp evaluator which is typically a learned discriminator f,(s|H,, V') that scores the
grasp for quality or probability of success (s € [0, 1]). The challenge in these methods

is training a regularized and structured latent space.

. Reinforcement Learning Methods: Reinforcement Learning (RL) methods typically
focus on control and grasp execution under unstructured observations rather than syn-
thesizing multiple candidate grasps. The goal is to learn a control policy by interacting
with a real or simulated environment through trial and error. The policy 7y : S — P(A)
maps from state space to action space (A or the space of probability distributions over
A) to generate a sequence of actions towards a successful grasps. The state space
S is the set of all possible configurations of the environment. The action space A is
the set of all possible actions/controls that the agent can take. The view V represents
a partial observation of the state. In manipulation scenarios like grasping, the action
space commonly corresponds to the reachable pose space (A C SE(3)). However,
state and action parameterization vary greatly across approaches. System dynamics
evolve according to a partially observable Markov decision process, and the policy
is optimized to maximize expected rewards over sampled grasping trajectories. The
learning process can be sample inefficient and requires intricate reward design. They
also don'’t offer explicit control over grasp selection and are difficult to evaluate for

coverage.

. Imitation Learning Methods: These methods learn grasping policies from expert
demonstrations 7 = (st,at)thl. The policy my : V — A can be learned through direct
behavioral cloning or by first inferring a reward function r, : § x A — R via inverse re-
inforcement learning. Actions typically parameterize end-effector trajectories in SE(3),
with policies trained to replicate expert grasping strategies while managing compound-
ing errors and generalization challenges. These methods are limited by the availability

of expert demonstrations and brittle generalization to novel scenarios.
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Figure 2.6: Grasp parameterizations for 6-DoF grasps of a parallel jaw gripper. (a) SE(3)
pose of the gripper [89]. The object frame is set as the camera aligned frame (X) at the
centroid of the partial point cloud. The grasp is described by the relative pose between
the gripper frame g and X. (b) Contact-based reduced dimension parameterization [90].
Assuming a contact point is visible Vectors a and Erepresent the approach (c) Three image
representation aligned with the Darboux frame of the grasp [91]
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In the following discussion, we exclude reinforcement learning and imitation learning
methods from further discussion. In both cases, explicit control over grasp selection is not
available or limited. Reinforcement learning methods also suffer from sample inefficiency
and reward design challenges during training. Imitation learning methods on the other hand
are limited by the narrow domain of expert demonstrations and brittle generalization to novel

scenarios. We review the state-of-the-art in dense prediction and sampling based methods.

2.3.1 Dense Prediction Methods

Regression of 6D grasp pose directly from RGB-D images was demonstrated in [92] using
a convolutional neural network, albeit for a single grasp pose. Qin et al. [87] demonstrated
regression of multiple grasps of a parallel jaw gripper from a single view of an object clut-
ter. They use PointNet++ [93] as the backbone to simultaneously regress grasp poses and
predict per-point grasp quality map. Their method is able to generate grasps with 77% suc-
cess rate on four cluttered scenes of up to 10 out of 30 unseen objects in the training set.
Zhao et al. [94] extend this work by adding additional stages that predict approach direction
and approach angles. Fang et al. [95] propose a new dataset (GraspNet-1billion) contain-
ing 1.2 billion grasp annotations of 88 objects in clutter along with a multi-stage network to
generate 6-DoF grasps from a single-view point cloud. PointNet [96] backbone is used to
extract per-point features and predict graspability of the point and quality of the pre-defined
set of approach vectors relative to that point. The approach vectors are then grouped into
cylindrical neighbourhood regions and the in-plane rotation, gripper width and grasp quality
are predicted for each region using multi-label classification. Additionally they predict tol-
erance of each grasp to predictions. The evaluation reports average precision in the test
scenes of their dataset with respect to the ground truth labels. No real tests or success
rate is reported. Such multi-stage networks require supervision on intermediate outputs in
addition to the grasp pose. Gou et al. [97] use the same dataset and take a similar approach
of decomposing orientation prediction into two prediction stages, one each for an approach
vector and an in-plane rotation. The latter stage uses heuristic search instead of learned

network. They suggest that using an RGB images makes grasp predictions more robust in
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Figure 2.7: Point-based grasp synthesis pipeline in Contact-GraspNet . The network
directly regresses a reduced dimension representation of the grasp pose using a PointNet++
backbone.

the presence of noise in depth images compared to [98].

Sundermeyer et al. highlight that approach vector predictions are ambiguous per
contact and may not capture thin, curved and hollow regions on the objects well. Instead,
they propose a contact-based reduced dimension representation that is directly regressed
using a PointNet++ backbone as shown in Fig. [2.6b] This representation is shown in
Fig. They directly supervise positive contact points and gripper width, while using ad-
ditional control point supervision as a proxy for the grasp pose. The network is trained on
table-top scenes synthesized from the ACRONYM dataset, which is generated in simu-
lation. While meant for cluttered point cloud as an input, it can use object masks to generate
higher density grasp candidates around individual objects. They demonstrate 90% success
rate in real world tests significantly outperforming the relevant sampling based methods on
9 cluttered scenes containing a total of 51 novel objects.

Apart from point-based representation, volumetric representations have also been used
for dense prediction. Breyer et al. propose Volumetric Grasping Network (VGN) that
takes a voxel grid containing truncated distance to the nearest surface. This TSDF repre-
sentation is integrated from six views around the clutter and predict grasp quality, orientation
and width per voxel. The training data is generated in physics-based simulation and transfer
to real world demonstrating 80% success rate in tests containing 12 unseen objects in 10
random cluttered scenes. As opposed to explicit volumetric representations, one can also

encode shape information with implicit representations. When parameterized as neural net-
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Figure 2.8: Volumetric grasp synthesis pipeline in Grasp detection via Implicit Geometry and
Affordance (GIGA) [100] that learns to extract structured features in a 3D grid from a TSDF
of the scene. The features are used to predict grasp quality, orientation and width per voxel
using neural fields.

works, they are called neural fields as they represent a continuous field of values. Neural
fields are appealing are appealing for 3D reconstruction and geometric understanding as
they are continuous and differentiable. Neural fields have gained popularity in various visual
computing tasks recently [88] Van der Merwe et al. [102] first proposed learning a neu-
ral Signed Distance Function (SDF) to aid grasp quality prediction for a multi-fingered hand.
They use synthetic data to first train a neural SDF model. The global shape embedding from
the feature extractor is then used to predict grasp quality, for a sampled configuration. They
configuration for which they predict grasp quality contains gripper pose and arm joint an-
gles. Since the neural SDF is continuous and differentiable, configuration in collision can be
moved to a non-collision region using gradient descent on desired configuration parameters.

Instead of learning a global descriptor, Jiang et al. [100] propose Grasp detection via
Implicit Geometry and Affordance (GIGA) which extract a feature per voxel in a voxel grid
enhancing local context. They suggest that simultaneously learning geometry prediction
and grasp prediction using neural fields conditioned on local descriptors improves grasp

generation. The pipeline is shown in Fig. The TSDF is generated from a single-view
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image and 3D features are extracted per voxel using a 3D convolution network. Neural fields
are then used to (1) predict grasp quality, orientation and width and (2) predict occupancy,
per voxel using the positional embedding of the local 3D feature and the voxel’s 3D location.

The main limitation of using neural fields to encode geometry is that the highest affor-
dance locations are not explicitly available and need to be sampled. The computational
cost of architectures like GIGA grows significantly with the resolution of the input feature
grid, both for feature extraction and for evaluating implicit functions at each location. This
limitation extends to other methods that use voxel-grids and 3D convolution architectures.
Overall, all the methods discussed in this section are limited in their coverage of the grasp
distribution as they generate only one grasp per query location. More recent works like Im-
plicit Grasp Diffusion (IGD) [103] has sought to improve the multi-modal coverage of grasps
in architectures like GIGA. Instead of directly regressing orientations per voxel, IGD using
a diffusion model to conditionally generate a suitable orientation [103]. However, sampling

complexity issues remain pertinent.

2.3.2 Sampling-based Methods

Early sampling-based methods used Euclidean sampling to generate grasp candidates around
an object and then evaluated them using a data-driven discriminator that predicts the grasp
quality. Translation component of the grasp pose can be sampled around points of a point
cloud. The approaches vary in how they sample the grasp orientations at that location.
The orientations can be sampled randomly [104} [105, 1106, [107] or with the aid of surface
normals [108, [109]. To reduce the number of grasps to be evaluated, infeasible grasps in
collision or in free space without any points in the finger sweep region can be discarded
based on heuristic checks. ten Pas and Platt [110] use a set of geometric constraints for
generating samples on an object point cloud more efficiently. The grasp poses are sampled
for each point in the point cloud, such that for each sample pose the body of the gripper is
not in collision and the closing plane of the hand is parallel to a plane defined by the surface
normal at that point and the principle direction of minimum curvature at the point. The frame

defined by these two directions is called the Darboux frame. To classify the candidates, they
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use a descriptor based on Histogram of Gradients (HoG) features and train an SVM model
on a dataset of 18 objects. On single-view point clouds, they report 85% success rate on 23
test objects and 66.7% success rate on seven objects in the test set that they consider 'hard
to see’. ten Pas et al. [91] improve on this approach by using a deep convolutional neural
network instead of hand-crafted features for classifications. They use the same sampling
strategy and feed the classifier with three views of the object from three principal directions
of the Darboux frame. The proposed method, called GPD, is the first 6-DoF grasp genera-
tion method that is widely used in the community. This is because the authors provide an
open-source ROS package with integration in the Movelt! [111], a popular motion planning
framework. The sampling strategy was also utilized in other works [112, 113, [114]. The
main limitations of these methods are the latency for sampling candidates and the need for
a large number of samples to cover the grasp distribution. Additionally, they require nor-
mal computation which adds to the computational complexity and is challenging to compute
accurately for noisy point clouds and especially on thin and hollow regions of the objects
like mug rims, plates and bowls. To make the candidate sampling efficient, one can model
the grasp generation problem as a generative process and learn a distribution of successful

grasp poses.

Generative Models

Veres et al. [115] first proposed using a deep generative model to address multi-modal grasp
coverage and dense sampling. Although they use a multi-fingered hand and evaluate in
simulation, they show that a Conditional Variational Autoencoder (CVAE) [116] with a convo-
lutional backbone can more effectively learn a distribution of grasp contacts conditioned on
input RGB-D images compared to other methods including feed-forward CNNs. Mousavian
et al.[89] to learn a point cloud conditioned distribution of successful parallel-jaw grasps in a
continuous latent space. The advantage of learning a low-dimensional latent space, if it is
well-structured, is that sampling can be done very efficiently and continuously. The CVAE
encoder is based on PointNet++ and the input is the partial point cloud where each point is

associated with feature vector which contains grasp pose. The decoder takes in a randomly
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sampled latent along with the partial point cloud. The decoder conditions the latent on the
point cloud information and generates a grasp pose parameterized by three elements of
translation and four elements of unit quaternion. While the VAE is successfully able to cover
multiple grasp modes, VAE alone provides a large fraction of unsuccessful grasps when ex-
ecuted. Consequently, additional online optimization stages are used for pose refinement.
Murali et al. [117] builds upon [89] with an additional stage of collision checking using a
learned network. The main limitation of these methods is complexity of training, inefficiency
of the architecture and lower success rates compared to dense prediction models [90]. The
lack of performance may be justified by limitations of a naive VAE that have been highlighted
in the generative modelling literature [118]. Several solutions like KL annealing have been
proposed [119] to improve sample quality in VAEs, but have not be employed in the context
of grasp synthesis.

Recently a new class of generative models called Denoising Diffusion Probabilistic Mod-
els (DDPM)[120] have gained significant popularity for learning complex distributions for
high-fidelity image and point cloud generation. Score-based Generative Model (SGM) is an
equivalent formulation of diffusion models based on Tweedie’s formula [121], where model
learns to represent the data distribution with a Fisher score function and generates sam-
ple through Markov Chain Monte Carlo techniques like Langevin dynamics. Both DDPM
and SGM can be generalized with Stochastic Differential Equations (SDE)s [122] and are
equivalent formulations differing in implementations. Intuitively, the generative process is a
sequential process, which at each stage takes a noisy sample and de-noises it such that
the log likelihood of the data increases. Diffusion models can also be seen as an extension
of hierarchical VAE with Markovian relation between hierarchical latents of identical dimen-
sions. Diffusion models are highly expressive and overcome limitations of VAE like posterior
collapse and prior gap. They are also significantly simpler to train. For grasp pose genera-
tion, Urain et al. [123] use the SGM formulation and learn a scalar field that represents the
energy of the data distribution. Score is represented as the gradient of the energy function.
This kind of scalar cost formulation allows grasp synthesis to be included in multi-objective

optimization problem. In this case, they show joint grasp and motion optimization. From

34



a grasp synthesis perspective, their models demonstrate refinement of randomly sampled
SE(3) grasp poses to low-cost (good grasp) regions. However, the analysis only presents
learning on full point clouds of a single category and the real-world tests use ground truth
pose of the object. Further, Langevin-type sampling is slow and the model needs to be re-
trained for downstream tasks. Diffusion models have also been utilized for dexterous grasp
synthesis [124], but rely on the availability of the object model.

Overall, generative models are appealing as they can learn a data generating distribu-
tion and hopefully also the causal factors affecting the generation process. They also tend
to be efficient learners in limited data settings with better generalization. Latent variable
models also facilitate efficient sampling. However, they have not been investigated com-
prehensively. Recent dense prediction models have criticized sampling based methods for
being slow. However, CVAE in [89] without post-processing can generate grasp candidates
and classify them under 100ms unlike other sampling-based methods. Diffusion models
are also promising for improving coverage and accuracy of grasp synthesis. Another clear
limitation of existing approaches is the focus on task-relevant grasp synthesis that can aid
long-horizon manipulation tasks. Very few works tackle task oriented grasping [125] 113
126] and are detached from unconstrained grasp synthesis models. This means that we
need to choose between unconstrained and task-oriented grasping models. Moreover, each
has to be trained from scratch when task context changes. Given that task-specific grasps
are a subset of all possible grasps, it is desirable to have a model that is amenable to both
unconstrained and task-specific settings and does not require a different architecture or
expensive training from scratch. Conditional generation with latent diffusion models [127]
present some promise in this direction. Consequently, there is a need for exploring the po-
tential of generative models and the design space between VAE and diffusion models for

accurate, multi-modal and flexible 6-DoF grasp synthesis.

2.3.3 Datasets

Datasets are a crucial component in all the aforementioned methods. This data can be ac-

quired from trial and error in the real-world, manual annotation or simulation. The first two

35



Dataset Observ. Labels Grasps Objects Grasps/  Scenes
(Cat.) Ob;j.

Parallel-jaw grasps \
Dex-Net 1.0 [73] Sim Analytical 2.5M 13252 ~250 Single
Eppner et al. [5] - Sim 1B 21 47.8M Single
GraspNet 1-Billion [95] S+R Analytical 1.1B 88 12.5M Multi
EGAD! [128] Sim Analytical 233k 2331 100 Single
ACRONYM [99] Sim Sim 17.7M 8872 (262) 2k Single+Multi

Multi-finger grasps \
Columbia [40] - Analytical 238k 7256 (161) ~32 Single
Kappler et al. [129] Sim Manual+Sim 300k 700 (80) ~430 Single
Veres et al. [115] Sim Sim 50k N/A (64) N/A Single
Unigrasp [130] Sim Sim 2M+ 1000 N/A Single
DexGraspNet [131] Sim Sim 1.3M 5355 N/A Single
Grasp’D-1M [132] Sim Sim 1M 2350 N/A Single
MultiDex [124] Sim Sim 436k 58 N/A Single

Table 2.1: Comparison of datasets for 6-DoF grasp synthesis

sources are expensive and harder to scale for effectively training general-purpose deep neu-
ral network models. Moreover, the need for high-resolution grasp coverage supports the use
of simulation where grasp configurations can be sampled with high resolution. Consequently,
simulation has been the most common approach for generating large scale datasets. Most

commonly used datasets for 6-DoF grasping are enumerated and compared in Table [2.1]

Columbia [40] was the first large dataset of 6-DoF grasps featuring 238,737 form-closure
grasp annotations on 7256 objects from Princeton shape benchmark [133]. Among these
grasps, 171,158 are annotated for 3-finger Barett hand and the rest for a human hand.
The grasps are sampled from a low-dimensional subspace called eigengrasps [134] and
evaluated for analytical e-metric and volume metric for GWS from [21]. New samples are
generated as random samples in the neighbourhood of existing good samples using simu-
lated annealing as in [134]. The grasp annotations are associated with 3D objects, instead
of visual observations, requiring off-the-shelf renderer for training vision-based models.

One common strategy to sample candidates is to guide the sampling based on approach
direction. Most commonly, a point on the object is sampled and the approach direction can

be set to the direction of the surface normal. Alternatively, the approach vector can be more
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flexibly sampled by relaxing the direction to be constrained by two cones (a and j) at the
gripper frame and the query pont respectively as shown in Fig. A stand-off distance
from the gripper surface is chosen to avoid collision and the hands rotation around the ap-
proach vector is sampled uniformly. Kappler et al. [129] use this scheme to create a dataset
for 6-DoF grasps for the 3-finger Barett hand with only one pre-shape configuration. They
use OpenRAVE [135] simulation to generate point clouds and surface normals from object
meshes. The query point is sampled by casting rays from a bounding box and selecting
the intersections. The approach direction is set to the direction of the surface normal and a
total of 16 grasps are annotated per point. The grasps are labeled with analytical e-metric
as well as a physics-based stability metric that simulate finger contact forces and collision
under perturbation. The dataset provides 300,000 grasp annotations on 700 objects of 80
categories. The physics-based metrics are validated using human feedback on images of
grasp annotation, assuming humans to be optimal predictors. They establish high correla-
tion between success predicted by the physics-based stability metric and human prediction,
justifying the use of simulation for scalable grasp data generation. The dataset is limited in
grasp pose density (as rotations are sampled at 45 deg intervals per point) and assumes a
single hand pre-shape configuration. Additionally, sampling grasp poses with normals is not
reliable on thin and hollow regions of objects like mugs and plates. Veres et al. [115] pro-
pose a similar simulation-based approach but with a sampling scheme that samples grasp
at a finer resolution. They use Barett hand in V-REP [136] simulator to label 50,000 grasps
on objects from 80 categories. This dataset uses a parallel finger pre-shape configuration
for the Barett hand. However, since the contact computations in simulation use multi-finger
contacts, we classify it with multi-finger grasping datasets in Table [2.1] The approach-based
sampling scheme is used most-commonly in multi-finger grasp data generation. However,
simpler methods like uniform sampling have also been used. More recent work like Shao et
al. [130] scale the multi-finger grasping data to 12 different two and three fingered hands and
1000 objects. The sampling is done by uniformly sampling two and three finger contacts in a
point cloud, filtered with heuristics, checking force closure condition and using inverse kine-

matics of the hand to generate gripper configuration. Wang et al. [137] use a five-fingered
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Figure 2.9: Representations of grasp sampling schemes used for dataset generation [5] (a)
Approach-based sampling (b) Antipodal sampling

shadow hand and use differentiable optimization with initialization heuristics. Li et al [124]
use similar approach to build MultiDex dataset that provides annotations for five different
grippers with between two to five fingers. Turpin et al. [132] develop a differentiable simula-
tion that allows gradient based optimization. Using this they generate Grasp’D-1M dataset
of one million grasp annotations across three grippers with two, three and four fingers.

For parallel jaw grasping Fang et al. [98] use approach-based sampling to generate
Graspnet-1billion. The dataset contains grasp annotations on cluttered scenes of 88 ob-
jects combining existing datasets and other novel objects. The grasp pose sampling is done
in simulation using mesh models and each grasp is associated with an analytical score that
corresponds to (1.1 - u), where p is the friction coefficient discretrized and sampled at inter-
vals of size 0.1. This means that the grasp with force-closure at the lowest friction coefficient
is a better one. The sampled grasps are then transferred to real world cluttered scenes.
Each cluttered scene contains 10 random objects and RGB-D images are collected from
256 view points from each camera and 6-DoF poses of the objects relative to the camera in
the clutter are annotated for each view. The sampled grasps are transformed and filtered for
collision. This results in 1.1 billion positive and negative grasp annotations on around 95000
RGB-D images of 190 cluttered scenes. They also introduce average precision metric for
quantifying grasp generation performance that is the precision of top-K grasps subject to a

friction coefficient. This evaluates how much coverage grasp generation provides for force
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closure grasps at various friction levels.

Another approach is to sample points on the surface of the object and search for a point
with the farthest intersection on the object such that the line connecting the two lies within
the two friction cones («) as shown in Fig. This scheme is called anti-podal grasp
sampling. This approach is most common for parallel-jaw grasping and difficult to scale for
multi-finger grasps as the mapping from gripper configurations to contact locations is not
bijective (one-to-one). For parallel jaw grippers, Dex-Net 1.0 [138] was the first large dataset
with 2.5 million grasp annotations on around 13,000 objects. The grasp candidate sampling
is accomplished by randomly sampling a point on the surface of the object followed by ran-
dom sampling of the finger sweep direction. The candidate is filtered with anti-podal check
which asserts that the line joining the contacts lies within the friction cones of the contacts.
The grasp quality is then labeled as the probability of force closure. Similar to [129], the qual-
ity label takes into account the real world uncertainty that arise from sensor noise, imperfect
calibration and actuator precision. The dataset does not contain any observations and cov-
erage of the grasp distribution is limited by the random sampling strategy. This dataset is
extended in Dex-Net 2.0 [73] by including depth images, but is restricted to planar 4-DoF
setting. Morrison et al. [128] use the same approach as Dex-net 1.0 but focus on generating
a dataset of grasps on adversarial object shapes using evolutionary shape synthesis.

Eppner et al. [9] study the effect of sampling scheme used to generate a dataset on
grasp coverage and precision. They outline three results from their analysis on various
schemes. First, heursitics used in sampling introduce high bias and suffer more from lack
of grasp coverage. Second, the anti-podal scheme provides noticable more coverage with
fewer samples than approach based at lower number of grasp samples (j100,000). On
the other hand, approach-based schemes reach significantly higher coverage asymptoti-
cally. Third, the probability of grasp samples is higher with less samples using anti-podal
sampling, while approach-based sampling again benefits from asymptotically higher proba-
bility of success at high number of samples. Using these insights, Eppner et al. [99] build
ACRONYM dataset. The dataset contains 17.7 M parallel-jaw grasp annotations on 8872

objects from 262 categories of ShapeNetSem [139] dataset. ShapeNet dataset is one of
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Figure 2.10: Examples of diverse object shapes from ShapeNetSem data used in
ACRONYM dataset

the most diverse and widely used datasets for 3D vision and learning. ShapeNetSem is
a subset with physically meaningful parameters associated with the objects. Figure [2.10]
shows examples of object shapes in the dataset. Grasps are sampled using the antipodal
scheme and evaluated in FleX [140], a particle based physics simulation. The evaluation
starts with a pre-grasp state at the grasp pose with maximum gripper width corresponding to
the Franka hand. The fingers are closed using force-control up to a force threshold. Finally,
the object is shaken along all axis to assert stability. Stability is a more desirable property
compared to static equilibrium as asserted by force-closure tests used in other datasets.
The use of FleX for generating grasping data has also been validated in a separate study
by Danielzcuk et al. [141], which demonstrated 86% (highest) average precision of grasps
labelled by FleX from 2625 attempts with a real robot. Each object instance in ACRONYM
contains 2000 grasp annotations based on success or failure in the simulated evaluation.

The authors also release a libary that supports procedural generation of cluttered scenes,

40



collision checks and rendering. This allows versatality to assess both object and scene-level
grasping with or without cameras. This flexibility along with diversity of object categories and
density of grasp annotations makes ACRONYM a unique dataset for studying vision-based
grasp synthesis. Sundermeyer et al [90] show that models trained on this dataset transfer

well to the real world.

2.4 Dynamic Grasping

A key limitation of all the aforementioned methods is that they are restricted to static objects.
They assume that the object does not move between acquisition of the visual observations
and the conclusion of grasp execution. In many settings, robots must grasp objects that
are moving. An important application is human-robot handovers [142] which is relevant
for terrestrial and space-borne settings. In other cases, objects may be moving due to
natural dynamics of the environment and/or external forces. For instance, grasping objects
on conveyor belts [143], grasping objects floating on-board ISS [144] or grasping spacecraft
under relative orbital motion [145]. The literature is relatively sparse for dynamic grasping.
Houshangi [146] first described a system for grasping of moving objects. Kragic et al. [147]
demonstrated a method for dynamic multi-finger grasping of a known object using feature-
based visual servoing and in-the-loop generation of reachable force-closure grasp using
Grasplt! [38]. Several works have followed this scheme with known objects [148, (149, 150,
151], where grasp generation can be done apriori and transformed per online pose estimate.
In this case, planning and control are reactive but the perception is not. For unknown objects,
the perception system needs to be reactive, generating and improving grasp predictions in
the loop with incremental visual observations. Broadly, we can classify dynamic grasping
methods for unknown objects into two categories depending on whether grasps or object is

tracked.
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2.4.1 Unknown Object Grasp Tracking

These methods extend single-frame grasp generation methods discussed in Section 2.2 with
temporal tracking of the grasps or semantic grasp features in subsequent images. Morrison
et al. [74] use their GGCNN in a closed-loop grasp tracking system with pose-based visual
servoing. Since GGCNN inference is fast (6ms), they repeatedly generate grasps for each
depth frame at 30Hz. At each subsequent frame, top quality grasps are filtered around the
maxima of the quality map and select the one closest to the grasp chosen at the previous
frame. This system works demonstrates between 80% and 90% success rate in various
settings. However, it is restricted to planar motion of the object as GGCNN is 4-DoF grasp
prediction model. In such planar settings, the view of the object stays relatively similar across
the image sequence and grasp pose variations are minimal, allowing consistent tracking of a
single grasp. However, the view of the object can change rapidly in 6-DoF motion, occluding
initially visible regions of the object and revealing others. This grasps and their predicted
quality on visible surfaces may change rapidly. Moreover, the grasps predicted later in the
image sequence may cover a different mode of the grasp distribution compared to the initially
generated grasps. In 6-DoF dynamic grasping, these aspects must be taken into account.
Rosenberger et al. [152] extends this approach to human-to-robot handovers in free space
with additional object detection and hand segmentation. However, the grasp object motions
in the experiments are limited by planar grasp prediction capability of GGCNN.

Yang et al. [153] address dynamic 6-DoF grasping for human-to-robot handovers by ex-
tending the 6-DoF-GraspNet model from Mousavian et al. [89]. A camera mounted statically
observes the workspace containing the human, the object and the robot. It crops the region
of the workspace with object heuristically using a hand tracker followed by a segmentation
network to segment the object point cloud. This point cloud is used to generate grasps
once. Assuming minimal motions of the object, they refine the grasp at every iteration using
Metropolis Hastings sampling of the grasp poses based on inferred poses. Practically, this
means that the grasps generated at the first time step are perturbed in the next frame and
quality of initial grasp and perturbed grasps are evaluated on the point cloud. The grasp with

higher probability is selected and the procedure is repeated at every step. They assume that
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larger motion will result in grasps that are colliding or in free space. When this occurs, they
re-sample the grasp on the new partial point cloud. Reimanninan motion policies [154] are
used for motion generation along with RRT-Connect [155] for configuration space planning.
The selection of grasp to be executed is based on a weighted score that encourages selec-
tion of the current best grasp closer to the previously selected grasp and closer to the home
configuration of the robot. The system is less robust to more continuous changes in the
object pose and needs to go back to home position when randomly sampled grasps around
initial grasps are no more valid (non-colliding and object between fingers) i.e. under larger
perturbations. Sample quality is also limited by shortcomings of the 6-DoF GraspNet model
discussed in Section 2.3.2.

To relax the assumption of small motions of the object between frames, Fang et al. [98]
establish feature-metric similarity between grasp poses predicted continuously in a frame
sequence. The grasp features after the last layer in their AnyGrasp model are stored in
a buffer at each frame. At the subsequent frame, a cosine similarity matrix is established
between the features of the current and the previous frame. The similarity is supervised
using a contrastive loss [156] to encourage features of similar grasps to be closer. The
camera is attached on the wrist and the robot tracks the grasp pose using pose-based
servoing. More recent work by Liu et al. [157] extend this temporal feature-metric association
of grasp poses beyond two consecutive frames using memory-augmented refinement stage.
In both cases, impressive results are shown on relatively fast moving objects. However, the
scenarios are restricted to planar motions. In 6-DoF motions, establishing correspondence
and reducing target pose jitter while accomodating mode shifts and view changes remain

pertinent.

2.4.2 Unknown Object Pose Tracking

Instead of trying to track grasps or grasp features, these methods track objects or object fea-
tures. Marturi et al. [158] track object by registering object point clouds and provide a good
framework for grasp re-planning in the loop. While the object is not strictly known apriori,

they scan the object from four views and pre-process a reference object point cloud. Grasps
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are generated using grasp experience transfer method from Kopicki et al. [159], although
they need to be pre-generated on the scanned point cloud before the object undertakes any
motion. Using an object model reconstructed from multiple views can improve grasp gen-
eration, especially for grasps that are on partially visible regions, as more unique views are
included. Such an approach also allows grasp generation to operate at a lower frequency.
Lower frequency in turn allows for less jitter in grasp pose and quality predictions, as long
as pose can be estimated reliably.

The problem of simultaneous reconstruction and tracking, closely relates to the broader
research on SLAM. However, SLAM approaches most commonly assume a static world and
aim to map and localize a moving camera within the scene [160, 161]. Sparse map recovery
can achieve relatively fast localization of a moving camera. However, the sparse map is
less useful for tasks beyond localization. To address this, dense SLAM approaches [162,
163] produce dense maps with point or voxel-based representation. However, mapping and
localization are more difficult, if the objects in the environments move. Dynamic SLAM and
object-centric SLAM methods relax the static world assumption by segmenting the object
and registering a frame-to-model colored point cloud [164] using iterative closest points [165]
estimation. These methods often use discrete point cloud representations that can be
harder to optimize and may not capture high-fidelity details. Recent advancements in 3D
reconstruction have enabled the recovery of high-fidelity models from images using differen-
tiable rendering. In particular, neural fields [166] can be used to create a dense map of the
scene [167, 168]. Neural fields have been used for object-centric reconstruction and track-
ing with RGB-D vision [169]. However, neural representations are bottlenecked by expensive
sampling along pixel rays as they encode a volume implicitly. On the other hand, 3DGS [170]
provides a new representation that enables high-speed forward rendering and the benefits of
dynamic manipulation of point-like 3D Gaussian primitives. This representation has enabled
state-of-the-art performance in dense SLAM [171, 172, |173], for large but static scenes.

A key design advantage in leveraging incremental object-centric reconstruction along
with tracking is that grasp generation accumulates more information about the object over

time, revealed naturally due to the relative object motion. In addition, frame-to-model reg-
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istration enables global consistency that is robust for longer term grasp tracking. Recent
advancements in using radiance field representation for SLAM [174] motivate the investiga-

tion of such representations for object-level 6-DoF tracking and grasp generation.

2.5 Vision-based Manipulation and Grasping in Space

Since the dawn of the space exploration, the use of visual sensors has been commonplace
in both human and robotic spaceflight. While initially used for photography and scientific
data [175, [176], '’engineering’ cameras E] quickly grew in use for navigation in interplan-
etary missions [177, [178], rendezvous, proximity operations and docking [179, [180] and
surface operations [181,/182]. The use of cameras for robotic manipulation in space started
with Shuttle Remote Manipulator System (SRMS) [183] aboard the space shuttle and the In-
ternational Space Station (ISS). SRMS used wrist and elbow mounted cameras were used
to assist astronauts in teleoperating the arm to perform inspection, berthing and deploy-
ment of shuttles, station modules and other spacecraft. Manual teleoperation with camera
feedback remains pervasive aboard the ISS even through successive generations of on-
board robotic arms [184]. Since ETS-VII [185], the use of intelligent robotic manipulation in
orbit has shifted towards On-orbit Servicing, Assembly, and Manufacturing (OSAM) applica-
tions. ESA’s robot vision tests onboard ETS-VII already tested the use of feature detection,
pose estimation and 3D reconstruction for vision-based manipulation in servicing applica-
tions [186]. Although, with the exception of Orbital Express [187], no other missions have
since flown with robotic manipulators.

Capture and servicing of uncooperative targets remains a key long term challenge for
OSAM [188]. As robotic manipulators are suitable for controlled berthing of such uncoopera-
tive targets, tracking the targets precisely before interaction or grasping is a key pre-requisite
along with tasks like visual servoing [189]. Another important problem area in OSAM is han-
dling of diverse objects that are not pre-defined and hence need not be manufactured in

strict conformance to a tool interface. Here, on-board grasp synthesis from visual observa-

'In space missions, intrumentation not collecting scientific data is commonly classified as engineering hard-
ware.
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Figure 2.11: Visualization of Launch Adapter Ring capture (adapted from [193])

tion becomes a crucial problem. The latter is also critical for expanded surface operations
supporting build up of larger presence on the Moon [190] and Mars [191]. Such presence
also entails robotic systems working in tandem with astronauts in dynamic environments,
where reasoning about moving objects becomes necessary. In both cases, whether scaling
up OSAM or planetary stations, proliferation of autonomous robotic manipulation will be a
necessary technology element. Versatile, modular and low-cost robotic manipulation plat-
forms are already in advanced development [192]. Imbuing them with ability to interact with
unknown objects in aforementioned environments will be critical for the future of commercial

and scientific space activities.

2.5.1 Grasping in Space

Robotic grasping in space is rare occurence for the moment. Robotic arms on-board ETS-
VIl and Orbital Express each used a grapple mechanisms to attach to the target satellite at a
pre-defined location and berth them with the host spacecraft. For uncooperative spacecraft,
where no recieving mechanism is pre-installed, grasping is often considered on the Launch
Adapter Ring (LAR)and in some cases on main engine cone [194] . The gripper for LAR cap-
ture are similar to a parallel-jaw grippers but designed to comply with the shape of the LAR
cross-section as shown in Fig. Since LAR is of known shape and has circular symme-
try in one plane, the grasp synthesis problem reduces to localization of the ring and selection
of a reachable point along the circumference with the grasp approach vector perpendicular
to it. A more relevant application for grasp synthesis is the post-capture manipulation and

servicing actions. However, to our best knowledge, no existing works explore this problem.
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Other applications of grasping include astronaut assistance on board ISS. Robonaut [195,
196] is a humanoid robot with two dextrous five-fingered hands [197] that is designed to as-
sist astronauts with handling cargo bay unloading and other routine tasks on the station.
Martin et al. [198] demonstrate a single grasp primitive for Robonaut 1 that allows it to hold
a drill securely. Bridgwater et al. [197] demonstrate dexterity of the Robonaut 2 hand to ex-
ecute various dextrous grasp types, but grasping is limited to cargo transfer bags of known
shape marked with fiducial markers. Ku et al. [199] studied unknown object grasping by
associating convolutional features to contact points. The evaluation objects are simple in
shape and only a single pre-shape configuration is used. In their following work [200] they
propose a framework for dextrous manipulation for Robonaut with three examples of grasp-
ing and manipulation task learned from demonstration. In each case, the object is known
and the task is pre-defined. However, there is a clear trend and interest in enabling unknown
object grasping as a precursor for astronaut assistance. Another platform used to assist as-
tronauts is the Astrobee platform [201]. Astrobee is an assistive free-flying robot that can
monitor the station environment autonomously with the aid of fiducial markers. Macpherson
et al. [144] explored the use of Astrobee for grasping objects floating in the station. The
focus of this work was on the use of adhesive gripper and the model predictive control for
dynamic grasping. A simple cylindrical object was considered and the state of the object
was assumed to be known at all times.

Vision-based manipulation has also been a core building block of modern rovers like
Curiosity and Perseverance [202]. In both cases, the end-effector contains an scientific
instrument turret instead of a gripper that interacts selectively with the surface in a pre-
defined manner. Using the sample collection instruments in the turret, Preseverance, with
its instruments, collects surface samples for characterization. It also caches them in tubes
that are left behind to be returned by a future mission as per the Mars Sample Return
architecture [203]. These sample tubes need to be grasped and transferred to the lander.
Grasp pose for fetching and transfer to lander can be precomputed as the sample tubes
are of known shape and size, requiring only localization as studied in [204, 205]. Sample

collection of more unstructured nature like rocks and other geological samples will require
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reasoning about the unknown shape. Orsula et al. [206] study the use of deep reinforcement
learning for grasping rocks with a parallel-jaw gripper. This is suitable for this specific task
but less generalizable beyond rocks. Across all the aforementioned applications, the ability
of the robot to reason about all possible grasps on any unknown object is a key capability

that is needed for autonomous robotic manipulation in space.

2.5.2 Tracking of Dynamic Objects in Space

6-DoF pose estimation and tracking for uncooperative spacecraft closely relates to space-
borne manipulation are important problems for proximity operations in orbit. Early works
investigated a host of sensor and algorithmic choices while highlighting the need for a cost-
effective and robust system [207]. Recently, the focus has shifted towards vision-based
pose estimation methods due to the lower SWaP-C of vision sensors. Importantly, the
progress was driven by rapidly evolving models and methods in computer vision. Early
works [208}, 209] utilized conventional image features that either extract parts of the struc-
tures like edges [210] and corners [211] or invariant visual descriptors like SIFT [212]. Here,
the pose estimation performance relied on feature extraction and robust correspondence
matching to a known 3D model. Due to the challenging visual environment, the methods
lack robustness to the challenging visual environment in orbit. Subsequently, CNNs demon-
strated superior 6-DoF pose estimation results on representative scenarios [213]. However,
these networks require extensive pre-training which is done with synthetic data. Using syn-
thetic data for pre-training a neural network presents the problem of performance transfer
across the domain gap between the synthetic and real image formation processes. Con-
sequently, high-quality datasets [214], image augmentations [215] and domain adaptation
strategies [216, [217] have been proposed to address this issue. Simultaneously, these
learned models for pose estimation were extended to state tracking assuming natural mo-
tion [218} 219]. Overall, these approaches require exhaustive and iterative cycles of dataset
curation, pre-training, and ground testing for every target. Moreover, unmodeled artifacts
like structural damage or material degradation remain challenging for these methods relying

on the exact 3D model.
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The requirement of the target model knowledge was relaxed in [220] which proposed a
fast, one-shot primitive reconstruction of the target object. The shape is approximated by
a fixed set of superquadrics per image. Despite being fast, the method only recovers the
shape of the target and not the scale. Consequently, only a rotation is estimated per image.
It also depends on a prior learned from a small dataset of objects. These attributes imply
that it suffers from overfitting, viewpoint ambiguities of primitives, and a lack of fidelity. As
opposed to these methods, our approach does not require pre-training and considers no
apriori information about the object or its relative motion. The object is reconstructed online
using a 3D Gaussian representation that simultaneously enables efficient pose tracking in
the loop. Our approach applies more generally to any unknown object and can be used for

other on-board applications such as robotic manipulation.
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2.6 Summary and Research Questions

This chapter reviews the literature and the state of the art in robotic grasping research.
The paradigm change from analytical to data-driven methods is discussed, with a focus on
the evolution of vision-based grasp synthesis. The chapter also discusses the challenges
and limitations of existing methods and datasets, especially in the context of 6-DoF grasp
synthesis for unknown objects and going beyond static environments. Finally, perception
and robotic grasping in the context of space robotics applications is reviewed. Based on the

review, we identify two key problem areas which are investigated in this work.

Generative 6-DoF Grasp Synthesis for Unknown Objects

We underscored the complexity of vision-based 6-DoF grasp synthesis problem and the
merits of generative modeling to learn complex data distributions. In addition, we highlighted
the limitations of current grasp generation models, which need to be retrained from scratch

for every task-specific grasping task. We are interested in the following research questions:

RQ-1: How can a robot reason about the distribution of successful grasps on objects

from imperfect visual inputs?

* How can a conditional distribution of 6-DoF grasp poses on visual inputs be learned

effectively with a generative model?
» How can task-specific grasping be enabled with minimal additional effort?
» How can such a grasp synthesis model be applied to real-world scenarios?

In Chapter 3, we focus on developing a novel generative modeling framework for object-
centric grasp synthesis. In Chapter 4, we develop a system that enables object-centric grasp

synthesis models to be employed in the real world.
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Reconstruction and 6-DoF Tracking of Dynamic Unknown Objects

From industrial manipulation to human-robot interaction, robots need to work around non-
static objects. While there has been rapid progress in closing the loop for robotic grasping,
these techniques are restricted planar motions. Another limitations for existing solutions is
inflexibility to large changes in viewpoints and reliance on single views. These methods are
also unable to switch to better grasps as a selected grasp becomes infeasible or occluded.
On the other hand, SLAM methods are limited to static world assumptions and use inflexible
representations. We higlight the potential of radiance field representations for adaptive res-
olution 3D reconstruction and maintaining a continuous and differentiable representation of

the scene. Based on these insights, we are interested in the following research questions

RQ-2: How can a robot reason about an unknown object moving in 6D space without

prior knowledge of its structure or motion?

» What is the right representation for unifying dense 3D reconstruction, 6-DoF tracking

and grasping in unstructured scenarios?
» How can radiance fields enable object-centric SLAM?
» How can such a method be applied for on-orbit applications?

In Chapter 5, we develop incremental dense reconstruction and 6-DoF tracking pipeline
that leverages radiance field representation for object-centric SLAM. We conduct a prelim-
inary validation of the system for tracking and 3D reconstruction of unknown spacecraft in

non-natural relative motion.
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Chapter 3

Generative 6-DoF Grasp Synthesis

3.1 Introduction

The challenge of robotic grasping lies not in finding the perfect solution, but in navigating a
sea of possibilities. This complexity underlies the fundamental challenge of enabling robots
to interact with the real world. As humans, we seamlessly navigate the interplay of geometry,
material, mechanics, and semantics to interact with countless objects every day. For robots,
however, this is a fundamental challenge. We find that the task of grasping objects in the
real world presents three key issues. First, there is not a singular best configuration to grasp
any object. Second, the set of objects one may encounter in the real world is open and
unbounded. Third, the grasp executed by a robot needs to be task-relevant. As discussed
in Chapter 2, these issues can be treated in an analytical or data-driven manner. The latter
treatment is more effective for unstructured settings and has been bolstered by consistent
progress in machine learning.

Learning 6-DoF grasp synthesis from annotated data has shown increased performance
and generalization, with the availability of large and high-quality open-source datasets. In
Chapter 2, the appeal of sampling-based methods was highlighted. Their ability to capture
multi-modality of grasp distributions, especially by employing generative modeling, is desir-
able. With generative modeling, we are interested in learning the data-generating distribution

of training data from which novel samples can be generated, as opposed to simply learning
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a regression function. Generative modeling offers the potential to automatically discover la-
tent (and hopefully causal) factors affecting the generation of successful grasps. They learn
probabilistic models from data and can offer data-efficient generalization to new objects.

We tackle this problem of generative modeling of 6-DoF grasp synthesis with two further
assumptions. First, we assume that the inputs and outputs are at an object-level or in other
words, object-centric. On the other hand, generation may be done at a scene level, which
takes all the information in the field of view. However, scene-centric grasp generation mod-
els are trained on specific types of scenes (e.g. table-top) and can not generalize to other
scenes (e.g. shelf). Object-centric grasp generation is more generalizable and flexible as it
does not make assumptions about the scene, but requires accurate segmentation of objects
in the scene. While this has traditionally been a challenge, the progress in zero-shot instance
segmentation in the wild has reached significant maturity using pre-trained foundation mod-
els [221, 222]. Motivated by these aspects, we focus on object-centric grasp generation.
Secondly, we assume a parallel-jaw gripper, which is versatile and most commonly used in
robotic manipulation.

With these assumptions, this chapter covers the design and implementation of a novel
framework for generative modeling of 6-DoF grasp synthesis problem. Section 3.2 intro-
duces the generative modeling problem and its application to 6-DoF grasp synthesis. High-
lighting the challenges and performance gap in existing models, the Grasp Latent Diffusion
Models (GraspLDM) framework is proposed in Section 3.3. The network architecture and
other implementation details are covered in Section 3.4. Finally, experiments and results are

presented in Section 3.5 along with design ablations.

3.2 Generative Modeling for Grasp Synthesis

3.2.1 Variational Autoencoders

Consider a data sample x taken from a dataset D. In generative modeling, we aim to learn
a model py(z) parameterized in 6 that approximates the true data distribution p(z). We are

then interested in sampling novel samples from this distribution. For example, consider the
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problem where z is an image taken from a dataset of images of dogs and we want a model to
generate new images of dogs. Since we don’t have access to the true data distribution, we
assume that the data is generated as a function of unobserved low-dimensional variables z ,
also called latent variables or simply latents. The distribution of the observed data and the
corresponding latents is the joint distribution p(x, z). To be able to learn this distribution,
we want to maximize the likelihood py(x) over all available data samples. The likelihood
is obtained by marginalizing the latent variables as in Eq. 3.1. We can also use the chain
rule of probability: p(z,z) = p(z|z)p(z) = p(z|z)p(x) , where p(z|z), p(z|x) are conditional

distributions and p(z) , p(z) are marginal distributions to rewrite it as in Eq. 3.2.

po(z) = / po(z, 2)dz (3.1)
- / po(|2)ps(2)dz (32)

However, either integral is difficult to compute as we do not know the latent variables or how
they correspond to an observed data point. To tackle this problem, we can learn an inference
model q4(z|x) using amortized variational inference. Here, inference refers to the process of
estimating the latent for an observed data point. Amortized refers to the method of learning
a single inference model that optimizes global model with parameters 6 learned across all
the data samples. This is in contrast to standard variational inference for smaller datasets,
where model parameters are optimized per data sample. Finally, variational refers to the
fact that we are approximating a distribution and therefore the output of the model are varia-
tional parameters like mean and standard deviation. This inference model approximates the
true posterior p(z|x) and is referred to as the approximate posterior. The generative model
po(x|z) then maps any latent to the data space. With these two models, we can convert a
data point to a latent and reconstruct it back.

The parameters 6 and ¢ are learned by maximizing the log-likelihood over data samples

55



which is equivalent to maximizing the Evidence Lower Bound (ELBO) [116].

p(z,2) } [ p9($|2)p(z)}
10 T > E 2l 10 = ]E 2|l 10 _—
gp(2) 2 gy (aa) [ S asely| — el 8T )
ELBO
p(2) ]
4 (1) 108 Po (]2)] + Eg, (212 [ & o(z]2)

= Eq, (|) log po(2]2)] — Drcr (q5(2|7)p(2)) (3.3)

sample reconstruction prior matching

Here, E denotes the expectation over a distribution and Dy, is the Kullback-Leibler diver-
gence between two distributions, defined as Dx 1 (q(z)||p(z)) = Ey(s) [%} The first term
forces the model to reconstruct the original data from the latents and the second term regu-
larizes the approximate posterior to be closer to the true prior distribution p(z). Now, consider
how we sample new data points from the model py(z) based on Eq.[3.2; we sample a latent
z from the prior p(z) and then use the generative model py(x|z) to generate a new data point.
Here, it is convenient to assume that the prior is a simple distribution. In addition to being
simple to sample from, this assumption also forces the model to learn a simple distribution
in the latent space that can generalize better.

We assume that the prior p(z) = N(0,I) is a standard Gaussian and the true posterior
(p(z|z)) is of a simple form like a multi-variate Gaussian with diagonal covariances. If § and ¢
are parameters of deep neural networks with sufficient capacity, arbitrary mapping between
distributions can be learned from data. This is the basic idea of a Variational Autoencoder
(VAE)[116], for which a more detailed discussion is available in [223]. Fig. shows
the architecture and graphical representation of the VAE. The neural network modeling the
approximate posterior is also called the encoder and the network modeling the generative
distribution is also called the decoder. This derives from autoencoder models in machine
learning and we will use this terminology interchangeably with the probabilistic terms. The
intuitive difference between a standard autoencoder and a VAE is that the latents are not
learned as points, but as soft ellipsoidal regions in the latent space.

We can take this notion further to conditional generative models, where we are inter-
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Figure 3.1: Architecture and computation graphs of generative models
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ested in learning conditional distributions of type py(z|y). Here, y contains some meaningful
semantic information on which the data point x is conditioned. In the simplest case, y can
be a classification label. An intuitive example similar to earlier is a dataset that contains
images of cats and dogs with corresponding binary labels 0 and 1 respectively. Then, we
might be interested in generating a picture conditioned on the semantic label that lets user
control the generation of whether it should be a dog or a cat. In this case, we learn a model
po(x, z|y) that approximates the joint distribution of data and the latent variables conditioned
on y. The inference model linking the observed data to latents becomes ¢4(z|z, y), while the
generative model becomes py(z|z,y). This is illustrated in Fig. The objective, in this
case, is to maximize the conditional ELBO in Eq. which can be derived from Eq. 3.3
by considering the conditional likelihood p(z|y) = [ p(z,z|y)dz and the factorization from
chain rule: p(x, z|y) = p(z|z,y)p(z|y). Together, this formulates the Conditional Variational
Autoencoder (CVAE).

p(z, z[y)
Q¢(Z|£E,y)

ELBO =Ky, (.| [log po(mlz,y)p(zy)]
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conditional reconstruction conditional prior matching

(3.4)

3.2.2 Grasp Generation

In the context of robotic grasping, we can view the problem of generating successful grasps
as a conditional generative modeling problem. We use the term successful grasp instead
of a form-closure, force-closure or stable grasp to refer more generally to grasps that have
succeeded during data collection and are expected to succeed in the real world. Ideally,
we want to learn stable grasps, i.e. considering the grasp and the object as a dynamical

system. However, as discussed in Chapter 2, modern grasp datasets may contain grasp
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annotations that are based on force-closure tests, evaluation in simulation or trial and error
in the real world. In the latter two cases, the objective is to collect stable grasps. But, a
manually defined post-grasp perturbation check like shaking is used to qualify stability. In
these cases, it is not appropriate to use formal terminology like stability, especially if no
formal guarantees can be implied.

Relating back to the CVAE formulation, the data point = becomes a grasp configuration
while the conditioning variable y is a visual observation like an image or point cloud. The
continuous latent variable z can be used to model the unobserved variables that generate
successful grasps. We typically assume a simple prior over latent variables p(z) = N (0, 1).
Then, a random latent = can be sampled from this simple distribution and passed through
the generative model py(z|z,y) to generate a successful grasp, once the model is learned.
The generation can be done at a scene level, which takes all the information in the field of
view, or at an object level, which takes only the local information of the concerned object. We
use the latter and therefore y provides object-level observation. In general, x, y, z variables
are vectors or tensors and we will use appropriate boldface symbols like x, y, z to denote
them from here on.

Generative modeling for object-centric 6-DoF grasp synthesis was used by [89] for a
parallel-jaw gripper and built upon by [117, [126] 224]. Recently, regression-based ap-
proaches [90] have shown significant performance improvement over the comparable VAE
model. Other generative models [225, |226] have been proposed for multi-finger grippers.
Here, we will focus on improving generative models for the parallel-jaw gripper, where the
learning of conditional grasp distributions has not been explored in detail. We want to lever-
age well-known advantages of generative models including improved generalization and
flexible conditional generation in hierarchical settings to improve over existing generative
models like 6-DoF-GraspNet [89] which has been widely used, built upon, and cited in the
research community. Especially, as novel generative models [120,|[227] have consistently im-
proved capabilities in other real-world generation tasks across complex domains like natural
language and computer vision. In particular, a new class of generative models called De-

noising Diffusion Model (DDM) have emerged with state-of-the-art performance on density
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Figure 3.2: lllustration of encoding and decoding processes in a VAE. A non-trivial distribu-
tion of SE(3) poses is encoded to a standard Gaussian distribution in the latent space using
the approximate inference posterior g, (z|x). The generative model (pg(x|z)) can decode a
random latent to a sample in the original distribution.

estimation and sample generation quality [228, 1120, 122].

Diffusion models emerge naturally as we generalize the VAE graph in Fig. (right) to
multiple hierarchies of latents. So a latent at a higher level is itself generated from a lower-
level latent, resulting in a hierarchical VAE. If we now constrain the latent at each stage
to have the same dimensions as the input and make the inference model deterministic,
we get a diffusion model as shown in Fig Here, the inference model or the encoder
is deterministic and typically a linear Gaussian model whose parameters are scheduled
such that the latent at the last step is distributed per standard Gaussian. An alternate and
simpler way to interpret diffusion models is to consider the encoding process as that of
gradually adding noise and learning the reverse denoising process. DDMs have multiple
equivalent formulations as found in [121]. At its core, they provide a powerful framework for
learning complex conditional data distributions with a simple objective. Given the successful
application of DDMs to complex generation tasks for images [120] and point clouds [229],

they present a good solution for improving grasp generation for robotic grasping.
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3.2.3 Challenges

Let’s focus on the problem of generating object-centric 6-DoF grasps of a parallel-jaw grip-
per using point cloud observations. We parameterize the grasp by the SE(3) pose of the
gripper’s wrist, which can be at any location rigidly attached to the gripper. The objective
is to learn representations that effectively capture the non-trivial distribution of successful
object-centric 6-DoF grasps on a point cloud. Learning this representation is difficult, as
the model must reason about an arbitrary set of grasp poses for each object in the SE(3)
space. The grasp pose distribution on any object is usually multi-modal with discontinu-
ities. Deep generative models like VAE are a suitable candidate for such problems. They
model the grasp generation problem as shown in Fig. However, existing models like 6-
DoF-GraspNet [89], which use a CVAE, exhibit poor sampling quality and require additional
iterative post-processing to improve grasp samples. The model takes up to to week to train
on a single GPU [90]. In addition, to employ the model for specific tasks, it needs to be
re-trained from scratch with the task-specific data.

We identify three key factors that cause the aforementioned shortcomings in models like
6-DoF-GraspNet. These are the prior gap, posterior gap, and network architecture. The first
two factors are related to the learning dynamics of the VAE, while the third factor is related

to implementation choices.

1. Prior gap refers to gap between the assumed prior distribution and the true distribution
of latents [230]. Intuitively, this means that given the latent space dimensions (which
are specified in implementation), the latent representation extracted by the encoder
may not truly be distributed as a simple distribution like standard Gaussian that is

commonly assumed.

2. Posterior gap refers to the gap between the approximate posterior learned by the en-
coder and the true posterior. This relates to both the capacity of the encoder to model
the conditional distribution and the learning dynamics emerging from Eq. 3.3& 3.4.
In the latter case, the KL divergence term in ELBO objective forces the approximate

posterior to match the prior. When this KL term is prioritized in optimization, the pos-
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terior may quickly converge to the uninformed prior with vanishing KL term [231]. This
means that the variational parameters from the encoder do not carry any information
about individual samples during training. No gradient passes between the encoder
and decoder through some or all latents. As a result, the decoder learns to ignore
some or all of the latent dimensions to reconstruct the sample. Especially in the case
of CVAEs, the decoder can become auto-regressive with respect to the conditioning
variables and still maximize the likelihood or ELBO by completely ignore the latent
during generation. Even for a model without complete posterior collapse, there can be
an evident gap between the learned posterior and the true posterior [232]. Then, the
marginal distribution g4(z) = [ g4(z|z)p(z) to which the generative model is fit, tends
to be a poor approximation of the assumed prior p(z) like standard Gaussian. When
generating new samples from the assumed prior p(z), the samples are of poor quality.
The essence of this challenge is that the two terms in the ELBO objective are in conflict

with each other over how best to increase the likelihood.

3. Network architecture refers to the design choices made in implementing the model.
In the case of 6-DoF-GraspNet, the striking elements of the design are the inputs at the
encoder and the decoder. At the encoder, the object point cloud is appended with the
grasp pose parameters as features, which are fed to first PointNet++ layers. The input
at the decoder is similarly the latent vector appended to the point cloud as features.
These design choices have two major implications. First, the raw point clouded is
encoded into features twice: once in the encoder and once in the decoder. Second,
appending pose parameters to the point cloud at the encoder means that for a 1000
training grasps per object, the model needs to encode the same point cloud a 1000
times. Proportionally, the gradient computation and the backpropagation processes
become slower. Finally, the model design is not flexible to be used for downstream

tasks without re-training.

We seek to address these issues and propose an improved framework for generative

modeling of 6-DoF grasp synthesis. Contemporary literature provides several directions to
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Figure 3.3: lllustration of unconditional and task-conditional generation from a prior. Assum-
ing that task-specific grasps are a subset of all successful grasps, another generative model
can hierarchically map from the prior to task-relevant distribution of latents which are then
mapped to the original distribution by the unconditional model.

tackle these issues.

One possible proposition would be for VAEs to be replaced by diffusion models. As
discussed earlier, these are highly effective for modeling complex conditional distributions
and simultaneously are easier to train. We could simply train a diffusion model to directly
generate grasps on a point cloud. However, the denoising process in a DDM is Markovian
and therefore requires each denoising step to be executed in a sequence (normally 1000
steps), which increases generation latency. The effect of latency is more pronounced when
the input and therefore the latent dimensionality is higher. Another alternative is to use a
diffusion model as an expressive prior in the low-dimensional latent space of a VAE. This
concept, called latent diffusion, was introduced in [127], applied to image generation. This
architecture is primarily meant to reduce the dimensionality and speed up the sequential
generation steps compared to a vanilla diffusion model. But, expressive prior in the latent
space means that it can also tackle the VAE’s prior gap problem.

The latent diffusion architecture brings a valuable additional benefit. Assuming that the
task-relevant grasps are a subset of all successful grasps, we can use the diffusion model in
the latent space as a task-specific prior. Intuitively, this would mean that the diffusion model

moves the sample from a standard Gaussian distribution to the distribution of latents that
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correspond to task-relevant grasps. The VAE decoder should then generate a sample that
is task-relevant. This is illustrated in Fig. As the diffusion model works in a regular-
ized low-dimensional latent space, only latents need to be supervised using denoising loss,
making it faster to train. This means that the encoder and decoder are only trained once
in a task-unconditional manner. However, the diffusion can be replaced in a plug-and-play
manner with another diffusion model (say for another task) without re-training the rest of the
networks. This can provide flexibility that is not available in existing grasp synthesis models.

As for training dynamics of the VAE, there is careful balance to be struck between KL
term and The posterior collapse problem can be tackled by annealing the weight on the KL
divergence term [119]. To moderate the tug-of-war between the two terms of ELBO, the
KL term can be weighted down in the ELBO objective to prioritize sample reconstruction
and even promote structured latent space [233]. To address training efficiency, we can use
a modular point cloud encoder that is shared between encoder and decoder. Using these

insights, we propose a novel framework for generative modeling of 6-DoF grasp synthesis.

3.3 GraspLDM: Grasp Latent Diffusion Models

Grasp Latent Diffusion Models (GraspLDM) is a framework to build generative models that
learn the distribution of successful grasp poses of a parallel-jaw gripper on object point
clouds using latent diffusion. GraspLDM is designed to generate diverse and high-quality
grasps that can be used for real-world parallel-jaw grasping. In GraspLDM architecture, a
diffusion model is trained efficiently inside the low-dimensional latent space of a VAE as
shown in Fig. This diffusion model acts as a complex prior that bridges the prior gap.
Using diffusion in the latent space improves the quality of sampled grasps in unconditional
grasp generation. GraspLDM architecture also enables two other aspects of model flexibility
that are not available in existing generative models for grasp synthesis using VAE [89] and
diffusion [123] alone. First, task-specific conditional guidance can be provided solely in the
latent space without re-training the VAE encoder and decoder. Second, multiple diffusion

models can be trained efficiently and plugged inside this low-dimensional latent space. In
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test time, the grasp encoder is not required and we sample the grasp latent z; directly from
the prior distribution. This latent goes through reverse diffusion before decoding. For task
conditional generation, we modify the diffusion score network to accept task context z;,x.

the next section, we cover this design in detail. This means that task-specific adaptation

occurs efficiently with representations learned in a task-unconditional setting.

3.3.1 Conditional Variational Autoencoder

Our conditional VAE consists of a point cloud encoder, a grasp pose encoder, and a grasp
pose decoder with parameters ¢, ), and £ respectively, as shown in Fig. [3.4] The point
cloud encoder operates on unordered 3D point sets of size n € NT to provide a fixed size
latent (z,. € R™) of size m € NT called the shape latent. The shape latent is used to
condition the grasp pose encoder and the decoder. The grasp pose encoder approximates
the conditional posterior p,(zx|H,z,.) and the grasp pose decoder models the likelihood
pe(H|zn, zpe). Here, zy, is the point cloud conditioned grasp latent at the VAE bottleneck.
Finally, the model is trained by jointly optimizing the parameters (v, 8, £) of the encoders and
decoders to maximize a modified ELBO similar to Eq.

LELBO(6,%0,€) = B xpe) a5 (zpelxpe)aw (2| Hizpe) | 108 De(H* |21, Zpe) (3.5)
—A Dk (qp(zn] H, 2ye) || N(0,1)) |
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In Eq. the first term is the likelihood of the decoder reconstructing the grasp pose.
The second term measures the divergence between the approximate posterior distribution
qy(zn|H,xp.) of the grasp encoder and the conditional prior, p(zn|zpe) = N (0,1). During
training, the model should become better at learning a regularized latent space while also
getting better at reconstructing the samples. In practice, the two terms contradict each other
during training. The first term prioritizes keeping as much unique information in variational
parameters per sample as possible to reconstruct accurately. On the other hand, the second
term prioritizes the regularization of the posterior towards the prior forcing the variational pa-
rameters to be closer to zero-mean and unit variance. We can balance the two effects using
A which is the weighting hyperparameter that controls the strength of KL regularization in
the latent space. A constant A = 1 provides the strict ELBO objective. However, optimizing
strict ELBO frequently results in the KL divergence term (D) becoming vanishingly small
early in the training. This is called posterior collapse and happens at the cost of reconstruc-
tion accuracy. The model gets stuck in the local minima from which point it is difficult to
recover reconstruction accuracy back. Especially in a conditional VAE like ours, posterior
collapse results in an auto-regressive decoder model. In this case, the decoder ignores the
latent completely and becomes a predictor that uses only conditioning information to predict

the output. To avoid this, we use linear annealing on the A parameter based on [119].

3.3.2 Latent Diffusion

In principle, sampling from VAE’s prior and decoding it should be sufficient to generate suc-
cessful grasps. However, decoding a latent drawn from the prior often results in lower sam-
ple quality because of the prior gap problem highlighted in Section 3.2.2. To alleviate this
issue, we propose to use a Denoising Diffusion Model (DDM) in the latent space. We justify
the choice of latent diffusion structure from two observations. First, a simple DDPM would
need to encode a point cloud at each step and use a high-dimensional intermediate rep-
resentation, increasing computation for each denoising step. Alternatively, separating the
point cloud encoder from the diffusion requires separate expensive training of a point cloud

auto-encoder. Further, such a model needs to be re-trained for newer task conditionings.
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A DDM consists of two processes: a forward diffusion process and a reverse de-noising
process. In this work, we use the standard discrete-time DDPM [120], where the forward
process is a linear Markov chain of deterministic Gaussian kernels in Eq. The noise
added at each time-step t € [1,T] is pre-defined by a variance schedule ;. We use linearly
increasing G, such that the distribution ¢(zr) converges to the standard normal distribution
at the final forward time step 7'. In the forward diffusion process, a noisy sample at any time
step can then be obtained by Eq.

0(ze|zi-1) = N(V/1—Bzi_1, BI) (3.6a)
zy = Varzo + (1 — ar)e; (3.6b)

T
a = [[a-8) ; e~N(OT)
t=1

Intuitively, the forward diffusion process adds noise to input data until the data distribution
transitions to a simple prior distribution. Consequently, recovering the data distribution from
the prior requires a time reversal of the forward process from ¢t = T to ¢t = 0. This reverse
diffusion process uses a learned score network (6) which de-noises a sample, in our case
the latent z;, from ¢ to ¢t — 1. For notational simplicity, we use z; to refer to conditional grasp
latent z;, at time ¢. Using the reverse diffusion kernel in Eq. the distribution of the de-
noised sample at time-step t— 1 can be modeled by the mean py(z, t) and a known variance
o2. More simply, we can re-parameterize the mean and instead learn a network to directly
predict the noise €y(z,t) to be removed at each step [120]. The de-noising score model
predicts the noise to be removed conditioned on the current time-step, while the parameter
weights (0) are shared across all the time steps. Then, the sampling can be done using

Eq. where o, can be simplified to use variance similar to the forward process i.e. ;.

po(ze-1]ze) = N(po(2e,t),071) (3.7)

Zi1 = \[(11 5) (Zt 1 ftat €o(z¢,t) +Ut77) ; n~N(0,I) (3.8)
— Dt

Mo
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DDMs with this formulation can be trained to maximize an ELBO-like objective, of the follow-

ing form [120]:

ﬁD(Q) = Ep(ZO),GN.N’(O’I) ‘ |6 - ee(zt7 t)HQ

Adapting it to our latent diffusion architecture, this objective £ (6) can be written as::
LD(0) =Ei(1,1),e~N(0,1).p(xpe H)1 (20| Hyzpe) | |€ — €6 (21, Zpe, )| (3.9)

3.3.3 Training and Generation

The training is done in two stages. In the first stage, we fit the parameters of encoders
and decoders by maximizing the VAE ELBO in Eg. In the second stage, we fit the
parameters of the score model to minimize DDM loss in Eq. While it is possible to
train all the networks in a single stage, it is easier and faster to train the diffusion model
once the latent space of the VAE is frozen. In single-stage training, the constantly changing
posterior distribution at the encoder means that the optimization of the weights of the de-
noising score network is wasteful until VAE training has converged sufficiently. Separation
of the point cloud encoder also allows us to process the point cloud only once per batch
of grasp samples as opposed to 6-DoF-GraspNet [89] where the encoder processes point-
cloud grasp pair together for each grasp sample. This reduces the computational cost of
training our models. The training and generation algorithms for GraspLDM are summarized

in Algorithms 1] and [2| respectively.
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Algorithm 1 GraspLDM Training

Require: Point cloud encoder ¢, grasp encoder 1, grasp decoder £, denoising score net-
work ¢, dataset D, number of diffusion steps 7', variance schedule {3;}._,

1: Stage 1: Train VAE
2: Initialize VAE parameters ¢, 1, £
3: while not converged do
4: Sample (x,., H) ~ D
5. Zpe <+ ¢p(Zpc|Xpe) > Encode point cloud
6: zp < qy(2zp|H, 2pc) > Encode grasp
7: H* < pe(H|zn, zpc) > Decode grasp
8: Compute Lrrpo(d,¥,§)
9: Compute gradients Vy , ¢ LELBO
10: Update ¢, 9, &
11: end while
12: Stage 2: Train Diffusion Model
13: Fix VAE parameters ¢, ¢, £
14: Initialize diffusion parameters 0
15: while not converged do
16:  Zpc  o(Zpe|Xpe) > Get shape latent
17: zp < qy(2zp|H, 2pc) > Get grasp latent
18: Sample t ~ Uniform({1,...,T'})
19: e~ N(0,1)
20: @ = [ (1-5)
21: 7z = Varzo + (1 —ay)e > Forward diffusion
22: Compute Lp(0)
23: Compute gradients VyLp
24: Update 6

25: end while

Algorithm 2 GraspLDM Generation

Require: Trained models ¢, &, 6, point cloud x,., number of diffusion steps 7', variance
schedule {5},

11 Zpe < 4o (Zpe|Xpe) > Encode point cloud
2: zp ~ N(0,1) > Sample latent from prior
3: fort=T1to1do > Denoise latent
4: Zi_1 = \/11—& (z¢ — \/lﬁ—ioft €9(Zt, Zpe, t)) + om

5: end for

6: H < pe(H|zo,2pc) > Decode final latent
7: return Grasp pose H
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3.4 GraspLDM: Implementation

3.4.1 Grasp Pose Representation

We use the representation of the grasp pose (x;) given in Eq. where t is the translation
vector while a is the Modified Rodrigues Parameters (MRP) [234] for orientation. Eq.
also relates MRP with quaternions where ¢,, is the quaternion scalar component. In con-
trast to regressing pose matrices or quaternion vectors that have one or more dependent

parameters, the three parameters of MRPs can be regressed independently.

4

=17 o [qycaan(Iz]T (3-10)

T
Xp = [t,a} ;o a

3.4.2 Network Architecture
Point Cloud Encoder

The point cloud encoder is required to extract meaningful features efficiently from a set of 3D
points. To accomplish this, the architecture must tackle three properties of point sets. First,
as the input data is a set of unordered 3-vectors, the architecture must be permutation in-
variant in this set. Second, as the neighboring points reveal local structures, the architecture
must capture interactions between points in the local neighborhood. Third, semantic infor-
mation in the point cloud is invariant to rigid transformations, therefore the architecture must
extract global features that are invariant under transformations. PointNet [96] addressed
permutation-invariance and transformation-invariance using MLPs and max-pooling layers.
PointNet++ [93] improved the local feature extraction by augmenting PointNet with sampling
and grouping layers. In the sampling layer, a pre-defined number of centroids are sampled
using farthest point sampling, defining centers of local neighborhoods. In the grouping layer,
the neighbors within a pre-defined radius are grouped forming local point groups. Subse-
quently, a PointNet style MLP extracts features for these points in the local groups. For

tasks like point cloud segmentation which require labeling each point, PointNet++ avails a
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Figure 3.5: Hybrid point-voxel convolution (PVConv) operation for efficient processing of
point clouds [235]. The low-resolution voxel-based branch extracts neighborhood informa-
tion while the high-resolution point-based branch extracts fine-grained features.

feature propagation layer that propagates features back to individual points. In previous
works on grasping [89, 98,90, (117,107,126, |112], point cloud encoding networks are most
commonly built with PointNet++ [93] architecture. While hierarchical feature extraction is
highly effective, the sampling and grouping layers in PointNet++ incur latency costs for ran-
dom memory access as the neighbors are not stored contiguously in memory and require
nearest neighbor search. Another approach to encoding 3D data in grasping is using voxel-
based representation [101}, 75|, [103] which implicitly encodes neighborhood information and
can be operated on efficiently using 3D convolution lowering random memory access cost.
However, memory requirements for voxel-based architectures scale cubically with resolution
and are not memory-efficient.

The memory and random access trade-offs between point and voxel-based architec-
tures can be bridged with a hybrid point-voxel convolution (PVConv) layer [235]. As shown
in Fig. PVConv takes in a point cloud and splits the processing into two branches. The
point-processing branch extracts high-resolution per-point features in PointNet style without
the need for grouping. The voxel-processing branch extracts features at low spatial res-
olution using efficient 3D convolutions without random memory access latency. The two
branches are fused by deconvolution of the voxel features and assigning them to the points
encapsulated by each voxel. The network composed from from PVConv layers, called Point

Voxel Convolutional Neural Network (PVCNN) is 3x more memory-efficient and 5x faster
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Figure 3.6: Comparison of (a) latency and (b) peak memory usage for forward pass
(N=1024) of comparable PVCNN [235] and PointNet [93] models. For performance com-
parison on point cloud learning benchmarks, see [235].

than PointNet++ with comparable performance on point cloud learning benchmarks [235].
To select a suitable point cloud encoder for GraspLDM, we compare the performance of
PointNet++, PVCNN, and PVCNN++ architecture on forward pass latency and peak mem-
ory usage. The PVCNN++ architecture extends the PVCNN with feature propagation lay-
ers from PointNet++ for point-wise feature refinement. For comparison, we first use exist-
ing benchmarks to find equivalent network configurations that provides comparable perfor-
mance. Then, we construct the encoder network with each as required for GraspLDM. Then,
we measure the forward pass latency and peak memory usage for encoding point clouds of
size 1024 points at various batch sizes. For each batch size, the measurements are av-
eraged across 100 runs. The results are shown in Fig. and peak memory usage in
Fig.[3.60

The memory and latency trends affect both the generation and training speed of the
grasp sampler. We observe that the forward pass of a single cloud of 1024 points with
PVCNN at 2.6ms is 3x faster than PointNet++ and 3.5x faster than PVCNN++. At larger
batch sizes, which is important for training speed, PVCNN is 2x faster than PVCNN++ and
4x faster than PointNet++. On the other hand, the memory consumption of the PVCNN
encoder is generally comparable with PVCNN++ and 3x lower than PointNet++. Therefore,

PVCNN is chosen for the point cloud encoder in GraspLDM as it is more memory-efficient

72



and faster than PointNet++. As we are interested in encoding the point cloud to a global
shape latent, the feature propagation layers in PVCNN++ which propagate features back
to the points for segmentation-type tasks are not necessary, especially due to their latency
cost.

The nominal configuration of PVCNN consists of two PVConv blocks and two MLP
blocks. The two PVConv blocks output 64 and 128 channel features using 16 and 323
voxel grid respectively. The two MLP blocks output 1024 and 2048 dimensional features.
PVConv uses 3D convolution as linear operation, GroupNorm [236] for normalization and
Swish [237] function as non-linear activation. MLPs use 1D Convolution as the linear op-
eration, BatchNorm [238] for normalization, and Rectified Linear Unit (ReLU) as activation
function. The output of the last MLP block is transformed to the shape latent of the desired
size using a linear layer without activation. We will typically scale this nominal configura-
tion up or down based on capacity requirements. In this case we will refer to the scaled
configuration as PVCNN (0.5C | 0.5R), as in Fig. which represents the factor by which
the nominal dimensions of channels/featured] as well as the resolution of the nominal voxel
grid are scaled. We use PVCNN (0.5C | 0.5R) for the point cloud encoder when learning on
smaller category sets and PVCNN (0.75C | 0.75R) for larger category sets. The input to the
point cloud encoder is fixed at 1024 points, to balance memory usage with point sampling

density. The output of the point cloud encoder is a latent (z,.) of size 128.

Grasp Encoder and Decoder

The grasp pose encoder and decoder are 1D convolutional neural networks with residual
blocks [240] that avoid gradient vanishing at higher depths. The network nominally con-

tains four blocks with 32, 64, 128, and 256 output feature channels respectively. Condition-

"The nomenclature of channels and feature dimensions can be ambiguous outside of image-based CNNs
and are typically based on PyTorch [239] layer implementations. In 1D convolutional networks, we use (B, C,
N) description, where N is the number of points and C is the number of channels per point. A 1D convolution
layer expands or reduces the C dimension at output. In MLPs, the tensor dimensions are specified as (B, N, D),
where D is the feature vector size. A Linear Layer expands or reduces the D dimension at the output. In the text,
we will consider a feature tensor to be of shape (B, C, D), where C is feature channels and D is feature vector
size.
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ing of the grasp data based on shape latent is done using Feature-wise Linear Modulation
(FILM) [241], which uniquely scales and shifts the feature maps at every residual block based
on the conditioning features. The decoder network is the same as the encoder but reversed,
whose output is the reconstruction (x7) of the input. The decoder network is also conditioned

on the shape latent.

Latent Noise Prediction Network

The noise prediction network for diffusion is a residual network similar to the grasp encoder
and is conditioned on both the diffusion time step (t) and the shape latent (z,.). The network
nominally contains four blocks with 32, 64, 128, and 256 output feature channels respec-
tively. Since time step (t) is a scalar value, it is first projected to a higher dimensional feature
using sinusoidal positional embedding [242]. This embedding is then transformed to the
same shape as the shape latent (z,.) and added together to make the conditioning signal.
This conditioning is again applied at each residual block using FiLM. The output of the noise

prediction network is of the same size as the input grasp latent.

3.4.3 Dataset and Augmentations

We use ACRONYM [99] for our training dataset as justified in Section 2.3.3. ACRONYM con-
tains 17.7 million grasp pose annotations on 8872 objects from 262 categories of ShapeNet-
Sem [243] dataset. Each object contains 2000 grasp pose annotations (visualized in Fig[3.7).
The grasps are sampled using an antipodal grasp sampling scheme [5] and labeled as suc-
cess/failure based on attempts in a physics-based simulation [140]. As the ShapeNetSem
dataset contains physically representative parameters for objects, simulation labels tend to
be more reliable.

In the experiments, we use two subsets of ACRONYM data, named 1C and 63C, where
C denotes the number of ShapeNetSem categories from the ACRONYM dataset. The 1C
set is composed of objects from a single category i.e. 110 Mugs in the train set and 50 held-

out Mugs in the test set. The 63C set contains 1100 objects from 63 categories in the train
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Figure 3.7: Examples of objects and their grasp annotations (random 100 samples) in
ACRONYM dataset.

set and 400 held-out objects in the test set. We restrict the maximum number of categories
for experiments due to available computational resources. We also show that the 63C set
is a representative subset to evaluate the performance of the model and its transfer to the
real world. The distribution of objects in the 63C category set is shown in Fig. where
the train-test splits are taken from [90]. For observations, we use full object point clouds
and partial point clouds. Full object point clouds are sampled from the mesh surface. On
the other hand, partial point clouds are rendered from a virtual depth camera at a distance
between 30cm and 1m. In both cases, point clouds are randomly rotated, noised, and
regularized to 1024 points which is the input to our point cloud encoder. Random rotation
is sampled by selecting a random unit vector (axis) and a random magnitude (angle). Point
jitter randomly perturbs the 3d coordinate of the points with a standard deviation of 1cm in
all directions around the original to emulate jitter artifacts of a noisy sensor stream. Point
dropout randomly reduces the availability of unique points by removing up to 40% of the
input points. Since the input point cloud has to be of a fixed shape, the removed points are

replaced by duplicating existing points. To avoid relying on an explicit canonical frame, the
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Figure 3.8: Distribution of training and test object instances in the 63C category set.

point cloud and grasp poses are both expressed in a frame with the origin at the centroid of

the input point cloud.

3.4.4 Hyperparameters

We linearly anneal the ELBO modifying hyperparameter A annealed linearly from 1le — 7 to
0.1 for 50% of the training steps and then held constant until the end of training. This ensures
that the KL term does not vanish in the early stages of the training while also enforcing lower
regularization to prioritize grasp pose reconstruction during the later stages. For the first
term of the ELBO (Eq. [3.5) loss that measures reconstruction, we use L2 loss between
inputs and outputs of the 6-parameter grasp pose. We use a multi-step schedule on the
learning rate and scale down the learning by 0.1 every 1/3rd of the total training steps, going
from 1e-3 to 1e-5 to avoid large optimization steps in later stages of the training. For the
diffusion model, the noise variance (3;) for forward diffusion is set to a linear schedule with
Bo = be — 5 and pr = le — 3. The denoising diffusion formulation closely follows the original
DDPM formulation with 1000 time steps. We track the exponential moving average of the

model weights and use the model with averaged weights for evaluation. The training is done
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Figure 3.9: Grasp generation performance and scaling on full object point clouds (N = 1024).
(a) The mean success rate in a simulation of 300 generated grasps poses per object. (b)
SE(3) EMD between ground-truth grasp pose distribution and 100 sampled grasp poses
(lower is better). SES3-DiF-1C and SE3-DiF-63C are the SE(3) Grasp Diffusion models
from [123].

for a total of 180,000 steps (63C) and 100,000 steps (1C) on a system with an Intel Xeon
Skylake CPU and two Nvidia V100 SXM2 GPUs with 16GB VRAM each.

3.5 Experiments

Evaluation

We evaluate success rate of the grasp poses generated by the models in a large-scale
parallel simulation in Isaac Gym [244]. We evaluate the performance scaling by testing on
1C and 63C sets. In the simulation, we use only a Franka-Emika two-fingered gripper without
the robotic arm and ignore gravity to avoid the effect of external factors on the evaluations.
For each grasp pose, the simulation executes three steps to report a grasp success or a
failure. (1) The gripper is spawned at the given grasp pose relative to the object with the
fingers open. (2) The fingers are closed at the grasp pose. (3) The gripper lifts the object 1m
in the +Z direction. Finally, a grasp is reported successful if the object remains attached to
the gripper. Note that the evaluation is conservative as any penetration of the gripper in the
first step or adverse contact in the second stage will result in a grasp failure. On the other
hand, we observe that for many large objects, ground truth grasp poses in the ACRONYM

dataset provide a very low or zero success rate. Therefore, we filter out the objects in each
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Figure 3.10: Multi-object grasping environments in Isaac Gym for success rate evaluation.

set for which the ground truth grasps fail more than 75% of the time.

While the success rate evaluates the quality of grasp generation, a model with a high
success rate may generate grasps only around a small region of the object, instead of cov-
ering all the graspable regions around the object. Consequently, we also use SE(3) Earth
Mover’s Distance (EMD) metric [123] to evaluate how well the trained models learn the
object-centric grasp pose distribution. The SE(3) EMD metric evaluates the empirical dis-
tance between two distributions of SE(3) poses. To compute this, we sample 100 grasps
per object from a model and sample 100 random grasps from the ground truth datasets. To
further validate the flexibility of GraspLDM, we provide additional results on sampling speed

and task-conditional generation.

3.5.1 6-DoF Grasp Generation

Here, we evaluate the ability of GraspLDM models to learn the complex distribution of suc-
cessful grasp poses on full object point clouds. For each object, we take 3 randomly sampled
and augmented point clouds and generate 100 grasps on each. We aggregate the simula-

tion results from all 300 grasp attempts into a mean grasp success rate per object reported
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in Fig.[3.9al To assess the benefits of adding the diffusion model, the success rate results
of GraspLDM models are compared with the corresponding GraspVAE models, which is the
base VAE model with the same weights. For the baseline, we use the SE(3) grasp diffusion
model [123] (SE3-DiF-63C). To understand the scaling behavior, we present results from
each network on 1C and 63C sets. Further, Fig. reports the EMD metric that evaluates
the ability to cover the distribution of grasps in the data.

For success rate, we outline two observations in Fig.[3.9a] First, the LDM models consis-
tently improve upon the base VAE models, demonstrating that the sample quality improves
by using a diffusion model in VAE’s latent space. Second, the success rate performance
of GraspLDM models scales better to a larger object set (63C). Comparing the median of
the success rate on the test set in Fig. GraspLDM-1C improves the median success
rate to 88% compared to 84% of GraspVAE-1C. On the larger 63C set, the GraspLDM-63C
model improves the median success rate to 78% compared to 66% from GraspVAE-63C.
GraspLDM models also improve the inter-quartile range in each case. For the comparison
against the baseline, SE3-DiF-1C model reports a median success rate of 89% which is
comparable to 88% the GraspLDM-1C model. On the larger 63C set, we observe that the
GraspLDM-63C model registers 78% median success rate and distinctly higher inter-quartile
range compared to SE3-DiF-63C. Therefore, GraspLDM models scale more favorably to
larger object sets compared to the state-of-the-art approaches. During the tests, we also
observed that the models available from [123] do not hold out a test split and are trained
on all objects. Therefore, the comparison to SE3-DiF models [123] is conservative, which
emphasizes the performance of GraspLDM on withheld objects.

Overall, the results validate our hypothesis that a diffusion model in the latent space
can bridge the prior gap in the latent space to provide higher-quality grasp pose samples.
Fig. visualizes this effect where the latent de-noising moves latents corresponding to
bad grasps towards good grasp regions during the reverse diffusion process. In terms of
grasp failures, we observe a major portion of them in large objects whose graspable regions
are far from the center of mass. When lifted in simulation, the reaction torque snaps the

object out of the gripper fingers and therefore is reported as a failure.
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Figure 3.11: Visualization of latent space de-noising in GraspLDM. Reverse diffusion de-
noises these latents from ¢ = T to ¢ = 0, gradually moving the bad grasps towards regions
of good grasps.

Fig. [3.9b] shows that our models also register low EMD for most test objects, demon-
strating good coverage of grasp modes in the ground truth data. The EMD performance
of GraspVAE and GraspLDM models are comparable or marginally better than the state-of-
the-art grasp diffusion models from [123]. However, the results show that while GraspLDM
models effectively learn the grasp distribution, they have a slightly worse EMD compared to
the GraspVAE models. We attribute this to two factors. First, reverse diffusion moves poor
grasp poses (e.g. colliding or free-space grasps) towards a smaller number of high-density
regions that tend to provide a higher success rate. Second, we follow the computation of
SE(3) EMD from [123] by using cosine distance for rotation and metric Euclidean distance
for translation. As a result, the EMD metric is more sensitive to the similarity in rotation

despite translation having a potentially larger effect on the success of grasp execution.

3.5.2 Conditional Grasp Generation

For many manipulation tasks, the desired grasps are subject to a task context. Here, we
demonstrate the flexibility of our architecture to provide this task context as conditional guid-
ance in the latent space representing unconditional grasps. We do this by training a task-
conditional diffusion model post hoc. For the proof-of-concept, we consider simple region-
semantic labels "top”, "body” and "bottom” as our conditioning signals. We use full point
clouds of objects as inputs and pre-train a VAE without any task labels. We then include

task labels only during the training of the diffusion model in the second stage. We associate
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Figure 3.12: Visualization of task-conditional de-noising in the latent space for a region-
semantic class label (top, body, or bottom)
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a ground-truth class label of "top”, "body” or "bottom” to each grasp based on whether the
origin of the gripper’s root is above, along, or below the unrotated object point cloud. We
supply these labels to the diffusion model as an additional conditioning signal. The label
and the point cloud latent are projected to a higher-dimensional embedding of the same
shape. Subsequently, they are added together and used to condition feature maps at each
residual block using FiLM module. We use a reduced subset of test objects for which these
labels are meaningful (e.g. bottles) and remove those for which these labels are not relevant
(e.g. plates). The final test set contains 200 unseen objects. We take pre-trained encoders
and decoders from the GraspVAE-63C model and train the task-conditioned models (Task-
GraspLDM) post-hoc, in less than 2 hours on a single NVIDIA V100 GPU.

At test time, we generate 50 grasps for each mode (top, bottom, and body) of an object.
The input object point cloud is augmented with random rotations. To check whether the
generated grasp complies with the input label, we reverse the rotation transformation and
check the location of the gripper’s root, as earlier. We report the precision between the
labels of generated grasps and the labels supplied as conditioning. In this setting, the Task-
GraspLDM model provides a average precision of 0.703 over all objects. This precision

here is the ratio of the number of grasps generated in the correct region to the total number
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Table 3.1: Reverse diffusion sampling speed-up and performance of GraspLDM-63C.
Standard DDPM (1000 steps) is compared with a fast sampler- DDIM (100 steps) for the
number of grasps generated (Ng) without re-training.

Sampling N¢g =100 Ng = 1000 Median
(s) (s) success rate
DDPM 7.39 + 0.055 11.80 £ 0.290 0.792
DDIM 0.754 +0.019 1.149 + 0.009 0.756
VAE 0.020 £ 0.004 0.0254 + 0.009 0.660

of grasps generated. We observe that the reverse diffusion process seamlessly moves a
latent from a prior distribution to the desired task-conditional distribution, as visualized in
Fig. The tests show that GraspLDM allows effective injection of task conditioning post-
hoc. Currently, the models are limited by the cases where there are no ground-truth grasps
for a given label. For instance, if there are no ’bottom’ grasp annotations for a laptop, the
model generates grasps unconditionally all over the object. This can be addressed in future
work along with more complex task contexts. Furthermore, this can be extended to more

complex conditioning inputs like points, poses, and heuristics.

3.5.3 Reverse Diffusion Sampling

A notable disadvantage of using DDPM-based grasp generation is the time to execute large
number reverse sampling steps in a sequential manner. In DDPM, a large T is required to
ensure that the Gaussian conditional distributions in Eq.[3.7]are a good approximation [228].

A [Denoising Diffusion Tmplicit Model (DDIM)| [245] assumes a non-Markovian forward pro-

cess to speed up the sample generation and requires a lower number of sampling steps.

Further, it can be used as a drop-in sampler to use with a score network trained on the DDPM
objective in Eq. without any re-training. To assess the performance and sampling speed
trade-off, we take the GraspLDM-63C model and compare DDIM sampler with 100 steps
with the naive DDPM sampler. Table compares the execution time of the reverse diffu-
sion loop in DDIM with the baseline 1000-step DDPM. Using DDIM sampling as a drop-in
replacement, the sampling time drops to 0.75s for 100 grasps and 1.1s for 1000 grasps.

This is 10x faster than DDPM with a small loss in success rate (3.6%). The experiment was
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Figure 3.13: Grasp generation performance of GraspLDM models on partial point clouds of
1C and 63C object sets.

conducted on a system with NVIDIA RTX 3080Ti GPU and Intel i7-12800H CPU. Given the
rapid progress in creating fast reverse diffusion samplers, our pipeline provides the flexibility
to trade off speed against performance for such diffusion samplers. In contrast, SE3-Grasp-

DiF [123] models cannot leverage new samplers without re-training.

3.5.4 Single-view Point Clouds

For many real-world use cases, only single-view point clouds are available for grasp genera-
tion. Therefore, we also evaluate the GraspLDM framework’s ability to learn the distribution
of grasps on noisy partial point clouds. For evaluation, we use the simulation environment as
before, with the addition of a depth camera. The cameras are spawned randomly between
30cm and 1m from the object. We use the partial point cloud thus obtained to sample 25
grasps and execute them without filtering. For each object, we repeat these for 20 random
camera poses. The success rate is reported in Fig. [3.13|for GraspVAE-P-1C, GraspLDM-P-
1C, GraspVAE-P-63C, and GraspLDM-P-63C models, where 'P’ implies that the model was
trained on partial point clouds. In both cases, GraspLDM models improve the performance
of the base VAE model. We found that for GraspLDM-P-63C models, higher capacity is
required to compress a meaningful latent representation for 63C partial point clouds. We

increase the grasp latent (z;,) size to 16.
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Figure 3.14: Special scenarios affecting GraspLDM performance : (a) Failure on large ob-
jects from adverse torque. (b) Failure of region-semantic conditional generation for "bottom”
grasps. (c) GraspLDM-P-63C generates colliding (orange) and free-space grasps (red).

Note that we do not use preferential camera viewpoints, grasp filtering, or a support
surface in the background. As a result, this evaluation provides a conservative metric for
6-DoF grasp-generation performance. This can be considered as the approximate lower
bound of the grasp generation performance for real-world use cases. A large number of
failures result from grasps that collide with parts of the objects not visible in the partial point
clouds as shown in Fig. Depending on the viewpoint, this occlusion confuses the
model to see incomplete surfaces as edges where the object could be grasped. For larger
objects where grasps are concentrated in a small region of the object, these regions may
not be available in a partial point cloud.

These issues highlight the need for discriminating bad grasps from good grasps for real-
world tests. This can be done using a classification network on top of GraspLDM (as in real-
world tests in section [4.5) or preferably by adding a classification layer after the decoder.
The latter problem of classifying grasps using a decoder of the current architecture, such
that it can also be used for task-specific diffusion models, requires investigation and is out

of the scope of the current work.

84



3.5.5 Ablation Study

Here, we ablate our design and hyperparameter choices to understand the impact of each
component on the model performance. In each case, we take the baseline GraspVAE-63C
and GraspLDM-63C model configuration and retrain it with a single variation. The evaluation
follows the same protocol as in Section 3.5 except for total training steps that are reduced to
150,000.

KL Annealing

We evaluate the impact of KL weight (\) in the ELBO objective (Eq. 3.5) and linear annealing
on grasp synthesis performance. Five different KL weights from 0.01 to 1.0 are tested, each
with constant and annealed schedules. In the case of annealed schedule, the weight is
linearly increased from 1le — 7 to the specified value for 50% of the training steps and then
held constant. In this case the value denotes the final KL weight.

The results in Table [3.2)firstly confirm that the KL weight is crucial for the performance of
the GraspVAE and GraspLDM models. For a true ELBO objective (A = 1.0), the model fails
to learn a meaningful generative model because of over-regularization of the latent space.
As the KL weight is reduced, the GraspVAE model performance increases first and then
decreases, with the maximum grasp success rate at A = 0.1. Fig. [3.75 shows the evolution
of the KL divergence and reconstruction loss during training of the base GraspVAE models.
The trade-off between KL divergence and reconstruction loss is evident in the training plots.
For higher A, the KL divergence dominates the loss at the cost of reconstruction accuracy.
Intuitively, this means that the approximate posterior is heavily regularized and each sampled
latent from the posterior distribution carries less information about the data sample to allow
for good reconstruction. Towards, lower )\, lower regularization results in each sampled
latent carrying more distinct information about the training sample, allowing more accurate
reconstruction. On the other hand, better reconstruction accuracy does not directly imply
better test time performance, as seen in evaluations for A = 0.01 and 0.05. For A = 0.1,

the model learns a generative model that generates meaningful samples from a regularized
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Table 3.2: Ablation Study: Impact of KL weight and annealing on grasp synthesis
performance of GraspLDM models. * denotes default configuration.

KL Weight Schedule | Weight (\) | Median Success Rate (%) A
GraspVAE-63C

Annealed* 0.01 52.7 -17.5
0.05 63.1 -7.1
0.1* 70.2 -
0.5 18.4 -51.8
1.0 1.2 -69.0

Constant 0.01 53.9 -15.4
0.05 65.0 -4.3
0.1 69.3 -
0.5 18.7 -50.6
1.0 0.8 -68.5
GraspLDM-63C

Annealed* 0.01 69.7 -9.5
0.05 77.9 -1.3
0.1* 79.1 -
0.5 11.7 -67.5
1.0 0.6 -78.6

Constant 0.01 70.0 -8.6
0.05 77 1 -1.5
0.1 78.6 -
0.5 10.9 -67.3
1.0 0.4 -78.2

latent space that provides test-time generalization.

A notable suprise is that we do not observe evidence of complete posterior collapse in
GraspVAE-63C models, even for constant schedule of high KL weights. We expected that
constant and higher KL weights would lead to posterior collapse, resulting in an autoregres-
sive decoder as discussed in Section 3.2.3. Such an autoregressive decoder would exhibit
a rapid drop in both the KL divergence and reconstruction loss. This is not observed during
training. Since KL annealing is a practice to alleviate posterior collapse, then it is not entirely
unexpected that there is no significant performance difference between the constant and
annealed schedules for the same KL weight. It is not entirely clear why we do not observe
posterior collapse at higher KL weights. There may still be a higher posterior gap in the
models trained with higher KL weights, which would explain the performance drop and the

reconstruction error variations. This analysis needs further investigation in future work.
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Figure 3.15: GraspVAE-63C: KL Divergence and Reconstruction Loss during training with
different KL weights.

Another interesting observation is that the GraspLDM-63C models are less sensitive to
lower KL weights, i.e. less regularized latent spaces, compared to GraspVAE-63C models.
This is intuitive, as the diffusion model can fit a more complicated prior in the latent space,
given sufficient capacity. As long as the decoder can meaningfully reconstruct the data
from latent, the prior distribution of latent can be fit with the diffusion model. This is why
the performance difference between GraspLDM models at A = 0.01, 0.05, and 0.1 is not
significant like GraspVAE-63C models. This might also indicate that our baseline diffusion
model may be over-parameterized for the task, as it effectively fits more complicated priors
at lower regularization. As a consequence, a more efficient diffusion model could be used

to achieve similar performance at A = 0.1.

FiLM Conditioning

GraspLDM uses a shape latent i.e. a learned global object descriptor to condition the en-
coding, decoding and denoising processes. The objective of the conditioning is to use this
information to change a subset of parameters of the network that allows it to introduce de-
pendency of output features on the shape latent. In FiLM, we use a small sub-network to
take the shape latent as input and predict scale and bias for the features at conditioning

layers. The features at those layers are then transformed using the predicted scale and
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Table 3.3: Impact of FiLM conditioning on grasp synthesis performance. * denotes default
configuration.

Conditioning Type | Median Success Rate (%) A
GraspVAE-63C

FiLM* 70.2 -
Linear Projection + SiLU + Addition 65.2 -5.0

GraspLDM-63C

FiLM* 79.1 -
Linear Projection + SiLU + Addition 70.8 -8.3

shift. We compare this with a simple method of biasing the encoder/decoder features at
conditioning layers i.e. without scaling. In the latter, we take the shape latent, project it to
the same dimension as the feature map using linear layers, followed by the SiLU activation
function and adding it to the feature map. This can be seen as per-neuron linear biasing.
The layers at which features are conditioned are kept unchanged from FiLM configuration.
Table 3.3 shows the performance comparison of GraspLDM models with and without FiLM.
The results clearly show the merit of FiLM conditioning in improving the grasp synthesis
performance in both GraspVAE and GraspLDM models.

One can also use other methods like hypernetworks [246] and simple concatenation.
The hypernetwork-based conditioning is usually used for small networks like an MLP, where
small number of parameters are easy to predict. For larger networks like GraspLDM, the
implementation is challenging. This was not attempted in this work. We were also unable to
test the concatenation-based conditioning of the default 3-channel shape latent consistently
in the baseline configuration of GraspLDM models. In a naive implementation, one could
flatten the shape latent and concatenate each of the PVCNN features with it. However, this
would significantly increase the number of parameters at conditioned layers and change the
topology of the bottlenecks in residual sub-networks. This can be addressed in the future

work.
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Table 3.4: Impact of shape latent size on grasp synthesis performance. * denotes default
configuration.

Latent size Latent Parametric Median Success Rate (%) A
channels capacity (#)
GraspVAE-63C
64* 3* 192* 70.2 -
64 1 64 29.3 -40.9
128 2 256 58.5 -11.7
256 1 256 50.6 -19.6
GraspLDM-63C
64* 3* 192* 79.1 -
64 1 64 35.6 -43.5
128 2 256 65.0 -14.1
256 1 256 53.9 -25.2

Shape Latent Size and Structure

In the GraspLDM framework, we use a modular point cloud encoder to encode the observed
point cloud, which provides better training efficiency. But, the information is encoded (and
compressed) to a much smaller feature vector or tensor representing the object shape. This
descriptor plays a crucial role in how the point cloud information is conveyed to the grasp
encoder, decoder, and the diffusion model. Since the point cloud encoder is trained jointly
with the VAE on the ELBO objective, it is difficult to interpret how this shape latent stores local
and global information. However, we can comment on general trade-off involved in encoding.
A smaller latent size allows for more efficient operations using the encoded latent, especially
in GraspLDM where network layers are repeatedly conditioned on this latent using FiLM.
However, the lack of capacity limits both the information that can be stored in descriptor
and the separation of distinct samples in the latent space, especially for large datasets with
diverse samples. The latter implies that under input and feature noise, the model may easily
confuse between different kinds of objects and generate poor grasp samples. On the other
hand, a larger latent size can store more information about the object shape, but it can also
lead to overfitting and increased computation cost in conditioning at each layer. To balance
the two effects, we are interested in understanding the impact of latent size on the model

performance. We evaluate the performance of GraspLDM models with latent sizes of 8, 16,
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Figure 3.16: Point cloud reconstruction from latents with different number of channels for (a)
Laptop (b) Cup. The reconstructions are obtained by training a decoder (encoder configura-
tion reversed) to minimize 3D EMD loss.

and 32. In addition, we also vary the number of channels of the latent. The results are
shown in Table [3.4

The results show that removing the latent channels in the default configuration of GraspVAE-
63C and GraspLDM-63C, such that the latent is a 1D tensor, significantly reduces the grasp
success rate. The natural interpretation would be that the latent with 3 channels has higher
parametric capacity and is therefore more expressive. However, we observe that simply
increasing the parametric capacity is not sufficient. The structure of the latent is also im-
portant. This is evident in the results, where the 3-channel latent with the length of 64,
significantly outperforms the 2-channel and 1-channel latent shapes despite having lower
parametric capacity. This points to inductive bias of the point cloud encoder ( PVCNN ar-
chitecture) towards 3-channel data structure similar to a point cloud. Such 3-channel latent
structure is also utilized in [229], where they call it latent points.

To further understand if the PVCNN architecture behaves differently under different num-
ber of channels, we train a point cloud autoencoder that encodes a point cloud to a latent

and tries to recover the original point cloud from it. The encoder is the same as the point
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Table 3.5: Impact of conditional grasp latent size on grasp synthesis performance. *
denotes default configuration.

GraspVAE-63C
Latent size | Median Success Rate (%) A

4 70.2 -1.2
8 70.4 -1.0
16 71.4 -
32 69.7 -1.7
GraspLDM-63C
4> 79.1 -
8 73.1 -6.0
16 74.5 -4.6
32 71.4 -7.7

cloud encoder in GraspLDM models. The decoder is simply a mirrored version of the en-
coder. The autoencoder is trained to minimize the 3D EMD loss. The reconstruction from
the decoder for different channel configurations is shown in Fig. It shows an interesting
phenomenon where point cloud reconstructed from the 1-channel latent resembles warped
line wrapped approximately around the original shape. Similarly, the 2-channel latent results
in a point cloud that resembles warped plane and 3-channel latent most accurately repre-
sents the original shape. As such results are dependent on the decoder design, it might
be possible to design a decoder that can accurately reconstruct the point cloud from a 1-
channel latent. However, given the correlation with grasp success results in Table it
is likely that the 3-channel latent structure stores object geometry most effectively for our

architecture and is most suitable for the task.

Conditional Grasp Latent Dimensions

Similar to the shape latent, the conditional grasp latent size is equally important for perfor-
mance. Recollect that this parameterizes the latent space. The goal of VAE training is to
learn a continuous latent space with potentially disentangled latent variables. Smaller latent
size forces regularization and the training samples are fit to latents that are closer in the
latent space. This is desirable for learning a continuous latent representations. However, if

the latent space is low-dimensional, it can lead to poor separation of diverse samples (e.g.
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different categories) in the latent space resulting in poor sample quality. While a larger latent
size can store more information about the training samples, the samples may be spread
too far apart in the latent space, leading to overfitting posterior. To this extent, we test four
different latent sizes for the conditional grasp latent in GraspVAE-63C and GraspLDM-63C
models. The results are shown in Table 3.5

The surprising observation here is that both GraspVAE-63C and GraspLDM-63C models
are less sensitive to the change in latent size. The performance of grasp latent of size 4
is relatively close to the latents of size 8, 16 and 32. This might have to do with lower
regularization in the latent space induced by lowering the KL weight to 0.1. On the other
hand, it might also indicate that all these latent sizes are equally suboptimal choices for
learning a continuous latent space for this task. A more detailed investigation on this is left

to future work.

3.6 Discussion

GraspLDM demonstrates that latent diffusion provides a powerful mechanism to improve
generative performance, flexibility to downstream tasks, and sample quality. Through vari-
ous analyses, we have addressed challenges facing generative models for grasp synthesis.
However, there are still limitations and areas for improvement. The GraspLDM models can
generate unlimited grasps around relevant regions of the object. However, some of these
can be poor in quality, such as those that collide with the object or are unstable. This is
especially the case when dealing with single-view and partial point-clouds. In practical ap-
plications, a separate classifier needs to be trained to discriminate the generated grasps and
select the best one. One problem with external classifier is that it needs to be trained sep-
arately and hinders GraspLDM models to be truly modular for task-specific generation. In
task-specific settings, the classifier needs to discriminate grasps that are stable and suitable
for the task at the same time. Some notion of grasp quality should be bootstrapped inside
the GraspLDM architecture in the future that supports its modular nature.

The choice of using a VAE brings with it the benefits of a regularized latent space but
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also non-trivial challenges in training. We have tackled several challenges in this chapter
with the use of latent diffusion prior, modular point cloud encoding, FiLM conditioning and
KL weighting. However, efficiency of the GraspLDM models can be further improved. One
such direction is by exploring the role of capacity of the encoder and the decoder. Currently,
both networks are nearly similar in structure and capacity. While over-parameterization of
the encoder can help reduce the posterior gap, over-parameterized decoders can lead to
higher overfitting [232]. Similarly, the performance of the latent diffusion model at lower KL
weights in Table hinted at possible over-parameterization of the diffusion model. Finally,
reverse diffusion sampling speed-up demonstrated with DDIM sampler still takes around 1s.
Recent advances on efficient samplers for diffusion models can be leveraged to make the
GraspLDM models faster. Together, these potential improvements can make GraspLDM
more efficient and performant for 6-DoF grasp synthesis.

It is important to note that our models are trained on only 63 out of 180 categories
in the ACRONYM dataset due to compute constraints. We believe that the performance
and generalization can be improved further by incorporating the entire dataset in the train-
ing. A unigue advantage of the GraspLDM is its ability to enable flexible plug-and-play
approach to task-specific grasping that inherits from a general grasping model. The validity
of this idea is validated in a preliminary experiment for class-conditioned generation in Sec-
tion However, the analysis needs to be extended to more complex task conditioning
inputs like points, poses, and embeddings. Finally, the GraspLDM models are object-centric
and scene-agnostic. This introduces the requirement for external collision checking, which
can be a significant bottleneck in cluttered scenarios. To show the ability of GraspLDM to
generate grasps in cluttered scenes, they can be trained on synthetic cluttered scenes. How-
ever, the ideal solution would be to incorporate efficient collision checking in a manner that

allows GraspLDM to preserve its scene-agnostic and general purpose synthesis capability.
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3.7 Summary

Learning generalizable representations for grasp generation is fundamental to robotic grasp-
ing. In this chapter, we proposed GraspLDM- a novel generative framework for object-centric
6-DoF grasp synthesis using latent diffusion. Our architecture allows de-noising diffusion
models to be used as expressive priors in the latent space of VAEs. GraspLDM enables ef-
ficient learning of the complex multi-modal distributions of object-centric 6-DoF grasp poses
on point clouds. We conduct large-scale simulation tests to show that GraspLDM outper-
forms baseline methods and provides a 78% median success rate on our test set of 400
objects from 63 categories that were not seen during the training. GraspLDM shows good
grasp generation performance while scaling favorably to large object sets compared to ex-
isting methods using generative modeling. We also show concrete solutions to challenges
faced by existing generative models and provide insights into the design choices that im-
pact the performance of GraspLDM. These proposals are validated by an extensive ablation
study. The GraspLDM framework is also validated on single-view point clouds generated in
simulation to understand the lower-bound performance in arbitrary 6-DoF grasping scenar-
ios. Finally, we demonstrate the flexibility of our architecture to train efficient task-specific

models and to use speed-up reverse diffusion for downstream applications.

Contributions

1. We introduce a new generative modeling framework for 6-DoF grasp synthesis
using latent diffusion. To the best of our knowledge, no other work has applied latent

diffusion for 6-DoF grasp synthesis for scalable real-world parallel-jaw grasping.

2. We show that a diffusion model in the latent space improves the grasp sample
quality of a standard VAE model. In simulation tests, our latent diffusion models
improve generation performance. Further, they transfer to the real world to provide

more stable grasps from single-view point clouds.

3. We demonstrate that our architecture enables the injection of task-specific con-
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ditioning in generation with limited additional training effort. The separation
of VAE and diffusion model introduces flexibility that allows rapid training of task-

specific models in the latent space.

. We make the models and code available open-source for the community to use

and extend. The resources are available athttps://github. com/kuldeepbrdl/GraspLDM.
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Chapter 4

Object-centric System for Real-world

Grasping

4.1 Introduction

The simulation environment offers many benefits, primarily by enabling controlled analyses.
However, the usefulness of a robotic system, model, or algorithm can only be validated in
the real world. Real-world manipulation systems are prone to inaccurate kinematic models,
which limits the precision of finger placement on objects. In robotic grasping specifically,
the complexity of contact dynamics, combined with stochastic noise from sensors and ac-
tuators, creates significant disparities between simulation and reality. Vision-based sensors
introduce additional complexity due to their sensitivity to photometric changes and calibra-
tion errors. For depth sensors using stereo disparity or LiDAR, depth uncertainty increases
on reflective surfaces, around object edges, and in regions with low texture.

The challenge of transferring performance from simulation to the real world has been a
persistent issue in robotic grasping. Analytical grasp synthesis approaches, which rely on
form or force-closure analysis with idealized hand-object contact models, often prove fragile
in practice [31]. These approaches may fail to generalize to objects of certain sizes [247] or

underperform in the real world, particularly when compared to techniques like imitation [32].
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In the modern data-driven paradigm, the models need to be learned on a large amount
of data that is impractical to generate in the real world. Then, the primary challenge lies
in training models with simulation-generated data that can effectively generalize to various
real-world settings.

In the previous chapter, we introduced GraspLDM - a powerful generative model for
6-DoF grasp synthesis. GraspLDM models learn a distribution of successful grasps condi-
tioned on an object point cloud in the latent space. From this latent space any number of
grasps can be sampled. In this chapter, we introduce the system that enables GraspLDM
to be applied in real-world scenarios. First we outline the system architecture in Section 4.2
and describe the individual components in detail in Section 4.3. The software and hardware
architecture are covered in Section 4.4. Finally, the validation of the system with GraspLDM

models in real-world robotic setups is presented in Section 4.5.

4.2 Grasp-0O: Object-centric Grasping System

The objective of this system is to utilize grasp samplers like GraspLDM and facilitate grasp
execution with minimal human intervention. The primary application is to enable evaluation
and validation of object-centric grasping methods in a consistent manner. To accomplish
this, it must allow for straightforward integration and benchmarking of other grasp samplers.
The secondary objective is to maintain modularity, allowing adaptation for downstream ap-
plications of object-centric grasping beyond pick-and-place tasks. Our proposed pipeline,
called Grasp — O, is shown in Fig. The execution begins with a calibrated camera ob-
serving a robot’s workspace, capturing an RGB-D frame of the scene. The system then re-
quires selection of the target object to be grasped. In autonomous manipulation routines, this
selection would typically be made by a high-level task planner providing a semantic prompt.
For our implementation, we use operator input as a proxy for such a task planner, assuming
the target object is within the camera’s field of view. The operator can indicate the object of
interest through various inputs: bounding box specification, region selection, or point iden-

tification. This input is processed by a segmenter based on segment-anything [221, [248],
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which generates a segmentation mask for the target object. The system uses this mask to
extract the object’s point cloud from the aligned depth image. A reference frame is then at-
tached to the geometric center of the observed points, and point coordinates are transformed
to this frame. The object point cloud is processed by the grasp sampler, which generates
N grasp poses conditioned on the point cloud in the same reference frame. A classifier
then assigns a success probability to each grasp pose, ranking them in a decreasing order.
Grasp poses with success probabilities above a threshold (sy,) are sequentially evaluated
for feasibility using a motion planner. This planner incorporates joint limits, path constraints,
available environment model, and dynamically assigned collision objects. The first feasible
grasp is executed by the robot, after which the system returns control to the operator and
awaits the next request. The following section details the system components along with
hardware and software architecture. While the system is designed to be modular and exten-
sible to multiple prompts, scenarios, and configurations, this chapter focuses specifically on

the end goal of evaluating grasp synthesis models like GraspLDM in the real-world.
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4.3 Pipeline

4.3.1 Classifying 6-DoF Grasp Poses

While grasp samplers like GraspLDM and GraspVAE can generate numerous diverse grasp
poses, some poses may be suboptimal. These models learn from limited positive-only sam-
ples of successful grasps. The loss of precision or noise in learned representations may
generate problematic grasps: gripper poses that collide with the object, grasp in free space
away from the object, or target regions not visible in the point cloud. Given these chal-
lenges, classifying and ranking grasp quality is essential for real-world grasping. The need
to discriminate and rank grasp poses is well-established in the literature, appearing as grasp
success prediction, evaluation, and classification. When a full object model is available, an-
alytical force closure conditions with an e-metric threshold can be used [21]. However, for
a single RGB-D frame, grasp classification must rely on noisy and unstructured depth in-
formation. Consequently, data-driven binary classification has become prevalent. Previous
works have approached this challenge through binary classification [91], |129] 249 1102, 89]
or continuous metric learning [112, |64]. For direct grasp pose regression, the prediction of
grasp quality can be bootstrapped within the same network [90, 95, 98].

In our pipeline, we introduce GraspClassifier, an efficient grasp pose classifier that works
effectively with GraspLDM models. The GraspClassifier learns to assign a success probabil-
ity p(s|x,, H) for a pair of object point cloud and grasp pose. While previous approaches [91,
129, [249] have utilized CNNs with various image representations, we leverage the object
point cloud which is already used during grasp synthesis. The quality of a grasp pose de-
pends on the spatial relationship between object and the gripper at a query pose. Such spa-
tial relationships in 3D are more explicitly captured in 3D representations like point clouds
than in images. This makes it simpler to predict collision, free-space, or contact-poor grasp
poses. Importantly, we can adapt the PVCNN architecture described in Section 3.4.2 with
minimal modifications to build the classifier.

We represent gripper poses using a set of points, similar to [89]. However, rather than

sampling points from a gripper mesh, we employ a set of 76 control points to minimize
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computational overhead. These control points are defined in the gripper frame and sized for
a nominal finger sweep width of 82mm, corresponding to the Franka hand. Recall that grasp
poses are sampled relative to a reference frame at the observed point cloud’s centroid. The
gripper control points are transformed to this object frame and combined with the object

point cloud into a composite point cloud (x. = x,. Ux,), as shown in Figure 4.2

Network Architecture

We use PVCNN backbone for the GraspClassifier. To distinguish between object points
and gripper control points, a binary feature label is assigned to each point. PVCNN, like
other point-set architectures, maintains spatial and semantic information branches along the
network. The spatial branch tracks point coordinates while the semantic branch manages
relevant features. Features at each layer depend on point coordinates and corresponding
point features from the previous layer. The binary labeling adds an inductive bias, focusing
the learning on relationships between these point subsets, guided by classification loss. The
input is a N.x3 tensor, where N, = 1024(object) + 76(gripper), is the total number of points.
This is processed by a PVCNN (0.5C'| 0.5R) network with two PVConv blocks and two MLPs,
where the architecture definition follows Section This network provides a feature tensor
of size 1024xN,, which is then processed by the classifier module that first converts this
feature tensor to 1D tensor of size N, using 1-D convolution layer and then converts it to a
single logit using an MLP with hidden layer of size 128. The logit is then transformed through
a sigmoid function to produce class probabilities between 0 and 1. Each network forward
pass predicts success probability for a single grasp pose using the corresponding composite
point cloud, emphasizing the need for only adding a minimal yet representative set of gripper

control points.
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Figure 4.2: lllustration of positive and negative grasp samples used in training. (a) Point
cloud representation of object grasp pair used as input to the classifier. (b) Negative grasp
sample from ACRONYM dataset annotations that fail in simulation (c) Negative grasp sample
with finger sweep in an occluded region with no points (d) Negative grasp colliding with the
object (e) Negative grasp in the free space around the object

Training
The model is trained to minimize the binary cross-entropy loss:

1 N

Lpcr(s,8) = -~ (slog(s) + (1 — s)log(1 — 3)) (4.1)
where s is the ground truth success label and § is the predicted success probability and N
is the number of samples. To train the grasp classifier well, we require positive and negative
samples of grasps. Since the ACRONYM dataset provides success annotations for each
grasp sample, we use it as the base training dataset. However, the grasp samples in the
base dataset are sampled such that mid point of the gripper is close to the surface. We
find that this limits the diversity of negative samples for the classifier. As a result, training
the classifier with base dataset alone does not classify colliding and free-space grasps very
well. To solve this, we synthetically generate more negative samples by perturbing existing
grasps. First, we apply a random rotation and translation. Then, we check the minimum
distance between the gripper and the object points. If the minimum distance is below the
median intra-point distance threshold, the grasp is assumed to be colliding with the object
as shown in Figure[4.2d] If a grasp is not colliding with the object, we check the sweep area
between the two finger tips has any object points. If there are no object points in this sweep

area, the grasp is either in the free space or in an occluded region of the object as shown in
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Table 4.1: GraspClassifier performance metrics on validation set

Metric | Value
Accuracy 0.87
Precision 0.86
Recall 0.97
F1 Score 0.92

Figure and

The control points used to represent the gripper are pre-generated from wrist, finger and
finger sweep dimensions of the Franka hand. Specifically, we take the four links defining
the root, wrist and the fingers and subsample a total of 76 points to represent the grip-
per. We train the classifier network on RGB-D renders of objects from the 63 category set
in ACRONYM [99]. To avoid the data loading latency of online rendering in the training
loop, we use a set of 8000 renders on the objects of 63 categories, similar to the training
of GraspLDM-P-63C and GraspVAE-P-63C. Combining positive and negative grasps, each
render contains 2000 grasp annotations in the set. The training is done two NVIDIA V100
16GB GPUs with a batch size of 192 composite point clouds. To further optimize data-
loading latency for each render, we compose a batch with 36 random grasp samples for 6
random objects. As opposed to loading one random pair of grasp pose and point cloud,
this allows to reduce per worker latency of fetching the training samples that includes point
cloud de-projection, grasp pose augmentations for negative samples and CPU-to-GPU data
transfers. In the batch, we provide approximately 50% negative samples per object by ag-
gregating negative samples from the dataset as well as from the augmentations discussed
above. For the model to be able to generalize to unseen sensor noise and object poses,
we apply random rotations, point jitter and point dropout to the input. The learning-rate is
scheduled for a multi-step decay, scaling down by a factor of 0.1 at every quarter of the total
training steps from 1le — 3 to 1e — 6. The model is trained for 200,000 steps taking 19 hours
on two Nvidia V100 GPUs. The validation metrics for the model are provided in Table [4.1]
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Inference

During experiments, the grasp classifier takes batches of grasp poses generated by Gras-
pLDM model and infers the probability of success for each. We sort the grasp poses in
decreasing order of success probability above a threshold of 0.5. This ranking specifies the

order in which grasps are attempted.

4.3.2 Object Instance Segmentation

Our models for grasp generation and classification are trained for 6-DoF grasps on individual
objects. While it is possible to train GraspLDM and GraspClassifier models with full scene
point clouds similar to [90], this approach has limitations for general purpose grasping as
discussed in Chapters [2| and There are two additional challenges arise with pipeline
like ours. First, the graspable objects typically occupy only a small area of the observed
region/frame, meaning that the input contains predominantly points from the scene (e.g.,
table or background) that are not directly useful. Second, the memory requirement per
forward pass of the model increases with the number of input points. Simultaneously, the
performance of grasp generation degrades with lower point density. This creates a trade-off
between memory and point density that often becomes specific to the scenes it is being
trained on. For instance, for many table-top scenes, the camera is assumed at a fixed height
and angle or each within a narrow range. In contrast, object-centric models are efficient and
flexible when the object can be segmented from the scene.

To segment an object, a segmentation model must handle an arbitrary number of in-
stances of unknown objects. Early works relied on 2D [250, 251] or 3D [96 93] semantic
segmentation networks. These approaches typically provide instance-level masks for de-
fined categories. However, they do not generalize to applications like unknown object grasp-
ing where the robot may encounter unseen objects from out-of-distribution categories. For
robotic grasping, Xie et al. [252] proposed UOISNet, which uses a two-stage approach using
depth for instance and mask initialization while using RGB to refine the masks. The models

are trained on synthetic datasets of cluttered table-top scenes and demonstrate transfer to
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Figure 4.3: Cluttered scene segmentation using SAM [221]. (a) Automatic mask generation
produces fine-grained masks for semantically meaningful regions of the objects, including
highlighted text on a sheet of paper. (b) Granularity of segmentation masks can be adjusted
by modifying filtering and inference hyperparameters. (c) Prompt-conditional segmentation
of specific objects in the image (coffee mug) by providing a point coordinate that belongs to
the object of interest.

real-world scenarios including robotic grasping. UOIS-Net has been utilized for real-world
grasping tests in other previous works 90]. However, the network can produce noisy
masks, especially outside of table-top settings. More recently, work on foundation models
pre-trained on large-scale data has demonstrated unprecedented performance and in-the-
wild generalization across vision tasks [253], 254, 255, [256].

In particular, segment-anything model (SAM) demonstrates zero-shot capabilities

across promptable and automatic instance segmentation tasks that are comparable to or
better than state-of-the-art models dedicated for each task. SAM provides high-quality
granular masks in images with extensive control over the mask generation process, as
shown in Figures[4.3aland [4.36] More importantly, segment-anything is designed to provide
ambiguity-aware masks in a promptable setting, where a prompt specifies what to segment
in the image. The prompts can be points, bounding boxes, regions, or natural language
input. Figure [4.3c|shows a predicted mask for a user prompt in the form of a point in the im-
age where the user wants the mask. The SAM model architecture consists of a pre-trained
image encoder that computes an image embedding using a Vision Transformer (ViT). This
represents the largest portion of the model computation and only needs to run once per
image. A modular prompt encoder embeds the prompt, and a lightweight mask decoder
network combines the two embeddings to predict prompt-conditioned segmentation masks.

With notable follow-up work on making SAM faster and memory-efficient [257], grounding in
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language instructions [248], and applicable to efficient video segmentation [222], it emerges
as the most suitable choice for object instance segmentation for general-purpose robotic
grasping.

While multiple interactive prompt interfaces such as natural language, bounding boxes,
and masks are possible, for evaluation, we primarily use the model with point prompts for
simplicity. In this mode, the model takes in 2D point(s) in the image as inputs and provides
an instance mask as shown in Fig. This enables users to easily indicate which object
to grasp in an image. For implementation, we developed a simple user interface that allows
the operator to select one or more point(s) on the object of interest in the image. The image
is then processed by the image encoder, and the selected point coordinates are provided to
the prompt encoder. While SAM provides valid high-quality masks, it may generate a mask
on a distinct part of the object instead of the whole object. This ambiguity (e.g., between
bottle cap versus bottle) can be resolved by selecting multiple points on the object for the
prompt. Once a predicted mask is obtained, we apply it to the aligned depth image from the
depth stream of the RGB-D camera and de-project it back to the camera frame using depth
camera intrinsics.

At this stage, due to sensor noise and inaccuracies, the point cloud often exhibits point
bleeding over object edges that can extend up to tens of centimeters. To address this, we
employ DBSCAN [258] clustering method. DBSCAN tries to find areas in the data that
satisfy a minimum point density. The minimum density threshold is specified by the user in
terms of a radius (r,;) around a point and the number of neighbourhood points (V) in it.
For each point, if there are more than N, points inside r,;, the point is considered to lie
within the object. The points that are inside the radius of one or more other points but do
not have the minimum number of neighbors, they are considered border points. While those
not inside any neighborhood regions are considered outliers. We use this on segmented
point cloud to filter noisy outliers and obtain a clean object point cloud that can be directly

fed into GraspLDM models.
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4.3.3 Motion Planning

Motion planning in robotic manipulation refers to open-loop computation of joint-space tra-
jectories from an initial joint configuration to a target end-effector pose under some set of
constraints. These constraints can be in joint-space or Cartesian-space and can often be
non-convex functions of joint angles. Motion planning for robotic arms on ground typically
focuses on kinematic constraints. At reasonable payload mass and low-enough speeds, all
kinematically feasible trajectories are also considered dynamically feasible for typical fully
actuated arms with six and seven degrees of freedom. Broadly, the solutions to the motion
planning problems under kinematic constraints can be classified into optimization-based or
sampling based methods.

In optimization-based method, the problem is conveyed more naturally in the form of
trajectory optimization subject to a relevant cost function with equality and inequality con-
straints. Most of these methods initialize a simple and potentially infeasible path (e.g. a
straight line from start to goal state) that may violate constraints. The trajectory is then op-
timized to minimize the cost while satisfying the constraints. CHOMP [259] uses covariant
gradient descent with signed distance field representation of the environment. STOMP [260]
uses stochastic sampling of trajectories to deal with costs that may be non-differentiable.
TrajOpt [261] uses sequential quadratic program with an efficient and convex formulation
of collision checking. Due to non-convex nature of the problem, optimization-based solvers
can get stuck in local minima and are not guaranteed to find a feasible solution even if one
exists.

Sampling-based methods sample the configuration space and try to connect a path from
initial to goal state through the sampled states. Given enough sampling attempts, these
methods are guaranteed to find a solution if one exists. Probabilistic roadmaps [262] sam-
ple points in the free-space areas of robot’s configuration space and connect them into a
dense graph that can be used to find the shortest path. Rapidly exploring Random Trees
(RRT) [263] uses incremental and directed sampling of points in the configuration space
using evolving tree structures. RRTConnect [155] builds on RRT each at the start and goal

states, with each tree growing towards using a greedy heuristic, connected when nearest

107



nodes of the two trees fall within a threshold distance. RRT* [264] extends RRT to guaran-
tee asymptotic convergence to an optimal path but is slower than other methods. Sampling-
based methods also employ post-processing for smoothing and shortening of paths gener-
ated by connecting all discrete samples in the extended tree branch. In general, sampling-
based methods are slower to generate optimal trajectories with post-processing steps. On
the other hand, the computational demand of optimization-based methods also depend on
discretization resolution of the path. Newer works like GPMP2 [265] propose continuous
Gaussian process parameterization of the trajectory and factor-graph based probabilistic in-
ference to reduce computation time. Motion planning runtime is also being further optimized
using parallelization on dedicated hardware for both types of methods [266) [267].

For robotic grasping, we primarily want to use motion planning to find a feasible path
to one of the good grasp poses. A simple solution is to iterate over a ranked set of grasp
poses and check feasibility for each end-effector pose in decreasing order. An alternative is
to use an integrated grasp and motion planner that can reason about the set of grasp poses
and the robot’s kinematics simultaneously. In this way, the grasp pose set constrains the
path planning and vice-versa. Assuming that a decoupled grasp sampler may provide grasp
that is infeasible from the current robot state, joint grasp and motion planning can improve
efficiency. Early works [268, 269, 270] integrated RRT-type methods with online grasp plan-
ning based on analytic metrics or heuristics. Subsequently, optimization-based methods like
CHOMP were used along with the goal set constraints [271]. OMG-Planner [137] addressed
the issue of goal switching during optimization, where costs for all possible goals are com-
puted at each optimization iteration and the one with the lowest cost is selected. Instead
of explicitly formulating the cost function, it may also be parameterized as a neural network
and learnt from task data. Using neural networks to represent scalar fields implicitly allows
gradient-based optimization. NGDF [272] learns a continuous distance function using a neu-
ral field, whose level-set is the set of successful grasp poses. The grasp distance field can
be queried at current pose to find a scalar distance to the nearest successful grasp configu-
ration, conditioned on signed distance field of the object. Minimizing this distance function at

each step takes the robot to a successful grasp pose. GraspDiffusion [123] formulates joint
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grasp and motion planning problem as reverse diffusion process using Langevin dynam-
ics. They encode grasp quality or cost with a learned energy model conditioned on signed
distance field of the object, and use the energy gradient to guide the robot to a success-
ful grasp. While advancement of joint motion and grasp planning is promising, all of these
methods rely on known object model or aggregated point clouds covering the entire object.
The testing is also limited to a small number of objects and categories.

For single-view grasping in the real-world, adding collision constraints for partially ob-
servable objects is non-trivial. Consider a high-quality grasp that is available on a partially
observable region of an object. Due to depth sensor noise, the points at the edges bleed
over observable edges and the collision volume of segmented point cloud extends beyond
the depth of the actual object. In this case, such an extended collision volume will lead
to good grasp candidates being rejected because a grasp pose results in the finger collid-
ing with the collision volume. The primary use case for our grasping system is to test and
validate object-centric grasp samplers like GraspLDM, in which case joint grasp planning
introduces another layer performance dependency. To avoid this, we use a simple strategy
of dividing the motion to the grasp in two segments. The first segment takes the gripper
from an initial pose to a pre-grasp pose. We assume that the direction perpendicular to
the finger sweep is the safest approach direction for a parallel jaw gripper and compute
the pre-grasp pose at a safe distance away from the target grasp pose along this axis. To
plan this segment, we use an axis-aligned bounding box around the segmented point cloud
as a collision volume, so it does not collide with the object while moving to the pre-grasp
pose. The second segment is a straight line path from the pre-grasp pose to the grasp
pose. For this segment, we remove the collision volume from the planning scene. This
two-segment planning strategy is simple but effective, especially for validating 6-DoF grasp
synthesis models in real-world scenarios. In terms of implementation, we design modular
interface with initial support for Movelt! [111] and Open Motion Planning Library [273], which
avail a broad set of planners including RRT-based methods as well CHOMP and STOMP.
Unless specified otherwise, we use RRTConnect for motion planning by default. Methods
like OMG-Planner [137] and Goal-set CHOMP [271] can be readily integrated in the modular
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system as they rely on a separate grasp planner.

4.4 Hardware and Software Architecture

The implemented system architecture decomposes robotic grasping into three primary sub-
systems: vision processing, grasp execution manager, and robot planning and control,
each encapsulated within separate containerized environments. The message passing be-
tween these subsystems is implemented in ROS. Primarily, we use action servers to enable
request-response type communication with asynchronous goal specification and execution
status monitoring.

One of the key implementation challenges when combining vision, planning and control
along with hardware elements is the difficulty of managing a broad range of dependencies
and configurations in a single environment. Typically, systems with monolithic designs are
light-weight but less amenable to supporting other hardware and algorithms in the future.
We develop the system with the speed of integration and validation in research settings as a
priority. Therefore, we take a modular approach by separating the two hardware-dependent
components (vision and control) into individual container environments of their own with
necessary device control drivers and libraries. In this way, when a previously unsupported
sensors or manipulator needs to be used, their drivers and dependencies can be either be
integrated in the same container environment or swapped with a new container with minimal
changes to the wider system. Separating subsystems into individual containers enables
distributed execution across multiple machines, addressing resource constraints and real-
time control requirements. With modular architecture, we implement the system to support
a broad range of components across multiple RGB-D sensors, robotic manipulators, motion
planners, and grasp sampling methods as detailed in Table The components marked
as tested are used in the experiments in Section 4.5

The vision subsystem consists of two primary components: a camera driver/ROS wrap-
per that interfaces with the hardware, and a camera interface that abstracts the camera-

specific implementations. The camera interface either exposes a standardized API or a
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Figure 4.4: Software architecture for object-centric grasping system

set of ROS topics for image acquisition and camera parameter retrieval. This abstraction
layer communicates with an interactive segmentation server through a ROS action interface.
When the grasp experiment manager requests a segmented point cloud, the latest image is
acquired from the camera interface and sent to the segmentation server. The segmentation
server spawns a Graphical User Interface (GUI) with the RGB image that allows user to
select arbitrary number points on the object of interest. The selected points are used as a
prompt and a segmented point cloud is obtained using the aligned depth image as described
in Section 4.3.2. The segmented point cloud is then sent back to the grasp experiment man-
ager as response.

The grasp experiment manager is the central coordinator that orchestrates the flow of
grasping experiments. It is responsible for interfacing with the vision subsystem to obtain
segmented object point clouds and with planning and control subsystem to execute grasps.
Internally, the grasp experiment manager spawns a grasp pipeline consisting of the grasp
sampler and grasp classifier. The manager follows a sequential workflow. It begins by
requesting a segmented point cloud from the vision server. This point cloud data is then
processed by the grasp sampler. The resulting samples are ranked by the classifier. Finally,

the manager queries the motion planner to determine a feasible plan. The manager then
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Components

|

Tested

| Supported

| Cameras

RealSense D435/D435i
RealSense Cameras with D400/D450 modules

b

<

] Robot Arms

UR 10/ UR 10e

UR 3/5/16/20

Franka Research 3

Franka Production 3 / Panda

NN

ASENENEN

| Grippers

Robotiq 3-Finger Gripper
Franka Hand

ENEN

ANEN

Planners (via Moveit! + OMPL)

RRTConnect [155]
RRT* [264]
CHOMP [259]
STOMP [260]
TrajOpt [261]

ASENENENEN

Instance Segmentors

SAM [221]
UOIS [252]

N

NN

Grasp Samplers

GraspLDM

GraspVAE
6-DoF-GraspNet [89]
Contact-GraspNet [90]

ESENENEN

ASENENEN
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Table 4.2: Hardware and software compatibility matrix for object-centric grasping system

authorizes the motion planner to pass the planned trajectory to the robot control subsystem
for execution. Once a grasp pose is reached, the grasp experiment manager commands the
gripper to close and proceeds with the post-grasp sequence thereafter.

Motion planning capabilities are exposed through a unified interface to Movelt! which
avails planners from Open Motion Planning Library. This allows the grasping system to
support a broad range of motion planners as shown in Table Moveit! primarily uses
ROS-Control interfaces to communicate with the hardware through robot-specific hardware
abstract layer which exposes the features of the underlying drivers using ROS interfaces.

In terms of hardware, the current implementation has been tested on a UR10e robot with
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Figure 4.5: Objects used for real-world grasping tests in (a) Setup 1 and (b) Setup 2.

Robotiq 3-finger gripper as well as a Franka Research 3 robot with Franka hand. In both
cases, we use Intel Realsense D435 RGB-D camera over USB and robot hardware over
ethernet. Due to general nature of interfaces, the system readily supports similar hardware
configurations as shown in Table

4.5 Real-world Experiments

Our primary goal is to evaluate the performance of GraspLDM in real-world 6-DoF grasping
scenarios and complement the large-scale simulated evaluations conducted in chapter 3. In
the process, we want to evaluate two aspects. First, we want to evaluate the performance
transfer of GraspLDM trained purely from simulation data and in a fully supervised manner
to the real world. Second, we want to evaluate whether the proposed grasping system is
usable and generalizable to different real-world setups. Together, validation of these two
aspects provide a good foundation for building grasping systems for the real world. We do

the first by evaluating the success rate metric, as is common in the related works [90,

95].
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Test Protocol

We collect 16 random objects with diverse physical and geometric properties as shown in
Fig. We place a single object on a table in a random pose and the goal is to drop the
object in a predefined bucket. The robot first acquires a single-view RGB-D image from a
predefined relative pose to the table. This pre-defined pose is arbitrarily set 80cm away from
the center of the table, such that it looks at the center of the table from an inclination between
30-45 deg. Each grasp sampler is then run on the image to generate 100 grasp poses.
Ranked grasps above a success probability threshold are then sorted in decreasing order
of success probability. The grasp experiment manager sequentially goes through the sorted
grasp and checks feasibility using the motion planner, until a feasible grasp is found. We
execute the first feasible grasp without user intervention. The robot first executes a Cartesian
line path to the pre-grasp pose and then from pre-grasp to the grasp pose. At grasp pose,
the grasp execution completes when the gripper fingers are closed. To determine whether a
grasp is successful, the robot lifts the object 20 cm vertically and then goes to a pre-defined
drop pose ﬂ A grasp is successful if the object remains secure in the gripper until the pre-
defined drop. To compute a meaningful success rate, we conduct five trials per object in
random relative poses, to test the diversity of 6-DoF grasp pose generation in addition to
the accuracy. Across methods, we approximately reproduce the object poses in five trials to
ensure fairer comparison. As the motion from initial pose to pre-grasp pose is constrained
to a linear Cartesian motion, the success rate relies also on diversity of grasps generation.
This is representative of real-world tasks, where grasping must be done under arbitrary

workspace constraints.

Baselines

For tests, we use the GraspLDM-P-63C and GraspVAE-P-63C models introduced in Sec-
tion [3.5.4] without any further fine-tuning. We compare our performance against two estab-

lished baselines widely used in the community. First, as a direct comparison with a gener-

'In Test setup 2, 30 deg shaking was added along X and Y axes after lift and before going to drop pose.
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Figure 4.6: Real-world experiment setups. (a) Setup 1: UR10e arm with Robotiq 3F oper-
ated in pinch mode and a Realsense D435 on the wrist. (b) Setup 2: Franka Research 3
arm with parallel jaw Franka hand and a Realsense D435 mounted on the wrist.

ative model, we use 6-DoF-GraspNet [89]. Second, we compare the effectiveness of our
models against the state-of-the-art Contact-GraspNet [90], which is a feed-forward model
built on PointNet++. For a fair evaluation of grasp synthesis models, we only use the gener-
ator and classifier from 6-DoF-GraspNet and do not include the iterative refinement stage.
Similarly, we do not perform iterative refinement on top of Contact-GraspNet predictions. All
other parts of the pipeline like segmentation remain the same in every case. We excluded
SE3-DiF diffusion models [123] from real-world tests because the original work utilized full
object point clouds for both training and testing. A fair and reliable comparison with these
models was not possible as we observed significant performance degradation when training
SE3-DiF models on single-view point clouds from 63 categories with the default hyperpa-

rameters.

4.5.1 Test Setups

We assess the sim-to-real transfer on two hardware setups. The first setup uses a wall-

mounted 6-DoF UR-10e arm, a Robotig-3F gripper, and an Intel Realsense D435 RGB-D

115



Figure 4.7: Examples of object placement on support during real-world testing. Such object
placements allow grasps from more approach directions to be feasible while also demanding
higher grasp pose accuracy for success.

camera. The second setup uses a table-mounted 7-DoF Franka Research 3 arm with Franka
hand. In the former case, the 3-finger gripper is operated in a two-finger "pinch” mode with
the gripper sweep length restricted to 85mm to emulate the gripper used for generating the
training data. In both cases, the camera is mounted at the tool flange of the arm in an eye-in-
hand configuration. Due to limitations of access to hardware, we conducted the comparison
with 6-DoF GraspNet on the first setup, while the comparison with Contact-GraspNet was
conducted later on the second setup. In each case, we use a test set of 16 randomly selected
objects of diverse physical and geometric properties as shown in Fig. 4.5 Each grasping
trial is conducted by placing a single object in a random pose on a table. To ensure that
the trials allow execution of grasps from more approach directions than just top-down, we
lift the objects on a small support as shown in Fig.[4.7] This also makes grasping success
more difficult compared to table-top placement where in-plane sliding and normal contact
force supports imprecise grasp attempts. At the start of the trial, the robot observes the
object from an arbitrarily fixed pose such that the camera boresight is between 30° and 60°
to the table plane and the object is between 0.4m and 0.8m from the camera. We conduct
five random pose trials per object to evaluate the success rate across a total of 80 grasp

attempts without retries.
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Table 4.3: Real-world 6-DoF grasping success rate comparison on 16 evaluation objects in
five random poses

Setup Method Success
Rate
Setup 1: GraspLDM+GraspCIa§§ifier (ours) 80%
UR10e + Robotig-3F GraspVAE+GraspClassifier (ours) 76.25%
6-DoF-GraspNet+Classifier [89] 37.5%
Setup 2: grasp\ll.:é\ngGrasg?Ias?ifie(r (ou)rs) 7687.752/%
rasp +GraspClassifier (ours 5%
Franka FR3 + Franka hand Contact-GraspNet [90] 76.25%

Results

Real-world performance comparison of GraspLDM-P-63C and GraspVAE-P-63C with the
baselines is presented in Table Additionally, Fig. [4.8] visualizes intermediate data from
segmentation and grasp generation and Fig. shows pictures of real-world grasp exe-
cutions for a few objects. Detailed per object log of attempts is provided in Appendix [Al
The results demonstrate that GraspLDM provides a superior grasp success rate in the real
world while being entirely trained with simulation data. Compared to the generative model
baseline [89], GraspLDM demonstrates a significantly higher success rate. On the other
hand, GraspLDM shows a comparable success rate with that of Contact-GraspNet [90],
which is a feed-forward predictive model. Despite the success rate being marginally higher
for GraspLDM, the difference concerns 2/80 grasp attempts. Due to several factors influ-
encing real-world tests of 6-DoF grasps, we consider the two models to have comparable
success rates. We also observe that the GraspLDM-P-63C model provides around 4.75%
and 11.25% higher success rate over its base VAE model in the two test setups while using
the same classifier. We believe that the relative variation in the performance of GraspVAE
between the two test setups is mainly related to the non-trivial effects of viewpoint and noise
on generation. We observe that for favorable viewpoints both GraspVAE and GraspLDM
have similar output, while in some other cases, GraspLDM performs noticeably better than
GraspVAE. This effect is more pronounced in the second setup than in the first.

We notice that high amounts of failure for the 6-DoF-GraspNet models result from the
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Table 4.4: Inference latency for segmentation, grasp generation and classification models

in the pipeline
Model Batch Inference Peak Memory

size Time (s) Usage (MB)
Segment-Anything (ViT-B) | 1 | 0.35+£0.016 | 2789
GraspVAE-P-63C 100 0.02 £+ 0.006 156
GraspLDM-P-63C (DDIM) 100 0.75 £ 0.019 160
GraspLDM-P-63C (DDPM) 100 7.39 + 0.060 160
GraspClassifier | 100 | 0.02+0.002 | 1084

grasps colliding with the object and a lack of grasp generation diversity. In the latter case,
it does not produce enough grasps in kinematically feasible regions of the object in a given
pose. We also observe a higher rate of planning failures for this baseline until a successful
grasp is attempted, which is connected to grasp diversity. On the other hand, Contact-
GraspNet outperforms and produces superior grasps for objects closer to the categories
represented in the ACRONYM dataset. This is especially the case for objects with trivial
edges/surfaces like boxes. While for the objects with curvature and those with shapes unlike
ACRONYM categories, it underperforms compared to GraspLDM. Overall, we demonstrate
that GraspLDM models outperform existing generative models and provide comparable per-

formance against larger feed-forward models.

4.6 Discussion

In this chapter we demonstrated how GraspLDM can be integrated into a system for real-
world grasping. We showed that both the 6-DoF grasp synthesis models and the sys-
tem are generalizable across different hardware setups. In terms of computational effi-
ciency, the latency and memory usage of the pipeline models are shown in Table [4.4] The
GraspVAE-P-63C and GraspLDM-P-63C models both have high memory efficiency. Al-
though, GraspLDM-P-63C models have high generation latency due to sequential reverse

diffusion process. Using DDIM sampler alleviates this issue to some extent, but further
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Figure 4.8: Examples of images, segmentation masks, grasp generation and selection in
real world tests.

improvements are needed to make diffusion sampling more efficient. GraspClassifier has
around five times more peak memory usage compared to the samplers. This is because
unlike GraspLDM where the point cloud is encoded only once for any number of grasps, the
classifier takes composite point cloud per grasp. As a result, classifying 100 grasps requires
100 distinct forward passes through the network. The segmentation model has a very high
memory usage and moderate inference latency. This is expected as it uses a high-capacity
vision transformer model. We do not consider this restrictive, as concurrent efforts in the

community have already demonstrated approximately 3x speed up and 3x memory usage

119



Figure 4.9: Real-world grasp execution examples on the two setups.

reduction for the same model El Overall, the complete stack is currently deployable on a
single machine with a GPU memory of 4GB or more. With further optimizations using quan-
tization and kernel compilation, our system has the potential to run on mobile devices with
limited resources.

We also added GraspClassifier as a separate module in the pipeline. This is necessitated
by GraspLDM models not being able to provide a notion of grasp quality. While metrics are
presented for the GraspClassifier model, analyses on its performance are not covered in
this chapter. We observe that GraspClassifier assigns high confidence to colliding grasp
poses in some cases, despite being trained on negative examples. A detailed analysis of
the GraspClassifier model is required to improved grasp quality estimation and reduce over-

confidence in the real world. However, what we really desire is to learn some notion of grasp

2Segment-Anything-Fast: https://pytorch.org/blog/accelerating-generative-ai/
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quality bootstrapped with the GraspLDM architecture in the future. This will help alleviate
the memory consumption issues highlighted above as well as task-conditioned grasping in
the real world.

It is important to note that our models are competitive in the real world against state-
of-the-art generative and regression-based models, despite being trained on only 63 out
of 180 categories in the ACRONYM dataset due to compute constraints. We believe that
the performance can be improved further by incorporating the entire dataset in the training.
Motion planning for each possible grasp pose sequentially is a crucial limitation of the cur-
rent system. This introduces larger latency per object pick especially when motion planning
is highly constrained and top-k good grasps with highest confidence are not feasible. Ad-
vances in parallel motion planning can be integrated to mitigate this issue. Finally, the tests
are restricted to performance validation of object-centric grasp samplers like GraspLDM.
The system is not tested in cluttered scenarios or for task-specific grasping, which can be

addressed in the future work.

4.7 Summary

In this chapter, we addressed one of the fundamental challenges in robotic manipulation:
the reliable transfer of grasp synthesis from simulation to real-world scenarios. Through
extensive real-world testing across two distinct robotic setups, we demonstrated that our
system with GraspLDM successfully bridges this gap, achieving approximately 80% grasp
success rate on unknown objects despite being trained purely on simulation data. This per-
formance, comparable to state-of-the-art feed-forward models and significantly better than
existing generative approaches, validates both the robustness of GraspLDM’s learned grasp
distributions and the effectiveness of our modular system architecture. The system’s suc-
cessful deployment on different hardware configurations - from a wall-mounted UR-10e to
a table-mounted Franka FR3 - demonstrates its adaptability to varied real-world settings.
We validated GraspLDM'’s ability to maintain consistent performance across diverse object

geometries and surface properties suggests. This shows that the model has learned ro-
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bust, generalizable representations from the simulation data used to train it. The superior
grasp diversity and reduced planning failures compared to baseline methods indicate that
our approach effectively captures the full range of viable grasp configurations, a critical re-
quirement for practical robotic manipulation tasks. We make our implementation available
open-source for the community to build novel solutions to the robotic grasping problem using

object-centric grasp synthesis.

Contributions

1. We introduce a modular system for object-centric 6-DoF grasping in the real
world based on generative grasp synthesis. The system complements GraspLDM
and other generative models for grasp synthesis by providing a complete pipeline for

grasping in real-world scenarios from a single RGB-D view of an object.

2. We validate the modularity of our system on two real-world robotic setups. We
show that using the proposed system is generalizable and can be effectively trans-

ferred to different robotic setups.

3. We validate the effectiveness of GraspLDM models in real-world grasping sce-
narios. We show that GraspLDM models provide around 80% success rate across
two different hardware setups in a test of 80 grasp attempts on 16 unknown objects in

varying poses.

4. We make the models and code available open-source for the community to use
and extend. The resources are available at

https://github.com/kuldeepbrdl/object-centric-grasping.
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Chapter 5

6-DoF Tracking and Reconstruction

of Unknown Objects

5.1 Introduction

Previous chapters address the problem of 6-DoF grasp generation and execution for
unknown objects. During validation of the solutions, the object was assumed to be static
in the world for the entire duration from image acquisition to grasp execution. However,
this assumption limits many real-world use cases in which the static nature of the object
cannot be guaranteed. In space applications, this naturally arises in orbital manipulation
scenarios like servicing, assembly and debris capture, when the target object may not be
rigidly attached to the manipulating platform. More generally, applications involving robot-to-
robot and robot-to-human object handovers, especially in the context of long-horizon task-
relevant grasping requires the robot to reason about a dynamic target object. In all these
use cases, a truly general system may not assume any prior knowledge of the object’s
structure or motion. This is the primary motivation for the work described in this chapter.
The secondary motivation is to use the additional views of the object revealed to the sensor
due to relative motion. In Chapter 3, we established the lower bound and upper bound of

performance of GraspLDM models in single-view and full point clouds respectively. As more
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coverage of the object is available, we can improve grasp generation and execution stepping
towards upper bound performance with full point cloud.

In Section 2.4, we reviewed the two methods of tackling dynamic object grasping and
outlined the benefits of object-level 3D reconstruction and pose tracking. We also highlighted
emerging research in radiance fields and its potential for this problem. To this extent, this
chapter addresses the problem of incremental 3D reconstruction and 6-DoF relative pose
tracking of an unknown object in unconstrained motion. Our approach assumes no prior
knowledge about the object’s structure or motion. The goal is to realize a perception system
that may facilitate unstructured dynamic grasping. The scope of this work is limited to the
analysis of 3D reconstruction and tracking aspects of dynamic grasping. Challenges in 6-
DoF dynamic grasping go beyond perception and need treatment of reachability, collisions
and changing grasp pose targets in planning and control. These aspects are out of the
scope of this work. We focus on RGB-D data assuming stereo or or another depth sensor
provides depth measurement to disambiguate the scale of the scenario under observation.
The principles and the architecture however is generally applicable RGB scenarios albeit
with scale ambiguity and scale drift issues.

The chapter is organized as follows. Section 5.2 introduces the problem of structure and
motion recovery from visual observations from a modern lens of radiance fields and analy-
sis by synthesis. Section 5.3 introduces the object-centric representation of 3D Gaussians
and the differentiable rendering process that models image formation. Utilizing this repre-
sentation, Section 5.4 describes the pipeline for incremental 3D reconstruction and tracking.
Section 5.5 presents the experiment setup for preliminary validation of the pipeline. Finally,
Section 5.6 concludes the chapter with a discussion on the results, the limitations and future

directions of the work.

5.2 Structure and Motion from Visual Observations

Extraction of object-level structure and relative motion from visual observations concerns

two fundamental problems in computer vision- 3D reconstruction and 6-DoF pose track-
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ing. The two problems are generally dealt with separately, while the solutions often use
different internal representations and assumptions. For instance, the state-of-the-art meth-
ods for scene reconstruction in terrestrial applications use Neural Radiance Field (NeRF)
representations [166]. NeRF-based methods usually assume a static scene and the avail-
ability of relative camera poses. On the other hand, 6-DoF pose estimation and tracking
for unknown objects is addressed with large pre-trained neural networks. Many state-of-
the-art approaches require a 3D model of the object as a template [274]. Furthermore, a
downstream robotic task like grasping may use another neural network that takes RGB-D
images as inputs to infer grasps. All these elements require separate datasets, isolated
pre-training(s), and parameter tuning.

Grasping unknown objects in dynamic environments requires the robot to reason about
the object’s motion and structure in real-time. Ideally, we want to accomplish this with a rep-
resentations that has commonality with other tasks like grasp synthesis, which in our case is
done using point clouds. Generalizable perception systems with unified representations are
crucial for both terrestrial and space-borne robotic systems that operate autonomously in
dynamic and unstructured environments. Therefore, we are interested in structure and mo-
tion recovery methods that offer: (1) efficient object-level representations, (2) generalization

to an open set of objects, and (3) seamless integration to 6-DoF grasp synthesis models.

5.2.1 Radiance Fields

The choice of representation of 3D scenes remains a fundamental consideration in 3D com-
puter vision and robotics. Traditional approaches rely on discrete representations such as
point clouds, voxel grids, and meshes, each with inherent limitations in resolution, memory
efficiency, or reconstruction quality. Recently, the research has moved towards continuous
field representations of scenes which offer unprecedented fidelity and the flexibility of joint
optimization using analysis-by-synthesis [275] [276].

A field describes a scalar quantity defined over a spatial domain. Scalar fields f : R" — R
map spatial coordinates to scalar values, while vector fields F' : R — R™ associate vec-

tors with each spatial location. Neural fields are fields where the continuous mapping from
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coordinates to scene properties is parameterized as a deep neural networks. By leveraging
neural networks’ ability to approximate arbitrary functions, neural fields enable rich repre-
sentations of geometry, appearance, and other scene attributes. Building on this foundation,
NeRFs have transformed 3D scene representation and novel view synthesis by encoding
both geometry and appearance inside a continuous volumetric field. At its core, NeRFs
employ a multilayer perceptron with parameters © that maps 3D position x = (z,y, z) and

viewing direction vector d to density ¢ and color c¢:

(0,¢) = Fo(y(x),7(d)) (5.1)

where ~(-) denotes positional encoding that takes the spectral bias of neural networks
in low-dimensional spaces [277]. Scene reconstruction occurs through differentiable volume
rendering. For each pixel origin o, a camera ray r(t) = o + td is cast, sampling points to

compute the rendered color C(r):

K

C(r) =Y Ti(1 — exp(—or(ters — te)))ck (5.2)
k=1

where T}, = exp(— > o 0w (tir+1 — tir)) represents accumulated transmittance. This
differentiable formulation enables end-to-end optimization of scene representation from 2D
observations. NeRFs demonstrate impressive reconstruction quality and have seen rapid
adoption in robotics from navigation [167] to manipulation [278]. Neural fields can also be
augmented with multi-modal and semantic information for holistic scene representation and
rendering.

Representing scenes implicitly with NeRF has the disadvantage that it requires expen-
sive sampling of space to render an image from the representation. Inevitably, training and
rendering tends to be slow for applications like robotics. Recently, Kerbl et al. [170] intro-
duced 3D Gaussian Splatting (3DGS) for efficient high-quality rendering of 3D scenes. 3DGS
is volumetric radiance field in that it is continuous like NeRFs while using explict 3D Gaus-
sian primitives to parameterize the field. It moves away from neural representations and

facilitates high fidelity reconstruction with faster training and rendering times. Importantly,
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the centers of these 3D Gaussians form a point cloud, which means that object reconstruc-
tion obtained by 3DGS could be fed directly to GraspLDM. This motivates the use of 3DGS
as a scene or object representation for our problem here. The 3DGS formulation is covered

in detail in Section 5.3.

5.2.2 Analysis by Synthesis

Localization of camera with respect to a scene, or equivalently an object with respect to
camera in object-centric coordinates, is typically done through correspondence matching
between 2D image features and 3D scene geometry or through direct pose regression from
images. However, differentiable scene representation like NeRF and 3DGS now facilitate an
elegant alternative through analysis-by-synthesis. Analysis-by-synthesis in radiance fields
involves inverting the image formation process by iteratively refining pose parameters to
align rendered and observed images [276]. Radiance Fields make this approach particu-
larly powerful by providing a differentiable scene representation that maps 3D coordinates
x and viewing directions d to density and color values through a neural network Fg. Given
an observed image I and initial pose estimate Tj, the framework renders synthetic views
through volume rendering and minimizes the discrepancy between rendered and observed
images:

T = i I.R(T 5.3
argTerggl(g)E( , R(T(0)) (5.3)

where R(T'|©) represents the rendering operation. This optimization can be performed
efficiently through gradient descent since the entire pipeline from pose parameters to ren-

dered pixels is differentiable:

Tit1 =T; — aV7L(I, R(T;]©)) (5.4)

This enables end-to-end pose refinement without requiring explicit 3D models or pre-
defined feature correspondences. For tracking purposes, analysis-by-synthesis offers a

flexible framework to obtain frame-to-model association of an acquired image to an evolving
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Figure 5.1: A simple incremental reconstruction and tracking methodology using differen-
tiable rendering of 3D Gaussians. The camera pose or the object Gaussians in object frame
are refined directly using first-order gradient-based optimization by propagating the gradi-
ents backward through the rendering process.

reconstruction. Along with novel-view synthesis capabilities of radiance fields, this approach

is particularly well-suited for incremental tracking and reconstruction of dynamic objects.

5.3 Object-centric 3D Gaussian Splatting

5.3.1 Object Representation

We represent the appearance and geometry of the target object as a set of N € Nt 3D
Gaussians ellipsoids as primitives defined in the object frame, which is rigidly attached to
the object. A d-dimensional Gaussian (G,,,x) is parameterized in terms of a center (u’ € R?)

and a covariance (X! € S%) and evaluated as:
+

Giinx) = o (4 (x— " =7 (- ) ) (55)

vibil 2

For each 3D Gaussian G? (i = 0, 1,... N), the center (1*) and the covariance (X1) dictate its

geometry. In addition, we associate an opacity (o’) and a color (c’) parameters that dictate
its appearance. Intuitively, a 3D Gaussian can be understood as a translucent and colored
ellipsoidal blob. The transparency of this blob decays continuously per Eq. as a point

of interest moves away from the center. As we will see later, the color parameter can be
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view-dependent.

In the context of on-the-fly 3D reconstruction from images, four key attributes are es-
sential for the underlying representation: (1) Adaptiveness: The ability to adjust spatial
resolution based on relative camera-object motion; (2) Efficiency: Optimal memory usage
for storage and processing speed in image formation; (3) Rendering fidelity: The capacity
to produce artifact-free images with high SNR of traversed and novel views ; and (4) Differ-
entiability: Enabling convenient optimization of object/scene parameters based on image
observations. 3D Gaussians offer a favorable combination of these properties. Similar rep-
resentations include point clouds and surfels [279], which explicitly represent irregular 3D
point sets. These representations are adaptive and allow the addition, removal, and mod-
ification of geometry dynamically at runtime. This is advantageous in 3D reconstruction
scenarios where the relative motion profile is unknown a priori. However, 3D Gaussians
fill a volume continuously as opposed to point clouds that are discontinuous. Surfels, while
similar, require normal vector information, which is challenging to compute accurately in real-
world scenarios with noisy observations. Alternative structured grid representations such as
voxels are constrained by fixed resolution, high memory requirements, and computationally
expensive sampling. Meshes, while efficient for rendering, are not easily obtainable from
noisy sensor observations. Furthermore, discrete topology changes (alterations in the con-

nectivity of vertices, edges, and faces) are not differentiable.

5.3.2 Differentiable rendering of 3D Gaussians
Rendering concerns the process of evaluating the pixel intensity or color value, given camera
and scene parameters. This can be written in a simple form:

I="7R(0) (5.6)

where, R : & — V maps scene parameters § € S to pixel color value ¢, € V. In
above expression, 6 encapsulates various scene parameters including structure, material,

texture, illumination as well as camera intrinsics and extrinsics. The problem of forward
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Figure 5.2: lllustration of projecting 3D Gaussians GZO s, t0 2D Gaussian splats G, =.,,-

mapping from scene parameters to image pixels is most commonly dealt with in computer
graphics problems. In computer vision, the inverse problem is more common with emphasis
on geometry recovery and pose estimation from image(s). If the mapping R is differentiable,
the two processes can be connected by optimization. This enables any change in an image
to be propagated back to scene parameters. In other words, scene parameters can be fit to
a sequence of images as:

0 =argmin Z L(I}) (5.7)

J

Forward Map

Splatting [280] is the forward process of projecting 3D volumetric primitives on the 2D image
plane. Closely following [281], the splatting process for 3D Gaussian ellipsoids is summa-
rized here. The process is illustrated in Fig.[5.2]

Consider the object space (0), the camera space (C) and the image space (V). A
point defined in the object space is viewed in camera space using a view transformation

Tco € SE(3), with rotation component Rco € SO(3) and translation component tco € R3.
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Although the focus is kept on rigid transformations the process is generally valid for any affine
transformation. The Gaussian viewed from the camera frame can is obtained by substituting
x, = Tgpxe in Eq. 5.5 which results in another Gaussian with mean y. and covariance £,

given as.

1

Cposo(TopXe) = o7
12 co*c |R£O|

GMC,EC (%¢) (5.8)

pe = Tcotto; Be = Roo ToREp (5.9)

For a perspective camera, a point in the camera space (x. € C) is transformed to the image
space (u € V) using the perspective projection (IT), which is not affine. Zwicker et al. [281]
linearize the transformation around a camera point (x;) using a first-order Taylor expansion
as in Eq. where Jj; is the jacobian of the projective transform, evaluated at x; and

fu, fv are the focal lengths.

I (xc) = T(x;) + I (% — %) (5.10)

fulze 0 —furwd/z

J*H - * * *2
0 fv/zc _fv'yc/zc

Using this approximation the image space projection of 3D Gaussian is a 2D Gaussian given

as:

_ 1
Gle,s. (I l(u)) = WGMU,ZU(U) (5.11)
I

po =TIx. s By = J5 e I5" = I Reo BoREo I

where, Jj; is the jacobian of the projective transform linearized at camera space coordinates
x; and u are the image space coordinates.

The way each 2D projection- a splat, contributes to a pixel in the image is dependent
on the order in which they appear along a ray cast from that pixel. For each pixel, the

K € NT overlapping Gaussians are first sorted from front to back. The sorting is done by
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first grouping the 2D Gaussians into 16x16 tiles, by checking if the axis-aligned bounding
box around its 3o bounds. Then, within each tile the Gaussians are sorted by depth. Once
sorted, the intensity or color (c,,) of each 2D pixel location (u € R?) in the image is obtained

by alpha-blending the contributions of the K Gaussians as

k<K k—1
cp(u) = Z ckaF H(l — ) (5.12)
k=0 =0

where, o is the contribution of the k" Gaussian to the pixel intensity. This contribution is
computed by decaying the assigned opacity (o*) by the 2D Gaussian (Gs, ). Eq. foIIows
the approximations to the volume rendering equations as outlined in [281].

As the 3D location of each Gaussian is known, we can similarly render a depth image

using per-point z distance in the camera space:

k<K k—1
dy(u) = Z ZFak H(l — ) (5.13)
k=0 Jj=0

It is important to draw a parallel with NeRFs [166], which also uses differentiable volume
rendering for scene reconstruction. Their forward map integrates the contribution of samples

with density (%), color (¢*) and transmittance (T%) at 6% intervals as:
N 1—1 o
c(u) = > TF(1 —exp(—o"6¥))ck, where T"=exp (- o/d (5.14)
k=1 J=1
Egs. 5.12 and 5.14 are equivalent and can be written as:
N
c(u) = Z Tk o * (5.15)
k=1

where oy, = (1 — exp(—o*6¥)) for NeRFs and 7% = H;:é(l — o) for 3D Gaussians.

A crucial difference is that NeRFs implicitly represent free space inside a volume, re-
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quiring an expensive sampling process along a ray. On the other hand, Gaussian locations
are explicitly known and the forward rendering process for Gaussians automatically ignores
free-space regions in 3D along the viewing direction. As a result, rendering 3D Gaussians

is considerably faster than a NeRF.

Backward Gradient Propagation

The forward map is entirely differentiable and for speed, it is explicitly implemented. Assum-
ing that the intrinsics of the perspective cameras are known, the optimization parameters
are the centers (u?), variances (X%), colors (c?), opacities (o’) of the 3D Gaussians and the
camera pose (T¢o). Since the forward map is differentiable, the gradients of the photometric
loss with respect to these parameters can be computed by backpropagation automatically.
However, this process can be expensive for a large number of Gaussians. As it is straight-
forward to compute analytical expressions for gradients from the forward map, they can be
implemented explicitly to reduce latency of auto-differentiation. We use the CUDA imple-

mentation from gsplat library [282] ']

5.3.3 Initialization, Addition, and Removal of 3D Gaussians

We use the first depth image to initialize the 3D Gaussians (Gy) in the object space. The
centers (u?) are centered around the point cloud obtained by de-projecting the depth image
and the variances are initialized with 0.001. The color is initialized from the corresponding
color image pixel value and the opacity is set to 0.5. For the camera-relative pose, if the
ground-truth pose is available, it is provided only in the first frame to set the object reference
frame. Otherwise, it can be arbitrarily initialized relative to the point cloud obtained from the
first depth image.

As new regions of the object are revealed, we add more points to represent the previously
unseen regions. Instead of having a fixed amount of points fit the new observations, this

is advantageous for two reasons. First, the optimization is more convenient as a smaller

'See Appendix D in [282] for gradient derivations
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number and size of steps are required to fit the new points. Second, the fidelity of the local
geometry can be maintained. We use the difference between the observed depth image
and the rendered depth image to add these points at every new frame. A point is added
if the difference between the values in the rendered depth image and the observed depth
image is larger than 10% of the difference between maximum and minimum depth. To
project the points to the object frame, we need to use the latest available transformation
Tco between the object and the camera frame. As we add more points, the number of
optimization parameters grows proportionally. This slows down the optimization steps. More
importantly, the points are added with high density at each frame and may be redundant to
the object representation. As a result, we prune points for which opacity drops below 0.6
during reconstruction. Together, this process of addition and removal of points balances the

need for fidelity and ease of optimization against the computational complexity.

5.4 Incremental 3D Reconstruction and Tracking

Using the object-centric 3D Gaussian representation, we propose a simple pipeline for in-
cremental 3D reconstruction and tracking as shown in Fig. Intuitively, this method stores
an evolving internal model of the object and camera motion to render an expected image.
Then, the photometric distance or dissimilarity between this image and the observed image
represents the gap between the true and the internal model. The object and camera pa-
rameters are then refined using gradient-based optimization. The input to our pipeline is a
sequential set of RGB-D images. We assume the target spacecraft is sufficiently resolved in
the image and its RGB appearance is view-independent. In the following, we describe each

component of our method in detail.

5.4.1 3D Reconstruction by Frame-to-model Association

Assuming no constraints on the relative motion between the camera and the target object,
our goal is to incrementally incorporate new information revealed in an image sequence to

reconstruct and track a specific object in the scene. Consider the rendering process from
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the previous section, encapsulated as:
I, =R(6,Tco) (5.16)

where, R is the renderer that projects a set of 3D Gaussians representing the object to a
rasterized image (I,). € are the object parameters obtained by concatenating the per-point
Gaussian parameters: 6° = [u’, X% c?, 0] for i = 0,1,2,..., N. Since the renderer is fully
differentiable, we can compute and propagate gradients from image pixels to the object and
camera parameters. We use Adam [283] to optimize the Gaussian and pose parameters.
To reconstruct the object by optimizing the object parameters 8, we require multi-view
information to avoid overfitting the representation on restricted regions of the object. On the
other hand, to optimize the pose, we only require the information from the current frame to
establish the frame-to-model association. Consequently, we separate optimization into two
stages that are executed in alternate frames of the incoming stream. During reconstruction,
we hold camera parameters constant while optimizing the object parameters. The optimiza-
tion fits the object parameters to a weighted combination of photometric loss for the color

image and L1 loss for the depth image:

Lrecon = (1 - /\)(Ll)color + )\(LSSUM)color (517)

+ B(Ll)depth

where, L; is the averaged pixel-wise L1 loss between the observed image and the im-
age with a pose T%,, for the n'* image. Lssr is the structural similarity index loss based
on [284]. Unlike scene-reconstruction applications of Gaussian splatting, it is computation-
ally impractical for our application to optimize the object representation using all the images
available. Therefore, we manage a fixed window of W keyframes to optimize the object rep-
resentation. Like SLAM pipelines, we aim to select keyframes that are most meaningful for
multi-view constraints. To accomplish this we use up to W, views with farthest angular

distance between them and always include the current and the previous view.
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5.4.2 Frame-to-model Pose Estimation and Tracking

For Tracking, the ground truth pose of the first frame is used to establish a canonical frame,
if available. Otherwise, it is initialized with a random rotation and centered at the centroid of
the partial point cloud de-projected from the first depth image. For the sake of optimization,
we reduce the SE(3) pose to a vector xco = [tco,aco]’, where qco = [qw, Gz, qy, q-] is

the unit quaternion representing relative orientation. The pose is optimized using:

Ltrack = (Ll)color + 6(L1)depth

The implementation is done using PyTorch using the 3DGS CUDA rasterizer implementa-
tion [170] to obtain the gradients of the loss with respect to the object parameters- 90L£/06.
The gradients of the loss with respect to the pose parameters xco are obtained via auto-
differentiation. We project the Gaussians to the camera frame outside the CUDA rasterizer
which provides the gradient flow from the analytical gradients 9£/06. At each new frame,
we initialize the pose estimate by linearly propagating the pose as in Eq. where t is the

time index.

til = ¢t (¢ -t (5.18)

d* = q' @@ eg") (5.19)

where, For the tracking iteration, this pose is used as the initial guess and refined through
optimization. On the other hand, this extrapolated pose stays fixed for the reconstruction
iteration. The operations ® and q are quaternion multiplication and inverse respectively. We

use 120 optimization steps for reconstruction and 80 steps for tracking.

5.5 Experiments

Our method directly optimizes the object representation and camera pose online. Conse-

quently, no pre-training or large-scale data curation is necessary and it can be tested directly
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Figure 5.4: ESA science fleet spacecraft 3D models used to generate the dataset.

on sequential RGB-D data of any unknown object.

5.5.1 Datasets: Simplified Spacecraft Reconstruction and Tracking Dataset

We test the performance of our method on a custom dataset of image sequences of 10
space objects from ESA'’s science fleeff| as shown in Fig. For consistency, we simulate
the same relative trajectory for all the spacecraft models and the perspective camera model.
The simulated relative motion is a spherical spiral as shown in Fig. around a sphere of
radius 16m. The trajectory allows for spacecraft to incrementally reveal new views and to
have varying photometric shifts between time steps along the trajectory. We note that there
are no limitations on the nature of this trajectory, as long as the spacecraft is sufficiently
resolved in the image and the photometric shifts between two subsequent frames are not
large and abrupt. We simplify the data generation process by scaling down the spacecraft
models appropriately to fit the FOV, so we can test in under the same trajectory. Further, we
simplify the spacecraft’s appearance by reducing the material specularity. Since we ignore
the view-based appearance model in 3DGS, our method in its current form cannot deal with
flares and sharp specular reflections. We use Nvidia Omniverse Isaac Sim with the ray-

tracing render engine to generate a sequence of 1000 synthetic images along the trajectory

“https://scifleet.esa.int/

137


https://scifleet.esa.int/

Z(m)
o
o

0.0

Figure 5.5: Dataset Generation: Camera trajectory relative to the target spacecraft, whose
body frame is denoted by the axes at O. The arrows show the boresight direction at each
point.

for each object. Through the replicator module, we generate an RGB image, an aligned
depth image, a segmentation image, and the relative ground-truth pose for each time step
of the trajectory. During data-loading, we add random noise in the color and depth images
with a standard deviation of 0.2 (intensity) and 0.025m respectively. Furthermore, we add

edge bleeding artifacts in the depth image to emulate a stereo depth output.

5.5.2 Evaluation

We evaluate the performance of our approach by running optimization for reconstruction
and tracking in alternate frames. The reconstruction performance is measured by the bi-
directional chamfer distance between the ground-truth surface point clouds and the point
cloud obtained from the online reconstruction. The chamfer distance metric quantifies the

similarity between two point clouds by averaging the pair-wise distances of the closest
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points. This is given by:

1 ni ; i 1 no ) .

CD(x1,x%2) = Qm;m — | +2m;\x;—x{ (5.20)

where, z* and z7* are the nearest neighbor points in the other point cloud. We compute
chamfer distance over 20000 points by uniformly sampling from each point cloud.

The tracking error is simply computed as the translation error and rotation error to the

annotated ground truth pose:

terr = HtCO _tE‘OHQ

ferr = 2 arccos(qco ® Aco)w (5.21)

where, t7,, and t¢,, are ground truth position and orientation.

5.6 Discussion

The qualitative results of 3D reconstruction and pose tracking are shown in Fig. 5.6. While
the reconstruction and tracking performance are coupled in our method, it is helpful to an-
alyze their evolution over the trajectory separately at first.Table shows the variation of
the bi-directional chamfer distance between the reconstructed point cloud and the reference
point cloud for each object. As newer views of the target object are revealed, the proposed
method generally leads to consistent improvement in the accuracy and completeness of the
reconstructed 3D model. The convergence of the reconstruction error is sensitive to the
pose tracking error. When new 3D Gaussians are added, the last estimated relative pose is
used to project them from the camera frame to the object frame. Consequently, larger pose
tracking errors can lead to diverging reconstruction errors. This can be seen in the case
of SOHO, Proba 2, and Ulysses models where the chamfer distance at the last step is not
the lowest. In the case of Ulysses, the reconstruction errors present a clear sign of early

tracking drift leading to sharp divergence. Another notable observation is the much lower
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Figure 5.6: Qualitative results of incremental 3D reconstruction and pose tracking of
CHEOPS (left) and SOHO (right) spacecraft.

improvement in error between the 500" and the 1000*" step. Depending on the spacecraft
geometry, most regions of the spacecraft can be revealed by step 500. This effect is dom-
inated by stray points in the reconstruction far away from the local surfaces of the object,
resulting from the noise in the depth images. This effect can be observed in the initial point
cloud shown in Fig.[5.7|as well as the final reconstructions shown in Fig. 5.6.

The tracking results for each of the spacecraft in terms of translation and rotation er-
ror are shown in Fig. For clarity, we separate the tracking error for the first 500 steps
from that of the entire 1000-step sequence. We outline three direct observations. First,
our method allows accurate tracking of diverse target objects over short durations. Second,
over 500 steps, the tracking error for 6/10 spacecraft models is maintained under the tight
bounds of 0.5 m in translation and 10 degrees in rotation. Finally, over the entire 1000 steps,
the tracking error for 6/10 objects diverges uncontrollably, while that of 4/10 objects remains
within a reasonable error bound. Together with the reconstruction results, these obser-
vations provide the preliminary validation of our incremental approach using 3D Gaussian
representations to track unknown objects. On a system with 12th Gen Intel Core i7-12800H
CPU and Nvidia RTX 3080 Ti Laptop GPU, it takes approximately 1.4s and 1.1s to optimize
the reconstruction (120 steps) and pose (80 steps) respectively.

The experiments demonstrate that the proposed approach and its application to unknown

spacecraft tracking are effective. However, the current implementation is limited in robust-
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Table 5.1: Evaluation of 3D reconstruction performance using bi-directional chamfer

distance
Spacecraft CD@0 CD@250 CD@500 CD@1000
CHEOPS 1.18+0.02 0.61+0.02 0.544+0.02 0.544-0.02
SOHO 1.964+0.00 1.53+0.03 1.04+0.14 1.2740.16
Giotto 0.62+0.01  0.05+0.01  0.02+0.00 0.01+0.00
Herschel 0.99+0.01 0.344+0.01 0.26+0.01  0.22+0.00
LISA 1.04+0.01 0.57+0.01 0.50+0.01 0.49+0.01
Pathfinder
Euclid 0.61+0.01  0.194+0.01 0.17+0.00 0.16=+0.01
Proba 2 0.78+0.01  0.45+0.01  0.38+0.01  0.39+0.01
Proba 3 1.4340.01 1.114+0.02 0.94+0.12 0.83+0.08
CSC
Ulysses 9.944-0.01 31.97+1.82 34.60+1.31 33.80+1.57
Integral 2.35+0.01 1.96+0.01 1.53+0.16 1.23+0.27

ness and practicality by several factors that can be addressed in future works. The foremost
limitation of the approach is the tracking drift over a longer duration. The key factor be-
hind this is the lack of a global pose optimization scheme. Since the pose optimization only
considers a single frame, any tracking error cascades negatively. Remember that we use
the latest pose available in the previous iteration for optimizing the object parameters and
adding newer points. While the repeated reconstruction compensates the tracking error to
a certain extent, it diverges beyond a certain margin of error. We observe two main sources
that cause this error: (1) Visual ambiguity in regions with low-intensity values and (2) view-
dependent changes in appearance. The first source is evident from the tracking results of
Integral, Proba-2, and Proba-3-CSC spacecraft which have large regions of surfaces that
are dark and do not provide enough contribution to the loss. The tracking drift starts rising
noticeably when large parts of the spacecraft observable in the image have close to zero
intensity. The second factor is observed in the case of Ulysses where the simulated im-
ages contain sharp view-dependent artifacts on the long booms of the spacecraft from data
generation.

The improvement of the loss function to deal with low-intensity regions can alleviate

abrupt tracking errors seen in the experiments. On the other hand, better keyframe man-
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Figure 5.7: Pose tracking errors over 1000 frames for 10 synthetic spacecraft models of
diverse geometry and textures. A sample input image and the point cloud of the first RGB-D
frame for each spacecraft are shown on the left.
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agement and pose graph optimization can solve the long-term tracking drift resulting from
accumulating errors. Further, naive extrapolation of the relative pose used directly to re-
construct the object and add more Gaussians limits the magnitude of pose shift that can be
handled between two consecutive images. From a design perspective, the requirement of
depth images can be relaxed by initializing points with a high variance around the existing
points based on the color image only. The requirement of a segmentation mask at each
frame may also be relaxed by only taking the segmentation mask in the first image and
then using the rendered image to mask the future frames. An important factor to include
in future work is the efficient representation of specularity, which may be done using spher-
ical harmonics coefficients for the Gaussians. The computation time can be improved by
using a second-order optimizer. Finally, the analysis can be extended to a comprehensive
range of relative trajectories including active maneuvers to assess the generalizability of our

approach.

5.7 Summary

In this chapter, we proposed a novel approach for incremental reconstruction and pose
tracking of unknown dynamic objects using 3D Gaussian representation. It assumes no
prior knowledge of the object or its motion and requires no pre-training or neural elements.
Relying on a differentiable rendering framework that is fast, it is more suitable for online ap-
plications than other contemporary methods. The effectiveness of the method is validated
on the task of tracking an unknown dynamic spacecraft. On a custom dataset of ten space-
craft with diverse geometry and appearance, the tracking accuracy over shorter duration is
less than 0.5m in translation and 10 deg in rotation. The aspects of longer duration tracking
drift are discussed along with recommendations for improvements, paving the way forward

for generalizable object-centric perception in space robotics.
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Contributions

1. Development of an efficient object-centric framework for incremental reconstruc-
tion and tracking of unknown objects using 3DGS. The original 3D Gaussian Splat-
ting formulation [170] addresses offline scene reconstruction from posed images. Our
work relaxes the need for a static world frame or camera poses and proposes an

object-centric framework suitable for online deployment.

2. Investigation of high-fidelity reconstruction and 6-DoF pose tracking of dynamic
unknown spacecraft. To the best of our knowledge, we provide the first approach to

tackle this problem without assuming prior knowledge about the target and its motion.
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Chapter 6

Conclusions

This thesis addresses fundamental challenges in robotic manipulation from an object-centric
perspective. Three interconnected contributions in this direction targeting generative mod-
eling, real-world deployment, and dynamic object perception are explored. The work main-
tains a coherent vision of enabling general-purpose robotic manipulation, while maintaining

generality for both terrestrial and space applications.

6.1 Generative Modeling for 6-DoF Grasp Synthesis

We introduced GraspLDM, a novel generative framework that learns generalizable represen-
tations to model the conditional distributions of 6-DoF grasps for visual observations. Gras-
pLDM enables efficient sampling of a complex conditional distribution of successful grasp
poses in a low-dimensional latent space. By combining variational autoencoders with latent
diffusion, GraspLDM outperforms existing generative approaches while remaining competi-
tive with state-of-the-art feed-forward models. The framework’s flexible architecture enables
efficient injection of task-specific conditioning in the latent space without retraining the base
model.

Future directions for extending GraspLDM are:

* Integration of grasp quality prediction directly within the GraspLDM architecture to elim-
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inate separate classifiers while maintaining task-conditional flexibility.

+ Development of more sophisticated task specification mechanisms for complex manip-

ulation sequences.

» Extending training and evaluation to larger-scale datasets and more gripper morpholo-

gies.

6.2 Real-world Object-centric Grasping

Our second contribution addressed the critical challenge of bridging simulation-to-reality
gaps in robotic grasping through a complete system architecture. The modular design en-
ables effective deployment of grasp synthesis models in unstructured scenarios, achieving
approximately 80% success rates with simulation-trained models. The system’s adaptability
across different hardware configurations while maintaining consistent performance demon-

strates its practical utility. Future work in this direction could explore:

» Extension to cluttered/constrained environments and multi-object manipulation sce-

narios.

 Improve grasp motion planning with parallel execution of multiple grasp hypothesis and

more complex task constraints.

« Evaluation with space-relevant scenarios with representative illumination settings.

6.3 Perception of Dynamic Unknown Objects

The final contribution takes a step forward in extending manipulation capabilities to dynamic
scenarios through an efficient object-centric framework for incremental 3D reconstruction
and tracking. Using 3D Gaussian Splatting, our approach demonstrates promising results in
tracking objects with diverse geometry and appearance without prior knowledge of structure
or motion - a crucial capability for space applications like satellite servicing. Key areas for

future development include:
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* Integration of global pose optimization for improved long-term tracking stability.

* Robustness to challenging visual conditions including specular reflections and extreme

lighting.

* Integration with real-time grasp synthesis and grasp replanning for dynamic manipula-

tion.
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Appendix A

Real-world Experiment Logs

A.1 Test Setup 1

This test setup uses a UR10e robot arm with a Robotiq 3F gripper and a RealSense D435i
camera. The comparison of GraspVAE and GraspLDM is conducted with 6-DoF-GraspNet [89].

Object 6-DoF-GraspNet GraspVAE-P- GraspLDM-P-63C
63C
Cleaning Spray V XV VX VY VY
Realsense Box XV XV VYV V XV VX VVXVY
Blue Cup X v X X X VXV X VX XV
Rubber Ducky X XV XV XV VvV XV VvV
Pliers X X XV V XV VvV XV XV VY
Screwdriver V X X X X VXXV VYV
Green Bowl X X v X X VY VY
Red Marker X X X v X VV VXV VYV
Pringles Can V X X X X VV VY X VvV VX X
Black 3D Printed Cuboid X XV XV XV VvV XV VXV VY
Aluminum Profile V XV VY VY VV XXV
Sunscreen Bottle X X XV V VV VY oX VV VXY
Frisbee X X XV V VY VY
Stapler X v X X X V XV VX VXV VY
Lint Roller X X XV V VvV VY oX VYV
3D Printed Probe V X X XV XV X XV VIV XXV
Success Rate 37.5% 76.25% 80.83%
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A.2 Test Setup 2

This test setup uses a Franka Research 3 robot arm with the Franka hand and a RealSense

D435i camera. The comparison of GraspVAE and GraspLDM is conducted with Contact-

GraspNet [90].

Object Contact- GraspVAE-P- GraspLDM-P-63C
GraspNet 63C
Cleaning Spray VXV VY V XV VX VV VY X
Realsense Box VYV XY V VXV X VvV VX X
Blue Cup VY VvV XV X VV VY X
Sanitizer X XV VY XV VY VEVEAaNs
Screwdriver V VYV YX VXYY VY
Pliers VvV VY X VvV XVVY vV VYV VYoX
Board Cleaner Bottle VV XV Y V XV VX VXV VY
IROS tray VY X XV XV X X XV V
Mint Box VY VY VYV
Gummy Bottle XV X XV XV VY VY
Staper VXV XV VVXVVY VVXVVY
DJI Osmo Holder VV XV X VV VXY VY
Heavy Pliers X XXV VY XV VXV VYV XY
Rubber Ducky XV VvV V XV VX V XV VX
Marker V XV VYV XV X XV V XV XV
Book VvV XV XV VvV XV X
Success Rate 76.25% 67.5% 78.75%
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