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Abstract

Robotic manipulation of large and complex objects requires not only the ability to generate fea-
sible grasps, but also to ensure stability under multi-contact interactions, particularly in dual-arm
settings. While recent advances in data-driven grasp synthesis have shown promising results for
single-arm grasping, extending these methods to dual-arm scenarios introduces additional chal-
lenges such as coordinated contact placement, force balance, and collision avoidance. This thesis
addresses these challenges through a unified progression from generative modeling to analytical un-
derstanding, which are subsequently combined into an end-to-end framework for dual-arm grasp
generation.

We begin with Constrained Grasp Diffusion Fields (CGDF), a diffusion-based generative model for
6-DoF grasp synthesis on complex objects. CGDF introduces a part-guided diffusion mechanism that
enables sample-efficient generation of grasps constrained to specific regions of an object, allowing
dense and targeted grasp proposals even on large and geometrically intricate shapes. This provides
a strong foundation for generating diverse and region-aware grasp candidates.

Building on this, we recognize that dual-arm grasping requires a principled notion of stability be-
yond independent single-arm grasps. To address this, we developed DG16M, a large-scale dataset
and an analytical framework for evaluating dual-arm grasp stability using an optimization-based
force-closure formulation. By explicitly modeling contact forces, friction constraints, and external
disturbances, this work provides a physically grounded metric for assessing grasp quality and en-
ables the learning of stability-aware models.

Finally, we integrate these two perspectives — generative modeling and analytical evaluation into
DAGDIff, an end-to-end diffusion-based framework for directly generating dual-arm grasp pairs.
Unlike prior approaches that rely on heuristic pairing or region selection, DAGDiff formulates grasp
generation in the joint SE(3) x SFE(3) space and incorporates guidance from stability and collision-
aware classifiers during the diffusion process. This allows the model to generate dual-arm grasps
that are not only diverse, but also force-closure stable and collision-free directly from raw input point
clouds.

Together, these contributions establish a principled pipeline for dual-arm grasp synthesis: from
region-aware generative modeling, to analytical stability evaluation, to fully integrated end-to-end
learning. This work advances the state of robotic manipulation by enabling reliable, generalizable,

and physically grounded dual-arm grasping on complex real-world objects.

vi
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Chapter 1

Introduction

It is comparatively easy to make computers exhibit adult level
performance on intelligence tests or playing checkers, and
difficult or impossible to give them the skills of a one-year-old

when it comes to perception and mobility.

HANS MORAVEC in Mind Children, 1988

Robotic manipulation is the mechanism through which autonomous systems physically act on
the world, enabling tasks ranging from assembly and logistics to household assistance and service
robotics. Recent advances in humanoid robotics further highlight this vision, where robots are ex-
pected to operate in unstructured household environments and perform everyday tasks alongside
humans (as shown in Figure [L.I). At the core of this capability lies grasping — before a robot can
move, reorient, or coordinate an object, it must first establish a stable and reliable contact configu-
ration. As emphasized in classical grasp analysis [1-3], a grasp must be able to counteract external
disturbances through appropriate contact forces, which makes grasp quality a fundamental prereq-
uisite for manipulation rather than a separate subproblem.

This requirement becomes even more pronounced when the object is large, heavy, or geometri-
cally complex. In such cases, single-arm grasping is often insufficient, and dual-arm manipulation
becomes the natural and necessary alternative [4-6]. Dual-arm systems can distribute forces across
multiple contacts and support a wider range of object sizes and shapes, but they also introduce a
more difficult stability problem: the two grasps must work together as a physically consistent pair,
not merely as two individually feasible contacts. This makes dual-arm grasping a problem that sits
at the intersection of grasp generation, force balance, and coordinated manipulation [7-9].

In this thesis, we study the problem of generating physically stable dual-arm grasps directly from
object geometry. Our goal is to develop methods that can not only propose feasible grasp configu-
rations, but also ensure that these grasps are stable, collision-free, and applicable to complex and
large real-world objects. We approach this problem by combining generative modeling techniques
with physically grounded stability analysis, enabling the synthesis of grasp pairs that are both diverse
and physically stable.



Figure 1.1: Humanoids by Figure, doing household work.

1.1 Motivation and Challenges

Consider lifting a large object such as a monitor or carrying a box with both hands. The place-
ment of the hands is not arbitrary, as they must be positioned such that the object remains balanced,
does not slip, and does not rotate under its own weight. This intuitive action reflects a fundamental
principle in robotic manipulation — before an object can be manipulated, it must first be grasped in
a physically stable manner [10]. Classical works in robotic manipulation have formalized this idea
through concepts such as force closure, which ensures that a set of contact forces can resist arbitrary
external disturbances [1].

Grasping, therefore, is not merely a preliminary step but a prerequisite for manipulation. As high-
lighted in modern surveys, it remains one of the most fundamental and challenging problems in
robotics, requiring the integration of perception, planning, and control [5, 6, 11,12]. While signifi-
cant progress has been made in generating grasps for single-arm systems, these methods often rely
on local geometric reasoning and do not fully capture the complexities of physical interaction.

These challenges become significantly more pronounced in dual-arm manipulation. Unlike single-
arm grasping, where stability can often be inferred from local contact geometry, dual-arm grasping
requires coordinated interaction between multiple contact points. The two grippers must act together
as a single system, thereby ensuring consistent force distribution, torque balance, and compatibility
with the object’s geometry. Hence, such systems introduce additional layers of complexity, including
inter-arm coordination, shared control, and coupled physical constraints [4}/6,13].

Akey difficulty arises from the fact that dual-arm grasping cannot be reduced to selecting two in-
dependent single-arm grasps. Even if each grasp is individually feasible, their combination may fail
to stabilize the object due to poor force balance, unfavorable placement relative to the center of mass,
or conflicting contact interactions. This highlights a fundamental gap between geometric feasibility
and physical stability, which has long been recognized in grasp analysis literature [1-3}11]. Further-
more, existing learning-based approaches primarily focus on generating diverse grasp candidates,
often treating stability as a post-hoc evaluation step [14-18]. This separation between generation and
evaluation leads to inefficiencies and limits the ability to directly produce physically consistent grasp

pairs. Bridging this gap requires methods that can jointly reason about geometry and physics dur-



ing the grasp generation process. In this thesis, we address these challenges by developing methods
that integrate generative modeling with physically grounded stability analysis, enabling the direct

synthesis of stable dual-arm grasps on complex objects.

1.2 Problem Statement

In this thesis, we address the problem of generating dual-arm grasps directly from object geome-
try (such as pointcloud or RGB-D images). Given an appropriate representation of an object, the goal
is to determine a pair of grasp configurations for two robotic arms that can jointly manipulate the
object in a reliable and physically consistent manner.

Avalid dual-arm grasp must satisfy several key requirements:

¢ Physical Stability: The grasp pair should be able to support the weight of the object while
resisting external disturbances and small perturbations. This requires coordinated force and

torque distribution between the two grippers to prevent slipping or undesired motion.

o Collision-Free Configuration: The grasps must not result in collisions between the grippers
and the object or between the two grippers themselves, ensuring that the configurationis phys-

ically executable.

¢ Geometric Feasibility and Consistency: Each grasp should align with the local geometry of
the object, allowing appropriate contact without penetration or slippage. Additionally, the two
grasps must be mutually compatible, forming a coordinated pair that can jointly support and

manipulate the object rather than acting as independent contacts.

The objective is to generate such grasp pairs in a joint and scalable manner, without relying on
heuristic pairing strategies or post-hoc filtering. This requires jointly reasoning about object geom-

etry and physical constraints within a unified framework.

1.3 Thesis Contributions

The overarching objective of this thesis is to develop a principled framework for dual-arm grasp-
ing that combines grasp generation with physical stability assessment. Rather than treating these as
separate problems, we progressively build methods that can generate grasps on large and complex
objects, evaluate their stability in a physically grounded manner, and ultimately synthesize dual-arm

grasp pairs directly from object pointcloud. The main contributions of this thesis are as follows:

1. CGDF: Constrained Grasp Diffusion Fields [19]. We introduce a diffusion-based framework
for generating dense 6-DoF grasps on large and geometrically complex objects. CGDF incor-

porates a part-guided strategy that enables sample-efficient grasp generation on constrained



regions, making it suitable for multi-region and dual-arm manipulation settings. This work

establishes the generative foundation of the thesis.

2. DG16M: Alarge-scale dataset and analytical framework for dual-arm grasp stability [20].
We develop an optimization-based force-closure formulation to evaluate dual-arm grasps un-
der friction and actuator constraints, and use it to construct DG16M, a large-scale dataset of
physically stable grasp pairs. In addition, we build a simulation-verified benchmark using
Isaac Gym to provide more realistic stability labels for dual-arm grasping. This work con-

tributes the stability-centric component of the thesis.

3. DAGDIff: Dual-Arm Grasp Diffusion [21]. We present an end-to-end diffusion-based frame-
work that directly generates stable and collision-free dual-arm grasp pairs from object point
clouds. DAGDIff models the joint pose space SE(3) x SFE(3) and uses guidance signals de-
rived from stability and collision-aware predictors to steer the diffusion process toward physi-
cally feasible grasp pairs. This work unifies grasp generation and stability reasoning in a single

framework.

Together, these contributions provide a coherent progression from region-aware grasp genera-
tion, to analytical stability evaluation, to unified dual-arm grasp synthesis, advancing the state of

physically grounded robotic manipulation.

1.4 Thesis Structure

This thesis is organized to progressively develop the problem of dual-arm grasping from back-
ground concepts to generation, stability analysis, and finally a unified framework. Chapter 2 provides
the necessary background on robotic grasping, including representations, grasp generation meth-
ods, and stability analysis techniques. Chapter 3 introduces CGDF, a diffusion-based approach for
generating dense grasps on large and complex objects. Chapter 4 presents DG16M, where we study
dual-arm grasp stability through an optimization-based force-closure formulation and construct a
large-scale dataset with physically grounded annotations and simulation-based validation. Build-
ing on these insights, Chapter 5 introduces DAGDIff, an end-to-end framework that directly generates
stable and collision-free dual-arm grasp pairs by modeling their joint pose space with stability-aware
guidance. Finally, Chapter 6 concludes the thesis with a summary of contributions and directions for

future work.



Chapter 2

Background

All models are wrong, but some are useful.

GEORGE BOX in Science and Statistics, 1976

2.1 Grasp Representation and Formulation

A robotic grasp refers to the configuration and interaction between a robot end-effector and an ob-
ject that enables stable manipulation. Formally, grasping involves both the geometric relationship
between the robot and the object, and the physical constraints governing contact and force trans-
mission. Importantly, while a grasp inherently captures the interaction between the end-effector
and the object, the manner in which this interaction is represented can vary significantly depending
on the gripper embodiment, task requirements, and environmental constraints.

In practice, a grasp can be parameterized in multiple ways, each emphasizing different aspects of
the interaction. For instance, it may be represented purely as a pose of the end-effector in SE(3),
as a set of contact points and associated surface normals, or as a higher-dimensional configuration
encoding gripper geometry, joint states, and contact forces. These representations are often inter-
changeable under ideal conditions, but differ in their expressiveness, computational efficiency, and
suitability for learning-based methods.

Consequently, the choice of grasp representation plays a critical role in both modeling and gener-
ation, as it determines how grasp candidates are sampled, evaluated, and optimized. In the following
subsections, we discuss the most commonly used grasp representations and their corresponding for-

mulations.

2.1.1 Pose-Based Grasp Representation

A widely used representation models a grasp as a rigid transformation in the special Euclidean

group SE(3), as shown in Figure2.(a). A pose-based grasp configuration H is defined as a homo-



(a) (b) ()

Figure 2.1: Overview of grasp representations at different levels of abstraction, including geometric grasp
poses, contact-based friction models, and dexterous multi-fingered grasping.

geneous transformation matrix:

Rt

of € SE(3)

where R € SO(3) represents the rotation matrix describing the orientation of the end-effector, and

t € R3 denotes the translation vector corresponding to its position in the world frame.

This 6-DoF representation specifies the global pose of the gripper and is commonly used in mod-
ern grasp generation methods, particularlyin learning-based approaches that operate on point clouds
or RGB-D observations [14-18,[22-25|]. Pose-based representations are computationally efficient and
well-suited for sampling-based and generative methods, including diffusion-based approaches [19}
26,27]. However, they abstract away the underlying contact interactions, and therefore do not ex-

plicitly encode physical feasibility or force transmission properties.

2.1.2 Contact-Based Grasp Representation

To model physical interaction more explicitly, grasps are alsorep-
resented in terms of contact points between the gripper and the ob-

ject surface. A grasp can be defined as a set of [NV contact points:

C = {(pi, i)},

Figure 2.2: Illustration of Fric-

where p; € R? denotes the contactlocation and 7; € R? denotesthe . .
tion cone at contact p01nt Di-

corresponding surface normal as shown in Figure[2.1(b).

Each contact is associated with a local contact frame and a contact model, such as Point Contact

With Friction (PCWF) or Soft-Finger Contact models [10}[11]. The contact forces at each point can be



decomposed into normal (/") and tangential components (f}) as:

fi= [+ ff,
IFEN < pf?

where 4 is the friction coefficient of the object. An illustration of this is shown in Figure[2.2]

The effect of these forces on the object is captured through the grasp matrix G € R*3, which
maps contact forces to object wrenches w = G - f, where w € RS represents the wrench (force and
torque), and f € R? is the contact force vector. This formulation enables analytical evaluation of
grasp stability using concepts such as force closure and wrench space analysis. While contact-based
representations provide a physically grounded framework, they rely on accurate knowledge of con-
tact locations and surface normals, which are not directly observable in real-world perception and
must be estimated from noisy point clouds (or RGB-D data). This makes such formulations difficult

to apply reliably and integrate into data-driven generative models.

2.1.3 Higher-Order and Configuration-Space Representations

Beyond pose and contact-based formulations, grasping can also be represented in higher dimen-
sional configuration spaces that explicitly model the robotic gripper kinematics and multi-contact
interactions, as shown in Figure [2.1(c). In this setting, a grasp is defined in the joint space of the
robotic gripper (or typically robotic hand):

q=lq,q1, G- qa €R

where ¢; denotes each joint angle and d is the number of degrees of freedom of the gripper. The
forward kinematics fi;, map the joint configuration to the end-effector pose as H = fii,(q), while
the contact configuration depends on both ¢ and the object geometry.

Such representations are particularly relevant in dexterous manipulation and dual-arm grasping,
where interactions involve multiple coordinated contacts [28-30]. In these settings, a valid grasp
must satisfy both geometric constraints (e.g., reachability and collision avoidance) and physical con-
straints such as force balance and actuator limits.

Notably, the mapping from joint configurations to end-effector poses or contact configurationsis,
in general, many-to-one, i.e., multiple distinct configurations may yield equivalent grasp outcomes.
While this redundancy provides additional degrees of freedom that can be exploited to satisfy sec-
ondary objectives, it also increases the dimensionality of the search space, thereby complicating the

associated planning and optimization problems.

Summary. Overall, pose-based, contact-based, and configuration-space representations offer com-
plementary perspectives on grasping, trading off between computational efficiency, physical fidelity,

and representational expressiveness. These distinctions are central to understanding the design of



grasp generation methods and their applicability to complex manipulation scenarios such as dual-

arm grasping.

2.2 Grasp Generation Methods

Grasp generation methods aim to predict feasible grasp configurations given object geometry or
sensory observations. Broadly, these methods can be categorized into classical analytical approaches

and data-driven learning-based approaches.

2.2.1 Classical Methods

Classical grasp generation methods rely on geometric and physical principles to synthesize grasps.
A common strategy is to sample candidate grasps using heuristics such as antipodal contact condi-
tions, where opposing contact points satisfy friction constraints [10,[11]. These sampled grasps are
then evaluated using analytical metrics derived from Grasp Wrench Space (GWS) analysis, such as
Force Closure [1] or the Ferrari-Canny metric [3].

Such methods typically follow a two-stage pipeline: (i) sampling candidate grasps based on ob-
ject geometry, and (ii) ranking them using stability metrics. Systems such as Dex-Net [22] leverage
large-scale simulation to generate grasp candidates and evaluate them using analytic grasp qual-
ity measures, enabling robust grasp selection under uncertainty. Simulation frameworks such as
Grasplt! [31] further enable physics-based evaluation of grasp stability by modeling contact inter-
actions, friction, and force closure, and have been widely used as tools for analyzing and validating
grasp configurations.

While classical methods provide strong physical guarantees, they often suffer from computational
inefficiency due to exhaustive sampling on object meshes and limited generalization to complex,

real-world geometries.

2.2.2 Learning-Based Methods

Learning-based approaches directly infer grasp configurations from sensory inputs such as single

or multi-view RGB-D images or point clouds, leveraging large datasets and neural networks.

2.2.2.1 Predictive Models

Predictive methods formulate grasp generation as a supervised learning problem, where the model
predicts grasp parameters or scores candidate grasps. Early works such as [18]] and [32] used convo-
lutional neural networks (CNNs) to predict grasp rectangles from images. Subsequent approaches
extended this to 6-DoF grasp prediction using depth and point cloud representations, such as [14,[15,

22,25]], which predict dense grasp poses directly from scene observations.



These methods are efficient at inference (as it requires a single forward-pass) and can generalize
across object categories. However, they are often limited by dataset bias and typically rely on pre-
defined grasp representations which restrict their ability to capture the multimodal nature of grasp

distributions.

2.2.2.2 Generative Models

Generative approaches explicitly model the multimodal distribution over feasible grasps and aim
to sample diverse grasp candidates (as illustrated in Figure [2.3). Variational Autoencoders (VAEs)
[33] and Conditional VAEs [34] have been used to learn latent representations of grasp distributions,
asin 6DoF-GraspNet [23]], where grasp poses are sampled and refined using learned evaluators. More
recently, Diffusion Models [35] have emerged as a powerful framework for grasp generation.

These methods model grasp synthesis as an it-
erative denoising process over pose space, enabling
the generation of diverse and high-quality grasps. =
Works such as [26-28|] demonstrate that diffusion
models can effectively capture the multimodal na-
ture of grasp distributions and improve grasp suc-
cessrates in both simulation and real-world settings.
Additionally, diffusion-based methods can incorpo-

rate guidance signals, such as collision avoidance or

A

task constraints, during sampling to improve physi- HcSEQ®)

cal feasibility. Compared to predictive models, gen-

erative approaches offer greater diversity and flexi- Figure 2.3: Illustration of a multimodal grasp
distribution over SE/(3), highlighting diverse fea-

bility, but often require additional mechanisms for sible grasp configurations.

ensuring physical validity and stability.

Overall, classical and learning-based approaches offer complementary strengths: analytical meth-
ods provide principled guarantees of stability, while learning-based methods enable scalable and
generalizable grasp generation. Bridging these paradigms remains a key challenge, particularly in

complex settings such as dual-arm grasping.

2.3 Grasp Evaluation Metrics

Evaluating the quality of a robotic grasp is a fundamental component of grasp planning and syn-
thesis. Given that multiple feasible grasp configurations may exist for a single object, grasp evalu-
ation metrics provide a principled way to quantify stability, robustness, and task suitability. These
metrics are broadly categorized into analytical, geometric, and empirical approaches, each capturing

different aspects of grasp quality [36].



Figure 2.4: Example of grasp evaluation in Isaac Gym [37]] simulation environment. The predicted grasps are
executed using parallel-jaw grippers on diverse objects to assess stability and success under physics-based
interactions.

2.3.1 Analytical Metrics

Analytical metrics are derived from physical models of contact and force transmission. These met-
rics typically rely on the concept of the Grasp Wrench Space (GWS), which represents the set of all

wrenches (forces and torques) that can be applied to an object through contact forces.

2.3.1.1 Force Closure

A grasp is said to achieve force closure if it can resist arbitrary external disturbances through appro-
priate contact forces [10]. Let G € R5%™ denote the grasp matrix mapping contact forces to object
wrenches, and let F represent the set of admissible contact forces (e.g., constrained by friction cones).

The set of achievable wrenches is given by:
W={weR® | w=GYf, feF} (2.1)

The grasp achieves force closure if:
0 € int(W) (2.2)

i.e., the origin lies in the interior of the convex hull of achievable wrenches. Force closure serves as
a binary but widely used criterion for grasp stability and is often employed as a necessary condition

for a valid grasp.

2.3.1.2 Ferrari — Canny Metric

To obtain a continuous measure of grasp quality, Ferrari and Canny [3|] proposed a metric based
on the largest disturbance wrench that a grasp can resist in any direction. Let G € R*™ denote
the grasp matrix mapping contact forces to object wrenches, f € R the stacked vector of admissi-

ble contact forces, and F the set of feasible contact forces defined by friction constraints. The set of
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achievable wrenches is givenby W = {G f | f € F}. The Ferrari-Canny metric is defined as:

€= min max w'Gf (2.3)
[wl=1 feF
wherew € RO represents a unit disturbance wrench. This corresponds to the radius of the largest ball
centered at the origin that lies within W. Equivalently, when W is represented as a convex polytope,
the metric can be expressed as:
€= miin d(0,ow;) (2.4)

where 0)V; denotes the i-th facet of the wrench space boundary, and d(0, ;) is the distance from
the origin to that facet. A larger value of ¢ indicates greater robustness which corresponds to grasps

that can resist larger external disturbances.

2.3.2 Empirical and Simulation-Based Metrics

Empirical metrics evaluate grasp quality through simulation [37-41] (an example is shown in Fig-
ure[2.4) or real-world execution. These include measures such as grasp success rate, number of con-
tact points, robustness to perturbations, and stability under dynamic interactions [17,22}30,/42]. For
instance, a grasp can be considered successful if the object remains stable after applying gravity or
external disturbances, or if it can be reliably lifted and manipulated without slippage.

Simulation-based metrics are widely used in modern grasping pipelines as they implicitly capture
complex contact dynamics, frictional effects, and uncertainties that are difficult to model analyti-
cally. They also enable large-scale data generation and evaluation across diverse object geometries
and task conditions. However, they are computationally expensive, sensitive to simulator fidelity
(e.g., contact models and friction parameters), and may suffer from sim-to-real discrepancies when

deployed on physical systems.

Summary. Each classof metrics captures different aspects of grasp quality. Analytical metrics pro-
vide strong theoretical guarantees but may be conservative and computationally intensive while Em-
pirical metrics offer realistic evaluation but depend on simulation accuracy and computational re-
sources. In practice, many grasp generation systems combine multiple metrics to balance efficiency
and robustness, using analytical measures for initial filtering and empirical evaluation for final vali-

dation.
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Chapter 3

Learning to Grasp Large and Complex objects

The hand is the visible part of the brain.

IMMANUEL KANT

3.1 Introduction

Robotic grasping is a fundamental capability that underpins a wide range of manipulation tasks,
from industrial automation to assistive robotics. Significant progress has been made in learning-
based grasp generation, where models predict feasible grasp configurations directly from sensory
inputs such as point clouds or depth images [14,(15,17, 22} 23,125]. These methods have demonstrated
strong performance in structured environments involving tabletop objects and relatively simple ge-
ometries.

However, real-world manipulation often involves objects that are large, geometrically complex,
and structurally diverse, such as furniture, tools, and articulated objects [43-45|]. In such scenarios,
grasp generation becomes significantly more challenging. Large objects require reasoning over ex-
tended spatial extents, while complex geometries demand a detailed understanding of local shape
features. Existing methods, which typically rely on global shape representations or uniform grasp
sampling strategies, often fail to provide dense and reliable grasp coverage on such objects. As a re-
sult, they become sample-inefficient and require generating a large number of candidates to obtain
a few valid grasps.

Anotherimportantlimitation of prior workis the assumption of uniform grasp distributions across
the object surface. In practice, many objects require the grasp to be concentrated on specific re-
gions due to physical constraints, functional affordances, or task requirements [46/-49]. For instance,
grasping a chair may require placing contacts on its arms, while manipulating a tool may require
grasping its handle. Uniform grasp generation fails to capture such structured constraints, limiting
its applicability in realistic manipulation settings. Recent advances in generative modeling, particu-
larly diffusion-based approaches, have shown promising results in capturing multimodal distribu-
tions over grasp poses [26,[27]. These methods improve diversity and coverage, but still struggle to

model fine-grained local geometry and generate grasps that are concentrated on specific regions of
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Figure 3.1: CGDF: Constrained Grasp Diffusion Fields produces dense grasp configurations on large, geomet-
rically complex objects (e.g., chairs) in a dual-arm setting. Given target regions (optionally obtained via text
prompts using PartSLIP [50]), CGDF employs a part-guided diffusion strategy to efficiently generate grasps
localized to these regions, enabling coordinated multi-region and multi-arm grasping.

large objects. This highlights the need for representations and generation strategies that can simul-

taneously capture global structure and local geometric detail.

In this chapter, we address the problem of learning to generate grasps on large and complex ob-
jects. We focus on the setting where grasp generation must be both dense and region-aware, en-
abling efficient sampling of grasps on specified parts of an object. To this end, we propose CGDF:
Constrained Grasp Diffusion Fields, a diffusion-based framework that leverages improved shape
representations and part-guided generation to produce sample-efficient and geometrically consis-
tent grasp distributions (as shown in Figure[3.]). Our approach enables dense grasp generation on
complex objects and naturally extends to multi-arm manipulation settings, where multiple regions
of interest must be considered simultaneously. The project page and code can be accessed here:

https://constrained-grasp-diffusion.github.io/.

3.2 Related Works

3.2.1 Grasp Generation

Grasp generation for single-arm manipulation, particularly for small objects, has been extensively

studied in prior work [14,15}(17,22,23]. Most existing methods learn a mapping from object observa-
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tions, such as point clouds or images, to a set of feasible grasp poses. These approaches often include

an additional evaluation stage to filter out collisions or unstable grasps.

Several works explore alternative formulations for grasp generation. For instance, differentiable
sampling-based methods optimize grasp configurations using task-specific objectives [51,52], while
energy-based models learn implicit representations of grasp quality [53]]. Other approaches lever-
age keypoint-based representations to predict grasp poses directly from visual inputs [54-57]. Re-
lated task-oriented grasping methods also use keypoints to bridge point clouds and action represen-
tations, and some recent VLM-based approaches inject semantic knowledge or affordance cues to
guide grasp selection and improve open-vocabulary grasping [58-64]. Despite these advances, the
majority of these methods still generate grasps uniformly across the object or scene, which limits

their effectiveness in scenarios where grasps need to be localized to specific regions.

While some works extend grasping to dual-arm settings, they often rely on multi-stage pipelines
that separately predict grasp points and semantic regions. Such approaches do not explicitly model
dense grasp distributions and are not well-suited for generating coordinated grasps across multiple

regions of large objects.

3.2.2 Constrained Generative Grasp Sampling

Constrained grasp generation has been explored in both single-arm and dual-arm settings [23,
44,65]. Many of these methods focus on task-oriented grasping, where grasps are conditioned on
specific manipulation objectives. However, such approaches are often limited by the tasks they are
trained on and do not generalize well to arbitrary regions.

A more general formulation of constrained grasping is introduced in VCGS [66]], which models
grasp generation as a conditional generative process [33] over specified target regions. VCGS devel-
ops and uses the CONG dataset, which augments large-scale grasp datasets with region annotations
and corresponding grasps. While this approach enables dense grasp generation on selected regions,
it requires explicitly labeled constrained datasets for training.

In contrast, our work extends this setting to large objects and dual-arm manipulation without
relying on conditionally labeled data. By leveraging richer shape representations and a part-guided
diffusion strategy, our method is able to generate constrained grasps in a sample-efficient manner

while maintaining generalization to complex object geometries.

3.3 Preliminaries
In this section, we briefly review the key representations and ideas that form the foundation of

our approach, including implicit shape representations, neural descriptor fields, and diffusion-based

grasp generation.
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3.3.1 Implicit Shape Representations

Implicit representations model a 3D shape as a continuous function defined over space. A com-
monly used formulation is the signed distance function (SDF), which maps a 3D point z € R3 to its

distance from the object surface:
SDF(I‘) = f@(x)v

where fy is a neural network parameterized by 6. The object surface is implicitly defined as the zero
level-set of this function: {z € R? ‘ fo(z) =0}.

Convolutional Occupancy Networks extend this idea by encoding shape information into struc-
tured feature planes [67]. Given an input point cloud P, per-point features are first extracted using a
point cloud encoder (e.g., PointNet [68] or PointTransformer [69]). These features are then projected
onto three canonical planes (XY, X Z,Y 7), forming three feature maps of size H X W x d. A shared
2D convolutional network [70] processes these planes to capture local geometric structure.

For a query point z, features are obtained by bilinear interpolation from the feature planes and
passed through a decoder:

fo(x) = MLPy (2, @ x),

where z, is the interpolated feature and & denotes concatenation operation. This representation
enables efficient encoding of fine-grained local geometry, which is critical for grasp generation on

complex objects.

3.3.2 Neural Descriptor Fields

Neural Descriptor Fields represent object geometry through learned feature descriptors associ-
ated with spatial locations [71]. Formally, a neural field f5 : R?> — R maps any spatial location
to a latent descriptor, enabling dense correspondence across object instances. A grasp pose can be
represented by transforming a fixed query point cloud P, using a rigid transformation H € SE(3)
as Py = H - P,. The descriptor of a grasp pose is then obtained by aggregating the features of trans-

formed query points:

o ={fo(z;) | v € Py}

Akey property of NDFs is that they encode not only local geometry but also relative pose relation-
ships between the object and the query. This allows grasp poses to be represented as descriptor sets
that are comparable across different object instances. Importantly, NDFs are designed to be SE(3)-
equivariant [72} 73], meaning that transformations of the input correspond to predictable transfor-
mations in the descriptor space. This property enables generalization across arbitrary object poses
and spatial configurations. Additionally, the model is typically trained in a self-supervised manner
via 3D reconstruction or autoencoding objectives, removing the need for explicit keypoint or part

annotations.
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This formulation allows grasps to be represented in terms of local geometric features, enabling
similarity between grasp configurations and corresponding object regions. As a result, it provides a

natural way to relate grasp poses to underlying object geometry.

3.3.3 SE(3) Diffusion Models for Grasp Generation

Recent work formulates grasp generation as a diffusion process over the space of rigid transfor-
mations SFE(3) [26]. Since SE(3) is a Lie group, diffusion is performed in its associated Lie algebra

s¢(3) = R® using logarithmic and exponential maps:

Logmap : SE(3) — RS
Expmap : R® — SE(3)

Given a ground-truth grasp pose H, the forward diffusion process perturbs it by adding Gaussian

noise in RY:
Hj, = Expmap ( Logmap(H) + €;) (3.1)

where €, ~ N(0,071). The model learns a denoising function ey(H, k, P) that predicts the noise
added at timestep k, conditioned on the object point cloud P. The training objective minimizes the

discrepancy between predicted and true noise:

£ =B [le =~ eo(Hy, b, P)|’] (32)

This formulation represents the general denoising diffusion framework. S F(3)-diffusion [26] im-
plements the above as an equivalent score-based formulation [74] that estimates the gradient of the
data distribution instead of directly predicting noise. During inference, grasp poses are generated via

an iterative denoising process:
Hj,_1 = Expmap ( Logmap(Hy,) — ay €g(Hy, k, P) + oxe) (3.3)

where € ~ N(0, I), and ay, o are schedule-dependent coefficients.

This formulation enables the generation of diverse and high-quality grasp configurations by mod-
eling the underlying distribution over feasible grasps. Diffusion-based methods are particularly ef-
fective in capturing multimodal distributions and improving sample efficiency in grasp generation
tasks.
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3.4 CGDF: Constrained Grasp Diffusion Fields

3.4.1 Method

We present Constrained Grasp Diffusion Fields (CGDF), a diffusion-based framework for gen-
erating 6-DoF grasps on complex objects under spatial constraints. Given an object point cloud (with
n points) P € R"*? and a target region Pyrgee C P, the goal is to generate a set of grasp poses
{H;}M,, where H; € SE(3) and M is user-specified number, such that the grasps are both stable
and localized within the target region Prge.. We do not impose any constraints on the how detailed
the target region should be, allowing Piaget to vary from a small localized subset to the entire point
cloud P. In the case of an n-arm manipulation setup involving large objects, this can be naturally
extended to multiple regions Prarger = {Péuget, Pt%rget, -+« s Plgec}, €ach corresponding to a different
manipulator.

This setting necessitates learning a robust and expressive shape representation that can gener-
alize across arbitrary object geometries and varying region specifications. Additionally, the model
must be capable of producing a diverse set of grasps with sufficient coverage over the specified tar-
get regions. Diffusion models are particularly well-suited for this purpose, as they effectively cap-
ture complex data distributions while enabling diverse sample generation. Therefore, we adopt a
diffusion-based formulation as the backbone of our approach.

Our method builds upon SE(3)-equivariant diffusion models and introduces a part-guided dif-
fusion mechanism to enable constrained grasp generation without requiring large-scale constraint-
annotated training data. The overall formulation consists of three components: (i) a SE(3) diffusion
model, (ii) an energy-based scoring function, and (iii) a constrained sampling strategy.

In the next sections, we first (Section explain the diffusion formulation in SE(3), then
(Section[3.4.1.2) formulate the part-guided strategy to generate grasps on constrained regions and fi-
nally (Section[3.4.1.3) outline the CGDF architecture to generate grasps with and without constrained

regions.

3.4.1.1 SE(3) Diffusion Formulation

We adopt the formulation of diffusion models on the special Euclidean group SFE(3), following
prior work [26]. Since a grasp pose H lies on the Lie group SF(3), it does not admit standard Eu-
clidean operations such as addition and subtraction. To enable diffusion in a vector space, we map

H to its corresponding Lie algebra se(3) =2 RS using the logarithmic map:
h = Logmap(H) € RS (34)

This mapping allows us to perform standard perturbations in R®, after which we can project back to

S E(3) using the exponential map. The forward diffusion process perturbs grasp poses by injecting
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Gaussian noise in the Lie algebra space:

Hj, = Expmap (Logmap(H) +¢;), e, ~N(0,011) (3.5)

where £ denotes the diffusion timestep and o}, controls the noise magnitude.

In standard diffusion models, the objectiveis to directly predict the noise ¢;, added at each timestep
[35}|75]. However, in continuous domains such as SE(3), it is often more stable to instead learn the

score function, i.e., the gradient of the log-density of the data distribution [74].

Following [26], we parameterize this score implicitly using an Energy-based Model (EBM) Ejy,

which assigns a scalar energy to a grasp pose conditioned on the point cloud:
er = Eg(Hi, k, P) (3.6)

The score function is then obtained as the negative gradient of this energy with respect to the

pose:
_ OEy(Hy, k, P)

SQ(HkvkaP): aHk

(3.7)

This formulation provides two advantages: (i) it naturally induces a scoring mechanism over grasps,
where lower energy corresponds to higher-quality grasps, and (ii) it ensures a smoother and more

stable vector field over SE(3) compared to directly regressing noise.

The model is trained using a denoising objective, where the predicted score is matched to the

ground-truth normalized noise:

€k
Lgiti = || so(Hr, k, P) — — (3.8)
ok ly
During inference, grasp poses are iteratively updated over timesteps k = { K, K —1,...,0} using
Langevin dynamics [76:
Hj,_1 = Expmap (%se(Hk, k,P)+ ozke> H, (3.9)

where € ~ N (0, I) and o, is a step-dependent coefficient. This process gradually moves noisy sam-

ples toward low-energy regions corresponding to valid grasp configurations.

3.4.1.2 Part-Guided Strategy

The diffusion formulation described above generates grasps over the entire object in an uncon-
strained manner. However, our goal is to generate grasps that are restricted to a specified target re-
gion Prger © P. Akey observation is that the learned energy function Ejy already encodes grasp

quality. In particular,
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Figure 3.2: Part-guided diffusion strategy: We demonstrate the approach using two CGDF instances, one con-
ditioned on the full point cloud and the other on target region.

grasps that are unstable or in collision correspond to high-energy configurations, whereas stable

grasps lie in low-energy regions

We use this property to enable constrained grasp generation without retraining the model. Given a
candidate grasp H, we evaluate its quality under two contexts: the full object point cloud P and the

target region P;:

¢ = Ey(H,0, P), (3.10)
¢ = Ey(H, 0, Parget) (3.1)

Here, ¢/ measures whether the grasp is globally stable with respect to the full object P, while ¢”
measures whether the grasp is consistent with the local geometry of the target region Piargec. A grasp

is considered a valid constrained grasp only if it satisfies both criteria:

¢ <d and €’'<4 (3.12)
where § is a user-defined threshold. Intuitively, this ensures that the grasp is both physically feasi-
ble on the object and localized within the desired region. While the above formulation provides a
filtering criterion, directly sampling grasps on Prarger and thresholding based on energy is sample-
inefficient. To address this, we introduce a part-guided diffusion strategy that integrates the con-
straint directly into the sampling process.

As shown in Figure we guide the diffusion process using two instances of the energy model —

one conditioned on the full point cloud P and the other on the target region Pyarge;. At each diffusion
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Figure 3.3: CGDF: Constrained Grasp Diffusion Fields, enables the generation of dense grasp configurations on
large objects with complex geometries, such as chairs, within a dual-arm manipulation setting. Given target
regions, the approach employs a part-guided diffusion strategy to efficiently generate grasps localized to these
regions. This facilitates coordinated grasping across multiple regions, making it well-suited for multi-arm
manipulation scenarios.

step k, we define a combined energy:

er = max {Ee(Hk, k,P), Eg(Hy,k, Ptarget)} (3.13)

The corresponding score function is given by:

so(Hg, k, P) ife;, > ey,

sg(Hy, k, {P, Pi}) = (3.14)

so(Hg, k, ]Dtarget) otherwise
where €; = Ey(Hy, k, P) and e}, = Eg(Hy, k, Pearget)-

This formulation provides an adaptive guidance mechanism during diffusion. If a graspisnear the
targetregion but unstable with respect to the full object P (high €}.), the model uses the global context
to improve stability. Conversely, if the grasp is stable but far from the target region Pirge (high €}),
the model uses the local context to guide it toward the desired region. Through this iterative process,
grasp samples are progressively refined toward configurations that simultaneously minimize both
energies. As a result, the diffusion converges to grasps that are both stable and localized within the

target region, while maintaining high sample efficiency.
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3.4.1.3 CGDF Architecture

A critical component of CGDF is a shape representation that can capture fine-grained local geom-
etry, which is essential for generating grasps on large objects with complex structures. Prior works
such as Neural Descriptor Fields (NDF) [71] and GIGA [24] demonstrate that jointly learning object
geometry and grasping leads to expressive grasp descriptors. However, these methods rely on a global
point cloud embedding as the conditioning signal, which is insufficient for large objects where grasp

feasibility depends heavily on local geometric variations.

To address this limitation, we incorporate convolutional multi-plane features inspired by Con-
volutional Occupancy Networks [67], enabling the model to encode spatially localized geometry in a
translation-equivariant manner. As illustrated in Figure[3.3} the architecture consists of three stages:
(i) point cloud encoding, (ii) multi-plane feature construction, and (iii) query-based grasp descriptor

extraction.

Point Cloud Encoding and Multi-Plane Features. Given the input point cloud P, we first extract

per-point features using a VN-PointNet encoder [77], which preserves SO(3)-equivariance. These
features are then projected onto three canonical planes aligned with the coordinate axes (XY, X 7,
Y Z). For each plane, features are aggregated onto a regular grid via projection and pooling, pro-
ducing three feature maps of size H x W x d. These planar feature maps are further processed
using a shared 2D U-Net [70], which enables multi-scale feature aggregation and enforces transla-
tion equivariance. This representation allows efficient storage of dense local geometric information

while maintaining scalability to large scenes.

Query-Based Feature Extraction. To evaluate a grasp pose H € SFE(3), we follow a query-based

formulation inspired by NDF [71]. A fixed set q of query points P, € R?7*3 is transformed using the
grasp pose as Py = H - P,. For each transformed query point x, € Pp, features are obtained by

bilinearly interpolating from the three feature planes and passing through a feature encoder:
fE = Fy(ze, ® g, k) (3.15)

where 2z, denotes the interpolated multi-plane feature at z,, ® denotes concatenation, and k is the
diffusion timestep. Importantly, for each z, € Py, Fy jointly predicts (i) a signed distance function

(SDF) value and (ii) a latent feature vector:
f!;”q = {sdf(zq), Fy(2z, D g, k)} (3.16)

thereby coupling surface reconstruction with grasp representation learning. This joint formulation
encourages the learned features to encode both geometric structure and grasp-relevant semantics

which is used by the diffusion module to carry out the grasp generation process.
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Grasp Descriptor and Energy Prediction. The grasp descriptor is constructed by aggregating fea-

tures over all query points:
= U £ (317)
z;€EPy
This descriptor effectively captures the interaction between the gripper geometry and the local object
surface. The aggregated feature is then passed through a decoder network Dy (implemented as an

MLP) to predict the energy e;, € R of the grasp:

e = Dalfh) (19)

Finally, the model is trained using the objective described in Equation|[3.8|along with an auxiliary

L; loss objective to supervise the SDF prediction.

3.5 Experiments and Results

We evaluate CGDF on both unconstrained and constrained grasp generation tasks, with a focus
on large objects with complex geometries in a dual-arm setting. The primary goal is to assess (i) the
quality of generated grasps, (ii) their alignment with specified target regions, and (iii) the overall
sample efficiency of the method.

While grasp quality can be evaluated in a single-arm setting, large objects often require coordi-
nated multi-arm manipulation. Therefore, we perform evaluation in a dual-arm setup, which pro-
vides a more realistic and stringent test of grasp stability and feasibility.

For all experiments, object point clouds are uniformly sampled with 1000 points. In the con-
strained setting, target regions are generated by selecting seed points using farthest point sampling
and extracting their local neighborhoods via k-nearest neighbors (with k& = 100). This results in
regions of varying geometric complexity, ranging from small planar patches to elongated structures

such as chair legs or handles.

3.5.1 Datasets

We train and evaluate our model on the DA? dataset [43]), which is specifically designed for dual-
arm grasping. This dataset contains grasp annotations on large-scale objects with diverse and com-
plex geometries, such as chairs, lamps, and instruments. Unlike tabletop datasets, objects in DA?
are kept at their original scale, making shape understanding significantly more challenging. The un-
derlying object meshes in DA? are sourced from ShapeNetSem [78], which includes a wide variety
of object categories with limited instances per class. This increases the difficulty of learning robust
shape priors, particularly for methods relying on global representations.

For comparison with prior constrained grasping methods, we augment the DA? dataset to simu-

late target regions and associated grasps, following the protocol used in prior work [23]]. However, it
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is important to note that our model is trained only on the original (unconstrained) dataset, and does
not require constraint-specific annotations.

To evaluate generalization, we additionally use PartNet [45] objects with region proposals gen-
erated using a language-conditioned segmentation model (e.g., text prompts such as “handle of a
microwave”). This allows us to test CGDF in a realistic pipeline where constraints are obtained from

high-level semantic inputs.

3.5.2 Baselines

We compare CGDF against two representative baselines S E(3)-DiF [26]] and VCGS [66]. These

baselines provide a strong comparison across both unconstrained and constrained settings.

1. SE(3)-Diffusion Fields (SE(3)-DiF) [26]): This serves as the primary baseline for unconstrained

grasp generation. It models grasp synthesis as a diffusion process over S E/(3) using an energy-

based formulation. However, it relies on global shape embeddings, which limits its ability to

capture fine-grained local geometry.

2. Variational Constrained Grasp Sampling (VCGS) [66|: Thisis a state-of-the-art method for con-

strained grasp generation. It consists of a sampler that generates candidate grasps on target
regions and an evaluator that ranks them. Unlike our approach, VCGS requires training on a

dataset augmented with constraint-specific annotations.

3.5.3 Metrics

We evaluate grasp quality using three complementary metrics:

1. Force Closure (FC). This is a strict analytical metric that evaluates whether a grasp can resist

arbitrary external wrenches. It considers both contact geometry and collisions between the
gripper and the object. In our setup, dual-arm grasps involve four contact points (two per grip-

per), and a grasp is considered valid if it satisfies force closure constraints.

To compute contact points, we simulate the gripper geometry at the predicted pose and reject
grasps that intersect with the object mesh. We then cast rays from the gripper fingers to esti-
mate contact locations and normals. FCisreported as the percentage of grasps satisfying these

conditions out of all generated grasps.

2. Grasp Success Rate (GSR). This metric evaluates grasp performance in simulation. We use two

free-floating grippers in an Isaac Gym environment [37] to execute the predicted grasps. The
grippers close simultaneously, and the object is lifted under gravity. A grasp is considered suc-

cessful if the object remains securely held after lifting.

Compared to FC, GSR provides a more practical measure of grasp robustness under dynamic

conditions and minor modeling inaccuracies.
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Figure 3.4: Qualitative comparison of unconstrained and constrained dual-arm grasp generation using CGDF
and baseline methods (VCGS, S E(3)-DiF). While all methods perform well on simple geometries (e.g., planar
or elongated objects), CGDF produces dense and feasible grasps for more complex objects (e.g., chairs, instru-
ments), where the baselines struggle. Green grasps indicate non-colliding configurations, while red grasps
denote collisions. Zoom in for details.

3. Target Grasp Rate (TG). This metric measures how well the generated grasps adhere to the

specified target regions. For each grasp, we compute the minimum distance between the grasp
center and the points in the target region. Grasps that lie beyond a fixed threshold (6 cm in our
setup) are discarded. TG is defined as the percentage of grasps that lie within the target region,

and is particularly important for evaluating constrained grasp generation.

Together, these metrics capture complementary aspects of performance: FC evaluates physical

feasibility, GSR measures execution success, and TG quantifies adherence to constraints.

3.5.4 Results

Qualitative Results. We present qualitative comparisons of CGDF against SF(3)-DiF and VCGS

in both unconstrained and constrained grasp generation settings.
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Metric Methods Unconstrained Constrained

VCGS 3.28 3.96
FC (%) SE(3)-DiF 14.22 -
CGDF (Ours) 43.51 44.8
VCGS 41.01 43.36
GSR (%) 1 SE(3)-DiF 46.2 -
CGDF (Ours) 60.3 60.88
VCGS 100 76.2
TG (%) 1
CGDF (Ours) 100 91.86

Table 3.1: Quantitative comparison of CGDF with SE(3)-DiF [26] and VCGS [66] under both unconstrained
and constrained settings. Force Closure (FC) measures the ability of a grasp to resist external disturbances,
Grasp Success Rate (GSR) denotes the percentage of successful executions, and Target Grasp (TG)% indicates
the proportion of grasps on the specified target regions.

In the unconstrained setting, all methods perform reasonably well on simple geometries such as
elongated or planar objects. However, for complex objects with intricate structures (e.g., table, gui-
tars, and rocking horses), clear differences emerge. As observed in Figure S E(3)-DiF often pro-
duces sparse grasp distributions with limited coverage, while VCGS generates grasps that are more
localized but frequently include collisions (indicated by red grasps). In contrast, CGDF produces
dense and well-distributed grasps across the object surface, with a significantly higher proportion of
collision-free grasps (green), demonstrating better modeling of local geometry.

In the constrained setting, the differences are more pronounced. VCGSis able to generate grasps
near the target region, but fails to accurately capture fine geometric details, resulting in many grasps
that partially intersect the object. This is especially evident in thin structures such as handles or legs,
where slight geometric inaccuracies lead to collisions. On the other hand, CGDF generates grasps
that are both localized to the target region and physically feasible, showing strong alignment with the
constraint while maintaining stability.

These observations highlight two key advantages of CGDF: (i) improved local geometric under-
standing, and (ii) higher sample efficiency, as fewer invalid grasps are produced. Overall, CGDF demon-
strates superior performance in generating dense, stable, and region-consistent grasps on complex

objects, which is critical for dual-arm manipulation scenarios.

Quantitative Results. We quantitatively evaluate CGDF against S F(3)-DiF and VCGS using Force
Closure (FC), Grasp Success Rate (GSR), and Target Grasp (TG) metrics. The results are summarized
in Table

CGDF significantly outperforms both baselines across all metrics. In the unconstrained setting,
CGDF achieves an FC of 43.51%, compared to 14.22% for S E/(3)-DiF and 3.28% for VCGS. This indi-

cates a substantial improvement in generating physically stable and collision-free grasps. Similarly,
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CGDF attains the highest GSR of 60.3%, outperforming both S F(3)-DiF (46.2%) and VCGS (41.01%),
demonstrating better real-world execution robustness.

In the constrained setting, CGDF maintainsits advantage with an FC of 44.8% and GSR of 60.88%,
significantly higher than VCGS. Notably, CGDF also achieves a TG score of 91.86%, indicating strong
adherence to the specified target regions while preserving grasp quality.

The relatively poor FC performance of VCGS, despite reasonable TG scores, suggests that while it
can localize grasps to the target region, it struggles to model fine geometric details, resulting in colli-
sions. SE(3)-DiF, although better in avoiding collisions, lacks the ability to localize grasps effectively
due to its global representation.

Overall, these results demonstrate that CGDF achieves a better balance between stability, execution
success, and constraint satisfaction, making it well-suited for constrained grasp generation on complex

objects.

Part-Based Grasping with PartSLIP. To
evaluate grasp generation on semantically
meaningful object regions, we integrate CGDF

with PartSLIP [50], a language-guided part

segmentation model that extracts target re- "logs ofa
aple
. . ofa
gions from text prompts. Given a prompt (e.g., chair"
. "handle of a
“handle of a microwave” or “legs of a table”), microwave"

PartSLIP produces a segmented point cloud ot
corresponding to the desired functional part, alamp”
which is then used as the constraint region

P;. As shown in Figure [3.5] CGDF success-

fully generates dense and stable grasps local- Figure 3.5: Qualitative results illustrating region seg-

mentation via PartSLIP from textual prompts, followed
ized to these segmented regions, even on com- by CGDF generating grasps on the segmented regions.

plex objects with fine structures. This demon-

strates the ability of our method to leverage high-level semantic cues for grasp generation without
requiring explicit training on part-annotated datasets. In contrast to traditional pipelines that rely
on post-hoc filtering of uniformly sampled grasps, our approach directly incorporates part-level in-
formation into the generation process, resulting in improved sample efficiency and better alignment

with task-relevant regions.

3.5.5 Ablations

We analyze the contribution of the two key components of CGDF: (i) convolutional plane features,
and (ii) part-guided diffusion.

(i) Effect of Convolutional Plane Features: To evaluate the role of local geometric features, we com-

pare CGDF with a variant that relies on global features (i.e., without convolutional plane encoding).
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Since both models jointly learn an SDF rep- . . . .
. ) ) Modification Metric Ours Modified
resentation, we assess reconstruction quality
using Chamfer Distance (CD) between pre- wj/o Conv CD| 14.04 60.21
dicted and ground-truth point clouds. As w/o PD SE (%)t 93.6 374

shown in Table CGDF achieves a signifi-

cantly lower CD (14.04) compared to the vari-

Table 3.2: Ablation study showing the contribution of
convolutional features and part-guided diffusion.

ant without convolutional features (60.21),
indicating a substantial improvement in capturing fine-grained geometry. This directly translates to
better grasp generation, as accurate local geometry is critical for identifying stable contact regions.

(ii) Effect of Part-Guided Diffusion: We evaluate the importance of the part-guided strategy by

comparing against a naive approach where grasps are generated on the target region and filtered
using energy thresholds. We measure sample efficiency as the percentage of grasps retained after fil-
tering. The results show that part-guided diffusion improves sample efficiency from 37.4% to 93.6%,
representing a 2.5x improvement. This demonstrates that integrating constraints directly into the
diffusion process is significantly more efficient than post-hoc filtering.

Together, these ablations confirm that both design choices are critical: convolutional plane fea-
tures enable accurate geometric understanding, while part-guided diffusion ensures efficient and

effective constrained grasp generation.

3.6 Chapter Summary

In this chapter we introduced CGDF, a diffusion-based framework for generating dense, region-
aware grasps on large and complex objects, addressing key limitations of prior methods that rely on
uniform sampling and global representations. By combining S F/(3) diffusion with an energy-based
formulation and a novel part-guided strategy, CGDF efficiently produces grasps that are both physi-
cally stable and localized to specified regions, without requiring constraint-labeled data. The use of
multi-plane feature representations further enables accurate modeling of fine-grained local geome-
try, leading to significant improvements in grasp quality, success rate, and sample efficiency in both
unconstrained and constrained settings. In our dual-arm setup, grasps are constructed by pairing
single-arm grasps from the two farthest regions, which provides a simple way to enable bimanual
interaction but does not provide a principled formulation of dual-arm grasping. This naturally mo-
tivates the next chapter, where we shift focus from grasp generation to a deeper analysis of dual-arm
grasp stability, introducing metrics and formulations to rigorously evaluate the robustness of gener-

ated grasps.
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Chapter 4

Evaluating the Stability of Dual-Arm Grasps

Lots of machine learning researchers from other fields don’t
understand how hard robotics benchmarking is .... In the end,
robotics benchmarking will be solved by having lots and lots of

robots, and models that actually work across most of them.

CHRIS PAXTON in How to Fake A Robotics Result, 2026

4.1 Introduction

Figure 4.1: DG16M is a large-scale dataset of dual-arm grasps constructed using an optimization-based force
closure formulation to ensure physically stable and feasible grasp configurations.

Consider lifting a computer monitor using both hands. Intuitively, we grasp it from the sides
rather than the top or bottom, which ensures that the object remains balanced and does not slip
or rotate. This choice is not arbitrary and it reflects our implicit understanding of force balance,
torque equilibrium, and stable contact. Translating such intuition to robotic systems, however, is

non-trivial. Evaluating whether a pair of grasps can jointly stabilize an object under real-world con-
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ditions remains a challenging problem in robotic manipulation [36]]. While recent learning-based
methods can generate diverse and feasible grasp candidates [14}[15,17,23,/66), they often lack mech-
anisms to reliably assess the physical stability of these grasps. Unlike single-arm settings, dual-arm
grasping involves coordinated interaction between multiple contact points, requiring a global anal-
ysis of force balance, torque equilibrium, and inter-gripper consistency [4}/5,7]. This makes stability
evaluation significantly more complex and highlights the need for physically grounded methods that
go beyond purely geometric reasoning.

A central concept in grasp evaluation is force closure, which determines whether a set of contact
forces can resist arbitrary external disturbances [1]. Traditional analytical approaches assess this
property using friction cone approximations and wrench space analysis, often relying on metrics such
as the Ferrari-Canny epsilon [3]. However, these formulations are typically developed for single-arm
or simplified contact scenarios and do not fully capture the complexities introduced by dual-arm
grasping — such as inter-gripper coordination, force distribution, and actuator constraints.

Existing dual-arm grasp evaluation method, DA? [43] relies on simplified analytical assumptions,
which introduces a mismatch between theoretically valid grasps and those that remain stable in
practice. In many cases, grasp pairs that satisfy geometric criteria, such as antipodal configurations
fail to maintain stability under realistic conditions. These failures typically arise from (i) inadequate
force balance, (ii) suboptimal placement with respect to the object’s center of mass, or (iii) violations
of actuator and gripper force limits. Such observations highlight the limitations of purely geomet-
ric or kinematic reasoning for grasp evaluation and motivate the need for approaches that explicitly
account for the underlying physical constraints.

In this chapter, we present a physically grounded framework for evaluating the stability of dual-
arm grasps based on an optimization-based force closure formulation. Our method explicitly mod-
els contact forces and enforces frictional and actuator constraints to determine whether a grasp can
achieve equilibrium under external disturbances. Using this evaluation framework, we construct a
large-scale dual-arm grasp dataset called DG16 M, comprising over 16 million grasp pairs across 4,143
objects (Figure [4.] visualizes a small subset). Candidate grasps are systematically generated and
subsequently filtered using the proposed force closure criterion, ensuring that only physically fea-
sible and stable configurations are retained. This process results in a new high-quality dataset with
well-defined grasp labels, enabling more reliable training and benchmarking of dual-arm grasping

systems. The project page and code can be accessed here: https://dglém.github.io/DG-16M/.

4.2 Related Work

4.2.1 Grasp Sampling Methods

Grasp sampling methods aim to explore the space of possible grasp configurations to identify sta-
ble and feasible grasps. Classical approaches rely on geometric heuristics and analytical formula-

tions, while more recent methods leverage large-scale datasets and learning-based models. A widely
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Dataset Grasps per Obj Grasp Label Total Obj Total Grasps Gripper Type

ACRONYM [42] 2000 6-DoF 8872 17.7M Single
DA? [43] up to 2001 6-DOF 6327 IM Dual
DG16M (ours) up to 4000 6-DOF 4132 16M Dual

Table 4.1: Comparison of grasp datasets based on grasp density, labeling method, object count, total grasps,
and gripper types supported.

used strategy is approach-based sampling [79-82], where the gripper approach direction is aligned
with the local surface normal of the object. This improves contact stability by encouraging perpen-
dicular interactions, but can introduce bias by restricting the diversity of feasible grasps and poten-
tially missing valid configurations that deviate from surface normals.

Another dominant paradigm is antipodal grasp sampling [83], which selects pairs of contact
points that satisfy force closure conditions under friction constraints. This method has been exten-
sively used in grasp planning systems such as Dex-Net 2.0 [22] and datasets like ACRONYM [42],
REGRAD [84] and DA? [43], owing to its simplicity and effectiveness in generating stable grasps for
parallel-jaw grippers. However, while antipodal sampling works well for single-arm grasping, ex-
tending it to dual-arm settings is non-trivial, as it does not inherently account for the joint stability
between both the grippers. As aresult, naively pairing single-arm grasps often leads to unstable con-

figurations that fail to satisfy global force and torque balance.

4.2.2 Force Closure

Force closure is a fundamental concept in robotic grasping, ensuring that a grasp can resist ar-
bitrary external disturbances through appropriate contact forces. Classical formulations compute
force closure by constructing a convex hull over discretized friction cones in wrench space, under as-
sumptions such as normalized contact forces [1,10]. Metrics such as the Ferrari-Canny epsilon are
commonly used to quantify grasp robustness [3].

Recent work has explored differentiable and optimization-based formulations of force closure to
better integrate with learning frameworks. For instance, [85] propose a differentiable force closure
estimator by introducing relaxations such as equal force magnitudes and simplified friction models.
While such relaxations improve tractability, they may not accurately capture the constraints of real
robotic grippers, particularly in multi-contact or dual-arm scenarios. Additionally, optimization-
based approaches provide a more physically grounded alternative by explicitly solving for contact
forces that satisfy equilibrium under friction and actuator constraints. PhyGrasp [86] adopts such
a formulation to compute feasible force distributions; however, it samples contact points without
strong geometric constraints, which can lead to physically infeasible grasps.

Extending these formulations to dual-arm settings introduces additional challenges, including

coordination between multiple contact points, force distribution across grippers, and adherence to
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hardware limits. These considerations necessitate more constrained and physically consistent for-

mulations for reliable grasp evaluation.

4.2.3 Benchmarking Datasets for Grasping

Large-scale datasets have played a critical role in advancing learning-based grasping. Single-arm
grasp datasets such as Dex-Net [22], GraspNet-1Billion [25], Jacquard [87], and REGRAD [84], CMU
Grasp Dataset [88], EGAD [89] provide extensive annotations in the form of grasp poses or image-
based labels. These datasets typically focus on small to medium-sized objects and are often con-
structed using synthetic data or physics simulations to ensure grasp validity. Additionally, datasets
like ACRONYM [42] leverage analytic metrics combined with simulation to produce large-scale, high-
quality grasp annotations.

In contrast, datasets for dual-arm grasping remain relatively limited. The DA? dataset [43] repre-
sents the first large-scale efforts in this direction, containing over 9 million of dual-arm grasps across
diverse objects from the ShapeNet dataset [78]. However, its grasp evaluation relies on simplified
force closure assumptions that do not explicitly account for actuator constraints or optimal force
distributions. As a result, many grasps in the dataset may be analytically valid but fail under realistic

physical conditions, reducing their effectiveness for training robust models.

4.3 DG16M: A Large-Scale Dataset for Dual-Arm Grasping with Force-
Optimized Grasps

This section presents the methodology for constructing DG16M dataset. We begin by introducing
an optimization-based force-closure framework (Section that evaluates the stability of dual-
arm grasps by explicitly solving for contact forces under frictional and actuator constraints. Building
on this formulation, we then describe the dataset generation pipeline (Section[4.3.2), where candi-
date grasp pairs are systematically sampled and filtered using the proposed optimizer to retain only

physically stable configurations.

4.3.1 Improved Force-Closure Optimizer

Evaluating the stability of dual-arm grasps requires reasoning about the ability of multiple con-
tact points to collectively resist external disturbances. Unlike single-arm grasping, where stability is
largely governed by local contact properties, dual-arm grasping involves coordinated force interac-
tions across multiple contacts. To capture this, we formulate grasp evaluation as a QP Optimization
Problem with SOCP constraints that explicitly solves for feasible contact forces under physical con-

straints.
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Figure 4.2: Overview of the proposed pipeline: (a) Antipodal grasps are sampled and combined into dual-
arm grasp pairs, followed by distance-based pruning. (b) Each pair is evaluated using an optimization-based
force-closure framework that enforces friction and actuator constraints to identify stable grasps. (c) A subset of
grasps is further validated in simulation to construct a benchmark dataset with ground-truth stability labels.

4.3.1.1 Contact Model and Grasp Representation

We consider a dual-arm setup with two parallel-jaw grippers, resulting in four contact points on
the object. Each contact follows the Point Contact with Friction (PCWF) model [10]. Let the position
and orientation of the i*" contact of the left/right gripper be denoted by p; /ri € R3 and R, Jri €
SO(3), where i € {1,2}. The contact force at each point is decomposed into normal ( 7)) and
tangential components ( flt/m.) :

fl/"'ﬂ' = ff/r,i + f’ll/’r,i (4'1)

Each contact contributes to the object wrench through a grasp matrix Gy, ;:

Rl/r,i Y

Gi/ri = (4.2)

Pi/rilxRijri Ry
where [p]«x € R3*3 denotes the skew-symmetric matrixand B = [I3x3 03x3]’ € R6*3isthe contact
basis for the PCWF model. The full grasp matrix G is obtained by concatenating all contact matrices.

Feasibility via Rank Condition. Before evaluating force closure, we ensure that the grasp configu-

ration is capable of generating arbitrary wrenches. This is verified through a rank condition on the
grasp matrix [10]:
rank(G) =6 (4.3)

This condition ensures that the set of contact wrenches spans the entire 6D wrench space, en-
abling the grasp to generate arbitrary combinations of forces and torques on the object. If the grasp
matrix is rank-deficient, the corresponding contact configuration lacks the ability to counteract cer-

tain disturbance directions, making the grasp inherently unstable regardless of the chosen contact
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forces. Therefore, the rank condition serves as a necessary prerequisite for force closure, filtering out
geometrically valid but physically incapable grasp configurations before proceeding to force opti-

mization.

4.3.1.2 Optimization-based Force Closure

To evaluate grasp stability, we seek a set of contact forces that can counteract an external wrench
Wexe acting at the object’s center of mass (for example, the weight of the object). Intuitively, a grasp
is stable if the contact wrenches can collectively balance external disturbances, resulting in a net zero
wrench on the object. This is equivalent to requiring that the external wrench lies within the span of
the contact wrench space generated by the grasp matrix.

We formulate this as an optimization problem that minimizes the Ly residual wrench:

2
L= Z Gi/rifijri + Wexe (4.4)

@ 2

The optimization problem is formulated as:
min L 4.5
{f16, £33 (4.5)
such that,

||fl/r,i |2 < fmax» Vi € {1, 2}, (4.6)
||f7lf/r,iH2 < :u’fln/r,i? Vi e {1’ 2} (4'7)

where fihax denotes the actuator force limit and y is the friction coefficient. The first constraint (4.6))
enforces hardware limits on the gripper forces, while the second (4.7) ensures that the contact forces
lie within the friction cone.

Grasp Stability Criterion. The above problem is a Second-Order Cone Program (SOCP) and is solved

using a convex optimization solver such as CVXPY [90]. A grasp is considered stable if the optimal

residual satisfies:
L<o (4.8)

where § is a small user-defined threshold ensuring near-zero net wrench on the object. For all our
experiments, we choose § = 1075,

Unlike traditional force closure formulations that assume fixed or normalized contact forces, this
approach explicitly computes feasible force distributions while respecting frictional and actuator
constraints. This leads to a more physically accurate evaluation, particularly in dual-arm settings
where coordinated force interactions are essential. Using this evaluation framework, we next de-

scribe the dataset creation pipeline, where candidate dual-arm grasps are generated and systemati-
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cally filtered using the proposed optimizer to construct a large-scale dataset of physically stable grasp

configurations.

4.3.2 Dataset Generation Pipeline

The dataset generation pipeline consists of three main stages: (i) sampling candidate dual-arm
grasps, (ii) evaluating their physical feasibility using the proposed force-closure optimizer, and (iii)
selecting stable grasp pairs to construct the final dataset. An overview of this pipeline is shown in

Figure

4.3.2.1 Grasp Sampling

To generate candidate grasps, we adopt the antipodal , ,

grasp sampling strategy [22] (also shown in Figure[4.3), a 2 #1
widely used method for generating stable contact configu- * . A‘
rations. The process begins by randomly sampling a point @ V‘
on the object surface along with its corresponding surface

normal. A second contact point is then identified by trac- l—»

ing a ray within a constrained region defined around the 7

normal direction, ensuring that the resulting pair satisfies

antipodal conditions. Figure 4.3: Antipodal grasp representation

The allowable region for the second contact is deter- showing contact points ¢y, ¢2, correspond-
mined by a friction-dependent cone, where the threshold N8 friction cones, and theresulting grasp .
is given by v = tan(c/2) and cone angle o = tan™!(y),
with p representing the friction coefﬁcientﬂ This ensures that the sampled contact pair lies within
the friction cone and is capable of producing stable contacts.

To ensure physical validity, collision checks are performed to discard grasp configurations that
result in interpenetration between the gripper and the object. For each object, we initially sample a
fixed number of single-arm grasps, which are then combined exhaustively to form candidate dual-
arm grasp pairs. To improve diversity and avoid redundant configurations, a distance-based pruning
step is applied to remove grasp pairs that are spatially too close. This resultsin alarge set of candidate

dual-arm grasps for each object.

4.3.2.2 Force-Closure Evaluation

For each object, we first generate candidate dual-arm grasp pairs by sampling 500 single-arm
grasps and exhaustively combining them (that is, (530)). To improve diversity and avoid redun-

dant configurations, a distance-based pruning step is applied, resulting in approximately 30, 000 to

80,000 candidate grasp pairs per object.

'We use a constant p = 0.4 throughout our experiments.
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These candidate grasps are then evaluated using the proposed optimization-based force-closure
formulation (Section[4.3.1). For each grasp pair, the optimizer attempts to compute a set of contact
forces that can balance an external wrench applied at the object’s center of mass while satisfying

friction cone and actuator constraints.

The quality of a grasp is quantified by the residual wrench, as defined in Equation[4.4] A grasp is
considered stable if the optimizer is able to find a feasible force vectors that result in a zero residual
(or near-zero), indicating that the grasp can maintain equilibrium under external disturbances. This

step effectively filters out grasp pairs that are geometrically valid but physically unstable.

4.3.2.3 Grasp Selection and Dataset Construction

Based on the optimization outcome, grasp pairs are classified as stable or unstable using a thresh-
old on the optimization loss. Only grasp pairs that satisfy both the rank condition (4.3) and the force-
closure criterion (4.8) are retained, ensuring that the final dataset consists of grasps that are not only

geometrically valid but also physically stable.

Applying this pipeline across alarge set of objects results in a dataset comprising millions of dual-
arm grasp pairs with reliable stability annotations. The use of optimization-based filtering leads
to well-separated positive and negative grasp samples, which is crucial for training learning-based

grasp evaluation and generation models.

To further validate the physical feasibility of the generated grasps, we construct a simulation-
based benchmark using Isaac Gym [37]). The grasp pairs are evaluated using floating grippers initial-
ized at the predicted grasp poses with gravity disabled. Once the grippers close fullyﬂ gravity is en-
abled, and the ability of the grasp to hold the objectis assessed. A grasp is considered successful if the
object remains stable without slipping or dropping under these conditions. This simulation pipeline
provides an additional layer of validation beyond analytical force-closure, capturing dynamic effects
and contact interactions that are not modeled in the optimization framework, thereby yielding more

realistic and reliable grasp stability labels.

4.4 Experiments and Results

In this section, we evaluate the quality of the proposed DG16M dataset and its effectiveness in
training dual-arm grasp classifiers. We compare against existing datasets and analyze performance

using both analytical and simulation-based metrics.

*A force of 70N is applied, based on the data provided in Franka Emika Robot’s Instruction Handbook
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4.4.1 Baselines

To assess the quality of the generated grasp dataset, we benchmark learning-based grasp classi-
fiers trained on DG16M against those trained on the DA2 dataset [43]. We consider two representative
baselines:

(i) Dual-PointNetGPD. We adapt PointNetGPD [91], a widely used grasp evaluation network, to

the dual-arm setting following [43]. Given a dual-arm grasp configuration, the gripper templates
are transformed to their respective grasp poses using a rigid transformation matrix H € SE(3). To
capture local geometric context, the nearest 512 points from the object point cloud P, are sampled
around each transformed gripper pose, forming two local point cloud regions P; and P». These re-
gions correspond to the contact neighborhoods of the two grippers. The combined set P = P; U P
serves as a local representation of the dual-arm grasp. This combined point setis passed through the
PointNetGPD architecture to extract a feature vector, which is then processed by a MLP to classify
whether the grasp is successful or not.

(ii) CGDEF-Classifier. We build upon recent S E/(3)-aware grasp generation approaches [19,26] by

integrating a classification head on top of learned grasp descriptors derived from neural descriptor
fields [71]. The network takes as input the object point cloud P, € RM*3 consisting of M points,
and the gripper template point cloud P, € RN>3  consisting of N points. The gripper templates are
transformed into the object coordinate frame using a rigid transformation H € SF(3), enabling the
model to encode the relative pose between the gripper and the object. The transformed gripper repre-
sentation, together with the object point cloud, is processed through a vision encoder and a feature
encoder to obtain a joint feature representation. A classification head is then applied to these fea-
tures to predict whether the given dual-arm grasp is successful. This formulation allows the model

to jointly reason about object geometry and grasp configuration in a unified representation space.

4.4.2 Metrics

Evaluating dual-arm grasps requires assessing both analytical feasibility and practical execution.
To this end, we use two complementary metrics:

(i) Force Closure Evaluation (FCE). FCE is an analytical metric that evaluates whether a grasp sat-

isfies force closure conditions. Using the optimization-based formulation described in Section[4.3.1]
we compute the optimal contact forces and verify whether the grasp can balance external wrenches
while satisfying friction cone and actuator constraints. A grasp is considered successful if a feasible
force solution exists that results in near-zero residual wrench.

(if) Grasp Success Rate (GSR). GSR is a simulation-based metric that evaluates the practical sta-

bility of grasps. Following the benchmark setup, grasps are executed in the Isaac Gym simulator [37],
where grippers areinitialized at the grasp pose with gravity disabled. After closing the grippers, grav-
ity is enabled, and the grasp is deemed successful if the object remains stable under these conditions.
This metric captures real-world effects such as contact dynamics and unmodeled interactions that

are not accounted for in analytical evaluation.
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DG16M DA? Dataset

Model

FCE(%)T  GSR(%)T  FCE(%)T  GSR(%)1
Dual-PointNetGPD [91] 69.5 61.22 61.8 53.26
CGDF-Classifier [19] 88.73 76.34 65.25 54.33

Table 4.2: Performance comparison of different models on our dataset and DA? dataset.

Together, FCE and GSR provide a comprehensive evaluation framework: FCE measures theoreti-
cal feasibility under physical constraints, while GSR evaluates robustness under dynamic execution.
The gap between these metrics further highlights the challenges in translating analytical grasp sta-

bility into practical performance.

4.4.3 Results

Quantitative Results Table[4.2] presents the quantiative performance of Dual-PointNetGPD and
CGDF-Classifier trained on DG16M and DA?, evaluated using Force Closure Evaluation (FCE) and
Grasp Success Rate (GSR). Models trained on DG16M consistently outperform those trained on DA?
across both metrics. In particular, CGDF-Classifier achieves 88.73% FCE and 76.34% GSR on DG16M,
compared to 65.25% FCE and 54.33% GSR on DAZ. A similar trend is observed for Dual-PointNetGPD,
indicating that the improvements are not model-specific but stem from the quality of the dataset.

A key observation is that models trained on DA? exhibit near-random performance in simulation,
as reflected by GSR values close to 50%. This suggests that these models struggle to reliably distin-
guish between successful and failed grasps. Although DA? employs a structured grasp evaluation
criterion, its grasp distribution does not translate effectively to simulation-based evaluation, limit-
ing generalization.

In contrast, models trained on DG16M achieve DA2 Ours
significantly higher performance in both FCE and N
GSR, demonstrating improved theoretical feasibil- 08
ity as well as practical stability. This indicates
that the optimization-based force-closure formula- o
tion used in DG16M results in better-separated pos- o4
itive and negative grasp samples, enabling more ef-

fective learning. 02

Proportion of samples with near zero determinant

We also observe a gap between FCE and GSR o
across all models, which highlights the challenge of Passing Grasps Falling Grasps
translating analytical grasp stability into practical Figure 4.4: Grasp Stability Analysis with Q(G) =
execution. This discrepancy arises due to factorssuch Vv det(GGT).

as contact dynamics, unmodeled physical effects, and gripper-object interactions in simulation.
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Existing Dataset DG16M

Post Grasp (Gravity ON)  Grasping (Gravity OFF)  Post Grasp (Gravity ON) Grasping (Gravity OFF)\\

Figure 4.5: Qualitative comparison between DA? and DG16M. Grasps are evaluated in simulation using float-
ing grippers (white), initialized with gravity off and tested after enabling gravity. DA? grasps often fail due to
poor force balance or placement, while DG16M produces stable and physically consistent grasps.

To further analyze dataset quality, we evaluate grasp stability using the quality metric Q(G) =
\/m [92], where G is the grasp matrix. This metric quantifies the volume of the grasp wrench
space, reflecting the ability of a grasp to generate stabilizing wrenches. A higher value of Q(G) in-
dicates a robust and well-conditioned grasp, while near-zero values correspond to unstable or near-
singular configurations. As shown in Figure[4.4] DG16M exhibits a clear separation between success-
ful and failed grasps, with most failures concentrated near zero and successful grasps having signifi-
cantly higher values. In contrast, DA? shows poor separation, with both successful and failed grasps
exhibiting similar near-zero values. This highlights that DG16M provides more physically meaning-
ful and discriminative grasp annotations, which directly contributes to improved learning perfor-

mance.

Qualitative Results Figure presents a qualitative comparison between grasps generated by
models trained on DG16M and those trained on the DA? dataset. For large objects with complex

geometries, models trained on DA? frequently predict grasp configurations that fail to satisfy force-
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. . Evaluation Metrics
Generation Technique

FCE(%) 1 GSR(%) 1
Random Dual-Arm Pairs 16.33 23.66
Farthest-Grasp Pairs 26.16 38.45
DG16M (Ours) 100.0 76.33

Table 4.3: Ablation study comparing different dual-arm grasp generation techniques.

closure or dynamic stability conditions. As shown in the figure, objects such as chairs, monitors, and
irregular structures often slip, rotate, or lose contact once gravity is enabled. These failures arise due
to grasp pairs being too close together, positioned on the same side of the object’s center of mass, or
lacking proper force balance. In contrast, models trained on DG16M consistently produce more sta-
ble and well-distributed grasp configurations. For instance, grasps on objects like chairs and tables
are placed across structurally supportive regions, enabling balanced force application. As a result,
the objects remain stable even after gravity is enabled, indicating successful grasp execution.
Overall, these qualitative results show that the improved force-closure formulation in DG16M
leads to physically meaningful grasp predictions that translate effectively from analytical evaluation

to practical stability.

4.4.4 Ablations

To evaluate the effectiveness of the proposed optimization-based force-closure formulation, we
conduct ablation studies by comparing our grasp selection strategy with alternative dual-arm grasp

pairing methods.

(i) Random Pairing. In this setting, single-arm grasps generated via antipodal sampling [22] are

randomly paired to form dual-arm grasps. This naive strategy yields poor performance, achieving
only 16.33% FCE and 23.66% GSR. The resulting grasp pairs often lack proper force balance and fail
to satisfy stability constraints, leading to frequent failures in both analytical and simulation evalua-

tions.

(ii) Farthest-Grasp Pairing. Here, single-arm grasps are paired based on maximum spatial sep-

aration, ensuring that grasp pairs are geometrically opposite. While this improves performance to
26.16% FCE and 38.45% GSR, it still fails to ensure stability. This method assumes that geometric op-
position implies stability, but does not account for force and torque equilibrium, resulting in many

unstable grasps.

(iii) Force-Closure-Based Pairing (Ours). Our method explicitly enforces force-closure constraints

during grasp selection, achieving 100% FCE and 76.33% GSR. By ensuring that grasp pairs satisfy both
geometric and physical constraints, this approach produces grasps that are not only theoretically

valid but also robust in simulation.
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These results demonstrate that antipodal sampling alone isinsufficient for generating stable dual-
arm grasps. While geometric heuristics such as spatial separation provide marginal improvements,
incorporating physical constraints through force-closure optimization is essential for achieving reli-

able and stable grasp configurations.

4.5 Chapter Summary

This chapter focuses on the problem of evaluating dual-arm grasp stability, where we introduce
a physically grounded framework based on an optimization-based force closure formulation that
explicitly models contact forces, friction, and actuator constraints. Building on this, we construct
DG16M, a large-scale dataset of dual-arm grasps by systematically sampling candidate grasp pairs
and filtering them using the proposed optimizer, resulting in physically consistent and well-separated
stability labels. Our experiments show that DG16M significantly improves both analytical feasibil-
ity and simulation performance compared to prior datasets, highlighting the importance of incor-
porating physical constraints rather than relying on geometric heuristics. We further observe that
common strategies such as random or farthest-grasp pairing are insufficient for generating stable
dual-arm grasps, reinforcing the need for principled formulations that jointly consider geometry and
force interactions. This naturally motivates the next chapter, where we move beyond evaluation and
leverage both the generative modeling framework of Chapter 3 and the analytical insights from this

chapter to directly generate stable dual-arm grasps on object point clouds.
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Chapter 5

Learning to Generate Dual-Arm Grasps

Deep learning has given us machines with truly
impressive abilities but no intelligence. The difference is

profound and lies in the absence of a model of reality.

JUDEA PEARL in The Book of Why, 2018

5.1 Introduction

Generating dual-arm grasps requires addressing two fundamental challenges. First, the system
must be capable of generating grasps on large and geometrically complex objects, where single-arm
strategies are often insufficient. Second, it must understand whether a pair of grasps can jointly sta-
bilize the weight of the object (or external disturbances). While these two aspects — grasp genera-
tion and grasp stability — are individually well-studied, integrating them into a unified framework
remains a challenging problem, raising the question of how to jointly model grasp generation and
physical stability.

In Chapter |3, we introduced CGDF [19], a learning-based framework for generating dense and
high-quality grasps on large objects with complex geometries. This provided a scalable solution
for exploring the grasp space, particularly in scenarios where multiple grasp configurations are re-
quired. In Chapter[4} we addressed the complementary problem of evaluating dual-arm grasp sta-
bility through an optimization-based framework that rigorously models force closure and physical
feasibility of grasp pairs and realsed the DG16M [20] dataset. Together, these contributions establish
the two key ingredients necessary for dual-arm manipulation — the ability to generate grasps, and the
ability to assess dual-arm grasp stability.

However, these components remain disjoint. CGDF generates grasps without explicit awareness
of how two grasps interact, while DG16M evaluates stability only after candidate grasp pairs are
formed, and operates on object meshes since it requires access to detailed geometricinformation that
is typically unavailable in real-world perception settings such as RGB-D observations. As a result,

forming stable dual-arm grasps requires additional heuristics, such as pairing grasps from distant
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Figure 5.1: We introduce DAGDIff, a diffusion-based framework in SE(3) x SFE(3) that transforms noisy
dual-arm grasp pairs into stable, collision-free configurations conditioned on object point clouds. Guided by
multi-head outputs, the model generates physically valid grasps that transfer effectively to real-world dual-
arm execution.

regions or relying on semantic cues, which do not guarantee physical consistency. This separation
leads to inefficiencies and often produces grasp pairs that are geometrically valid but physically un-
stable.

Thislimitationis also reflected in the broader class of dual-arm grasping approaches, which largely
treat the problem as a combination of two independent single-arm grasps. In CGDF, for instance, we
explore on using the part-guided grasp generation for a dual-arm setting by sampling grasps in spa-
tially distant regions and pairing them heuristically. Although this provides a simple and scalable
strategy, it does not guaranty joint stability. The key challenge in such approaches is region selec-
tion: heuristic strategies such as choosing farthest regions can fail when those regions are physically
incompatible for stable grasping. To address this, methods like UniDiffGrasp [61] leverage Vision-
Language Models (VLMs) to identify graspable object parts. However, VLM-based reasoning remains
limited in capturing 3D geometry and physical interactions [93-97], and is further constrained by the
fact that graspable regions rarely have clear semantic grounding. Consequently, these approaches
rely heavily on region priors or semantic cues without explicitly enforcing physical constraints be-
tween the two grippers, often producing grasp pairs that are physically inconsistent, unstable under

external disturbances, or prone to collisions.
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In this chapter, we introduce DAGDIff: Dual-Arm Grasp Diffusion, an end-to-end learning-
based framework for directly generating dual-arm grasps in a unified and physically grounded man-
ner (shown in Figure[5.1). Instead of decomposing the problem into independent sub-tasks, we for-
mulate it as a joint generative process over the space of grasp pairs. Specifically, we build upon dif-
fusion models and extend them to operate in the combined pose space SE(3) x SE(3), enabling
the model to reason about both grippers simultaneously. To ensure physical validity, we incorporate
guidance signals that encode key constraints such as force-closure stability and collision avoidance.
These signals steer the generative process toward regions of the grasp space that are not only geo-
metrically feasible but also physically stable.

A key insight of this work is that stability and feasibility can be learned implicitly through guidance,
rather than enforced through explicit heuristics or post-processing. By integrating stability-aware
and geometry-aware signals into the generative process, the model learns to discover suitable grasp
regions and coordinated configurations directly from data. This removes the need for predefined
region selection, semantic labeling, or exhaustive pairwise evaluation, leading to a more general and
scalable solution.

Through this formulation, dual-arm grasp generation becomes a unified learning problem that
captures both geometric and physical aspects of manipulation. The resulting framework enables the
synthesis of diverse, stable, and collision-free grasp pairs on previously unseen objects, bridging the
gap between grasp generation and execution in realistic dual-arm robotic systems. The project page

and code can be accessed here: https://dag-ditf.github.io/dagdift/.

5.2 Related Works

5.2.1 Dual-Arm Grasping and Stability

Dual-arm grasping requires two grasps that are not only individually stable but also jointly satisfy
stability criteria such as force-closure, where the combined contact forces can resist arbitrary external
wrenches [1,10]. Mesh-based approaches address this by densely sampling candidate single-arm
grasps on object meshes and evaluating all possible grasp pairs using analytical force-closure metrics
[20}/43]. While such methods provide strong theoretical guarantees, they rely on complete object
geometry and exhaustive pairwise evaluation, making them computationally expensive and difficult
to deploy in real-world settings.

Toimprove scalability, several works approximate dual-arm grasping by combining independently
generated single-arm grasps. Our part-guided strategy, as introduced in CGDF [19], generates grasps
in spatially distantregions of the object and forms dual-arm pairs heuristically. As discussed in Chap-
ter[3] this provides a simple and effective mechanism to reduce the combinatorial search space. How-
ever, the lack of explicit modeling of interactions between the two grippers means that joint stability
is not guaranteed, and the resulting grasp pairs may be physically incompatible. Similarly, VLM-

based approaches such as UniDiffGrasp [61] attempt to identify graspable regions using semantic
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reasoning. However, these methods depend heavily on region priors and are limited by the lack of
precise 3D and physical understanding in vision-language models [[93,/94], often leading to coarse or

unstable grasp configurations.

An alternative direction is to explicitly model inter-gripper dependencies. DualAfford [44] formu-
lates dual-arm grasping as a collaborative affordance prediction problem, where one gripper’s pose
is conditioned on the other. While this captures coordination between the arms, it typically requires
object category-specific training and complex pipelines, limiting generalization to unseen objects. In
contrast, our approach models dual-arm grasp generation as a unified process, directly learning the

distribution of stable grasp pairs without relying on region heuristics or category-specific priors.

5.3 DAGDiIff: Dual-Arm Grasp Diffusion

In this chapter, we present DAGDIff, a learning-based framework for directly generating dual-
arm grasp pairs that are both stable and collision-free. Given an object point cloud P € R™*3, our
goal is to generate a set of M (user-defined) dual-arm grasp poses H; = (H;1,H;2) € SE(3) x
SE(3),i € [1, M], such that (i) each grasp establishes valid contact with the object and (ii) the pair
jointly satisfies dual-arm force-closure constraints (as given in Equation[4.4). As highlighted in the
DAGDiff framework (Figure[5.3), this requires reasoning over both geometric feasibility and physical

stability.
To address this, we formulate dual-arm

. er . Logmap,
grasp generation as a diffusion process in the OO0 Lognep @ v
joint pose space of SE(3) x SE(3). Starting 0000

0ooD

from random grasp pairs, the network itera- @@%E RI2
tively refines them toward physmallyvahcﬂcon- SEG)  SEE) F—
figurations using a learned score function. In éééé Expmep N
addition, we incorporate guidance signals that e -

encode stability and collision constraints, en- Fi .
igure 5.2: Mapping between dual-arm pose space

abling the model to generate coordinated grasp and Euclidean space (SE(3) x SE(3) «> R'?).

pairs without relying on explicit region selec-

tion.

To enable diffusion in the product Lie group SFE(3) x SE(3), we first define mappings between
the manifold and a Euclidean space (as shown in Figure[5.2). Let the dual-arm logarithmic map
(Logmap;,) be defined as:

v = Logmap,(H) := Logmap(H;) @ Logmap(Hy) € R'?

'By physically valid, we mean grasp poses that make proper contact with the object surface, rather than floating in free
space.

44



where @ denotes concatenation. Similarly, the dual-arm exponential map (Expmap,) is defined as:

H = Expmap,(v) := (Expmap(vyg), Expmap(vj,))

where v(,)) and V(g ) refer to the first and the last six components of the vector v € R!2,

This allows us to perform diffusion in R'2 while maintaining consistency with the underlying pose
manifold. In the following sections, we first describe the diffusion-based formulation for dual-arm
grasp generation, followed by the guidance mechanisms and model architecture.

In the following sections, we first describe the diffusion-based formulation for joint SE(3) x
SE(3) grasp generation (Section, followed by the incorporation of classifier-guidance modules
that enforce stability and collision constraints (Section[5.3.2). Finally, we detail the overall model at-
chitecture and implementation of DAGDIff (Section[5.3.3).

5.3.1 Diffusion-based Dual-Arm Grasp Generation

We extend the SFE/(3) diffusion framework proposed in SF(3)-DiF [26] to the dual-arm setting.
A dual-arm grasp pose H € SE(3) x SE(3)is first mapped to a Euclidean representation v € R12

using the logarithmic map (Logmap,), enabling standard diffusion operations.

Energy-based formulation. Instead of directly predicting the added noise, we adopta score-based
formulation [74], where the model learns the gradient of the log-density of grasp poses. This formu-
lation has been shown to provide more stable training and improved likelihood modeling, as the score
function directly characterizes the structure of the underlying data distribution at different noise lev-
els. Specifically, we define an energy-based model E,: SE(3) x SE(3) x R"*? x R — R which
assigns a scalar energy to a grasp pair conditioned on the object point cloud and diffusion timestep. The

corresponding score function s, is given by:
so(H,P,t) = —VyFE,(H, P,t) € R (5.1)

This formulation enables the model to learn an energy landscape over grasp pairs, where lower

energy corresponds to physically valid and stable configurations.

Forward and Reverse Diffusion. During training, ground truth grasp pairs are progressively per-

turbed by adding Gaussian noise in the Euclidean space:
H; = Expmap, (Logmap,(H) + €) (5.2)

where ¢; ~ N(0,02112) and 0, is the standard deviation at timestep ¢. This forward process generates

noisy grasp samples at different timesteps, which are used to train the model to recover clean grasps.
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At inference, grasp pairs are initialized randomly and iteratively refined using a Langevin-style

reverse diffusion update:

2
H,; 1 = Expmap, <Tgsa(Ht, P,t) + 77t6> H; (5.3)

where € ~ N(0,112) and 7; > 0 controls the step size. This reverse process gradually removes noise,
guiding samples toward low-energy regions corresponding to stable and physically feasible dual-

arm grasps.

Training objective. The model is trained using a denoising objective that matches the predicted

score with the normalized noise:

So(Hy, P,t) — ;
t

Laiff = (5.4)

1

This encourages the model to accurately recover clean grasp poses from noisy inputs and learn

the underlying distribution of valid dual-arm grasps.

5.3.2 Classifier-Guidance Modules

Naively training a diffusion model for dual-arm grasp generation does not guarantee physically
valid solutions, as there is no explicit mechanism enforcing joint stability or collision avoidance. To
address this, we adopt classifier-guided diffusion [98], which steers the generative process toward de-
sired regions of the sample space by incorporating gradients of auxiliary classifiers during the reverse
diffusion process.

We introduce two classifier-guidance modules that provide complementary physical constraints:
(i) a force-closure classifier for stability and (ii) a collision classifier for geometric validity. As illustrated
in the method overview (Figure[5.3), these modules operate jointly with the energy-based diffusion

model to guide grasp generation.

Force-Closure Guidance. We define a force-closure classifier CEC(H ,P)=ply = 1| H,P; ),
with learnable parameters 3, which predicts the probability that a dual-arm grasp pair satisfies the
force-closure stability criterion. This classifier is trained to distinguish stable and unstable grasp
configurations using supervision derived from analytical force-closure evaluation.

During inference, the gradient of the log-probability with respect to the grasp pose, given by,
Vi log C’g(H, P), is used to guide the diffusion process toward regions of the pose space that sat-
isfy dual-arm stability. Intuitively, this encourages the generated grasp pairs to achieve coordinated

force balance rather than treating the two grasps independently.

Collision Guidance. To ensure geometric feasibility, we introduce a collision classifier, C’;"I(H ,P)

= p(y = 1| H, P;~), with learnable parameters -y, which predicts whether either gripper intersects
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the object geometry. Unlike force-closure, collision is a local geometric property that depends on
precise alignment with the object surface.

During inference, the gradient Vy log (1 — C’§°1(H ) P)) is used to push grasp candidates away
from collision regions. Importantly, collision guidance is activated only after an initial denoising
phase, since early-stage samples are typically far from the object surface and do not require refine-
ment. This staged guidance improves stability of the diffusion process while enabling fine-grained

geometric corrections in later steps.

Training Objective. Both classifiers are trained using binary cross-entropy loss:

Li = BCE(CEC(Ha P)a yfc) (5'5)
£c01 = BCE (CSOI(Ha P)a ycol) (5'6)

where yg. € {0, 1} indicates whether the grasp pair satisfies force closure, and y., € {0,1} x {0,1}
encodes collision labels for the grasp pair.

Finally, the overall training objective combines the diffusion loss with classifier supervision:
L = Laif + Lt + Leol (5.7)

Guided Score Function. Atinference time, the classifier gradients are combined with the base dif-

fusion score to guide sampling:

0, t <t

5(H,P,t) = so(H, P,t) + Vi log C5(H, P) + |
Vilog (1-CPN(H, P)), t>t.

(5.8)

where t. is a predefined threshold controlling when collision refinement is supposed to be activated.

This formulation allows the diffusion process to jointly optimize for feasibility, stability, and colli-
sion avoidance, resulting in grasp pairs that are not only low-energy but also physically valid. Unlike
prior approaches that rely on explicit region selection or post-hoc filtering, the proposed guidance
mechanism directly shapes the generative dynamics, enabling the model to discover suitable grasp

configurations in a unified manner.

5.3.3 DAGDIff Architecture

Our architecture (Figure extends diffusion-based grasp generation to the dual-arm setting
by combining a geometry-aware feature encoder (introduced in Chapter[3) with multi-head outputs

that jointly enforce feasibility, stability, and collision avoidance.
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Figure 5.3: Overview of DAGDIff: (a) The input point cloud P is encoded into dense geometric features.
Randomly initialized dual-arm grasps H define query points for feature sampling, which are processed by Fy
(conditioned on timestep t) to predict SDF and latent features. These are used by three heads to estimate
energy (F, ), force-closure (C’gc), and collision (ny"l) signals that guide diffusion. (b) Starting from noisy grasp
pairs (t = 250), the model iteratively denoises to stable, collision-free grasps (¢ = 0), driven by energy and
refined by stability and collision guidance.

Feature Encoding. Inspired from our CGDF architecture (Chapter [3), given an input point cloud
P ¢ R™3, we first extract geometric features using a VN-PointNet encoder [77], which provides
SO(3)-equivariant per-pointrepresentations. These features are then projected onto multiple canon-
ical planes and processed using a convolutional UNet backbone [70], resulting in dense multi-plane
feature maps that capture both local and global geometric context.

To incorporate grasp-specific information, a fixed query point cloud P, € R30*3 is transformed
using the dual-arm grasp pose H, producing a set of query points Py that represent the local region
around the grippers. The projected locations of these query points are then used to sample features
from the multi-plane representations via bilinear interpolation. The sampled features are aggregated
and passed through a feature encoder Fjy, which is conditioned on the diffusion timestep ¢. In addi-
tion to producing a latent feature vector, Fy also predicts the signed distance function (SDF) values of
the query points, providing auxiliary geometric supervision during training. As shown in Figure[5.3|

this pipeline enables the network to reason about fine-grained geometry in the vicinity of the grasp.

Multi-Head Outputs. The learned feature representation is passed through three specialized out-

put heads, each responsible for a distinct aspect of grasp generation:

1. Energy Head: Outputs a scalar energy E, (H, P,t) € R, which defines the score function used

in diffusion. Lower energy corresponds to grasp pairs that are physically grounded on the ob-
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jectand closer to valid configurations. This head forms the backbone of the generative process,

guiding denoising toward feasible regions of the grasp space.

2. Force-Closure Head: Predicts the probability CEC(H , P) that a grasp pair satisfies dual-arm
force-closure constraints. Trained jointly with the energy head, it ensures that the learned rep-
resentation encodes physically meaningful stability cues. During inference, its gradients act as

guidance signals that bias sampling toward stable grasp configurations.

3. Collision Head: Predicts the probability C§°1(H , P) of collision between the grippers and the
object. Importantly, this head is trained after the main network has converged, thereby allow-
ing it to specialize in detecting fine-grained geometric collisions without impacting the base
generative dynamics. During inference, its gradients are activated in later diffusion stages to

refine grasp poses and eliminate collisions.

The three heads operate in a complementary manner. The Energy Head drives the generative dy-
namics and captures the overall structure of valid grasps, the Force-Closure Head enforces joint sta-
bility between the two arms, and the Collision Head ensures geometric feasibility. This coordinated
design allows the model to directly generate dual-arm grasp pairs that are both stable and collision-

free, without relying on explicit region proposals or post-hoc filtering.

5.4 Experiments

In this section, we evaluate the proposed DAGDIff framework for dual-arm grasp generation. We
describe the dataset used for training and evaluation, the baselines considered for comparison, and
the metrics used to assess performance. For each run, we initialize a batch of B random dual-arm
grasp poses and progressively refine them through a denoising process over 7" = 250 timesteps. The
last 50 timesteps are dedicated to collision refinement, since by 7" = 200 most grasps have settled

near valid regions of the object, although some may still be in collision.

5.4.1 Dataset

We conduct our experiments on the DG16M dataset [20], which was introduced in Chapter
DG16M is alarge-scale dataset specifically designed for dual-arm grasping and contains 4,143 objects
with approximately 2,000 grasp pairs per object, annotated with both positive and negative labels
based on force-closure evaluation. For our experiments, we adopt a random train-test split, where
400 objects are reserved for testing and the remaining objects are used for training. All quantitative
results are reported on this unseen test set to evaluate generalization.

Duringinference, object meshes are converted into point clouds by uniformly sampling 1000 points
per object, which serve as input to the model. Additionally, to train the collision classifier, we con-
struct a synthetic dataset of colliding and non-colliding grasp pairs by sampling grasp poses and

checking for intersections with the object geometry.
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5.4.2 Baselines

To evaluate the effectiveness of DAGDIff, we compare against representative methods across three

categories of dual-arm grasping approaches:

1. Farthest-region based methods. These methods reduce the combinatorial complexity of dual-

arm grasping by selecting spatially distant regions on the object. CGDF [19]] generates grasps
in the two farthest regions of the point cloud and combines them into grasp pairs. VCGS [66]
generates constrained single-arm grasps using a variational model and is adapted to the dual-

arm setting following [19].

2. VLM-guided methods. These approaches leverage vision-language models (VLMs) to identify
graspable regions. UniDiffGrasp [61] uses GPT-4V [99] and VL-Part [100] to segment object

parts and applies diffusion-based grasp generation within those regions. Additionally, we eval-
uate variants based on RoboBrain 2.0 [101], which predict grasp regions using bounding boxes

(RoboBrainGrasp-BB) and keypoints (RoboBrainGrasp-KP), respectively.

3. Affordance-based methods. DualAfford [44] formulates dual-arm grasping as a collaborative

affordance prediction problem, where the grasp of one arm is conditioned on the other. Due to
its category-specific training pipeline, we evaluate it in a zero-shot manner on its test objects,
following the same protocol used in the above baselines.

5.4.3 Metrics

We evaluate all methods using three complementary metrics that capture analytical stability,

physical robustness, and geometric feasibility:

1. Force Closure Evaluation (FCE). FCE measures whether a grasp pair satisfies the dual-arm force-

closure condition, i.e., whether the contact forces can resist arbitrary external wrenches under
friction constraints. Following the formulation in DG16M [20], this metric provides a theoret-

ical guarantee of grasp stability.

2. Grasp Success Rate (GSR). GSR evaluates the physical robustness of generated grasps in simu-

lation using Isaac Gym [37]. Each grasp is executed by initializing the grippers at the predicted
poses, closing the fingers, and enabling gravity. A grasp is considered successful if the object is

lifted and remains stably grasped. This metric reflects real-world execution feasibility.

3. Grasp Collision Rate (GCR). GCR measures the percentage of grasp pairs that result in colli-

sions with the object geometry. Lower values indicate better geometric validity and effective

collision avoidance during generation.

Together, these metrics provide a comprehensive evaluation of dual-arm grasp quality by jointly

assessing stability, executability, and collision-free interaction.
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5.4.4 Real-World Dual-Arm Setup

We also validate DAGDIff on a heterogeneous
dual-arm setup (Figure consisting of an xArm?7
and an xArmé Lite. The scene is observed using two
Intel RealSense D455 RGB-D cameras, and the cap-

tured point clouds are fused (via ICP) to obtain a uni-

fied representation [102]. An AprilTag-based calibra- I<> %
tion [103] is used to align the camera and robot coor- SO \\ (> s
dinate frames. T %’

Given the reconstructed point cloud P (with 1000
Figure 5.4: Real-world setup. A dual-arm sys-

tem comprising an XArm7 and XArmé Lite, cal-
arm grasp pairs, which are filtered to retain only kine-  ibrated via an AprilTag and uses two RealSense
D455 cameras for perception.

points extracted), DAGDIiff generates candidate dual-

matically feasible configurations. Each grasp is exe-
cuted by moving both arms to the predicted poses, closing the grippers, and lifting the object. A
trial is considered successful if the object is lifted and remains stably grasped. We evaluate on di-
verse, previously unseen objects such as trays, buckets, pans, and drones. The results (in Table
demonstrate reliable execution and strong sim-to-real generalization, highlighting the robustness of

DAGDiff under real-world sensing and actuation constraints.

5.4.5 Results

Qualitative Resullts We qualitatively evaluate the performance of DAGDiff by comparing the gen-
erated dual-arm grasps with prior methods across a diverse set of objects, as shown in Figure
These comparisons highlight the ability of our method to generate physically stable and collision-
free grasp pairs without relying on heuristic region selection or semantic priors.

Methods based on farthest-region heuristics, such as CGDF [19] and VCGS [66], often fail to select
physically compatible grasp regions. While these approaches ensure spatial separation between the
two grippers, they do not account for force balance or feasibility. As a result, they frequently gen-
erate grasp pairs where one gripper is placed in unstable or unreachable regions. For example, in
objects such as buckets, one of the grasps is often forced toward geometrically unsuitable regions
(e.g., corners or edges), leading to poor contact and unstable configurations. Even in cases where
both grasps lie on valid surfaces, the resulting configurations often require unbalanced or excessive
contact forces, making them physically unreliable.

Vision-language model (VLM) based approaches, such as UniDiffGrasp [61] and RoboBrainGrasp
[101], attempt to address region selection by predicting semantically meaningful object parts. How-
ever, these methods suffer from limitations in spatial precision and physical reasoning. As observed
in Figure[S.5](c) and (d), predicted keypoints or bounding boxes are often coarse, misaligned, or even

located in free space. This leads to grasp proposals that either fail to establish proper contact or result
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Figure 5.5: Qualitative comparison of dual-arm grasps. VCGS and CGDF rely on farthest-region heuristics,
often leading to physically infeasible grasps (e.g., unreachable regions in the bucket). UniDiffGrasp depends
on semantic segmentation, but ambiguous labels result in unstable region selection. RoboBrainGrasp predicts
keypoints or bounding boxes, which are often misaligned or too coarse for accurate grasping. In contrast, our
method directly generates stable and collision-free grasp pairs by reasoning over physical constraints, with-
out relying on heuristics or semantic cues. (Red circles indicate invalid grasps. RoboBrainGrasp-KP and -BB are
collectively referred to as RoboBrainGrasp.)

in unstable configurations. Additionally, when semantic cues are ambiguous or unavailable, these
methods tend to default to arbitrary region splits, which further degrades grasp qualityﬂ

In contrast, DAGDIff directly generates dual-arm grasp pairs by reasoning over geometric and
physical constraints during the diffusion process. By incorporating force-closure and collision-aware
guidance, the model learns to identify compatible grasp regions implicitly, without relying on exter-
nal heuristics or semantic annotations. As a result, the generated grasps exhibit consistent alignment
with object geometry, balanced placement across both arms, and minimal collision with the object

surface.

>This is by construction in [61] and not an output of the VLMs used in these methods.
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Method FCE(%)1 GSR(%) 1 GCR(%)/

DAGDIff (ours) 60.14 72.50 15.10
CGDF [19] 35.14 56.25 30.55
VCGS [66] 16.85 23.36 74.73
UniDiffGrasp [61] 10.10 31.68 59.90
RoboBrainGrasp-KP [101] 9.80 27.85 66.30
RoboBrainGrasp-BB [101] 7.12 27.81 70.26
Ours-DAT 56.45 68.80 18.59
DualAfford T [44] - 54.33 -

TEvaluated on Dual-Afford objects in a zero-shot setting.

t1Values reported directly from the DualAfford paper.

Table 5.1: Comparison of dual-arm grasp generation methods. Higher values are better for Force Closure Error
(FCE), which reflects grasp stability, and Grasp Success Rate (GSR), which measures execution success. Lower
values are better for Grasp Collision Rate (GCR), which indicates the frequency of collisions.

Across all evaluated scenarios, DAGDIff produces grasp pairs that are both physically stable and
geometrically valid. The grasps are well-distributed across structurally meaningful regions of the
object, enabling coordinated dual-arm manipulation. These qualitative results demonstrate that ex-
plicitly incorporating physical constraints into the generative process is critical for reliable dual-arm

grasp synthesis, particularly for large and complex objects.

Quantitative Results We quantitatively evaluate DAGDiff against existing dual-arm grasp gener-
ation methods using three metrics: Force Closure Evaluation (FCE), Grasp Success Rate (GSR), and
Grasp Collision Rate (GCR). These metrics jointly capture analytical stability, physical robustness in
simulation, and geometric validity of the generated grasps.

Table[5.]lsummarizes the performance across all methods. DAGDiff achieves the best performance
on all three metrics, with an FCE of 60.14%, GSR of 72.50%, and GCR of 15.10%. These results indi-
cate that the proposed method generates grasps that are not only analytically stable but also execute
reliably in simulation while maintaining low collision rates.

Farthest-region based methods such as CGDF [19] and VCGS [66] show significantly lower perfor-
mance in both FCE and GSR. This is primarily because these approaches decouple grasp generation
from stability considerations, relying on spatial heuristics rather than physical constraints. While
CGDF improves over VCGS due to better grasp generation, both methods suffer from selecting geo-
metrically incompatible regions, which leads to unstable grasp pairs and higher collision rates.

VLM-based approaches, including UniDiffGrasp [61] and RoboBrainGrasp [101], perform poorly in
all metrics. Their reliance on semantic region prediction results in coarse or inaccurate localization,
which does not align with physically feasible grasp regions. Consequently, these methods produce

grasps that frequently violate force-closure conditions and exhibit high collision rates.
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Variant FCE (%) GSR(%)1 GCR(%)]

DAGD:Iff (ours) 60.14 72.50 15.10
w/o FC Head 24.94 30.06 16.85
w/o Collision Head 50.01 55.67 23.50
Post-hoc FC Head 32.37 46.42 18.36

Table 5.2: Results of the ablation study across three variants: without the force-closure head, without the
collision head, and with a post-hoc force-closure head.

Compared to DualAfford [44], which uses a category-specific training, DAGDiff is able to demon-
strate stronger generalization by achieving higher grasp success rates in a zero-shot setting on un-
seen objects. This highlights the advantage of modeling grasp generation as a unified, physically

grounded generative process rather than relying on object-specific affordances.

Overall, the results show thatincorporating stability and collision guidance directly into the diffu-
sion process leads to substantial improvements in grasp quality. DAGDiff approximately doubles the
stability and success rates compared to prior methods while significantly reducing collisions, demon-

strating its effectiveness for reliable dual-arm grasp generation.

Ablation Study We conduct ablation studies to evaluate the contribution of key components in
DAGDIff, particularly the role of classifier-guided diffusion in enforcing stability and collision-free
grasp generation. The results are summarized in Table[5.2]

(i) Effect of Force-Closure Guidance: To assess the importance of explicit stability supervision,

we remove the Force-Closure (FC) head and rely solely on the Energy head for grasp generation.
This leads to a significant drop in both FCE (60.14% — 24.94%) and GSR (72.50% — 30.06%), in-
dicating that the diffusion backbone alone is insufficient to capture dual-arm stability. The FC head
provides explicit supervision for force-closure, and its gradients guide the model toward physically

stable grasp configurations during generation.

(ii) Effect of Collision Guidance: Next, we remove the Collision head and evaluate the generated

grasps without collision refinement. This results in a notable increase in collision rate (15.10% —
23.50%), along with a corresponding drop in FCE and GSR. This highlights that geometric validity
cannot be implicitly enforced by the energy-based formulation alone. The Collision head provides
targeted gradients that push grasp candidates away from object intersections, improving both feasi-

bility and execution robustness.

(iii) Post-hoc Training of the FC Head: To examine whether the FC head can be introduced af-

ter training, we train the Energy head and encoder first, and subsequently train the FC head while
keeping the backbone fixed. This results in a substantial degradation in performance (FCE: 32.37%,

GSR: 46.42%), as the learned features are not adapted to capture stability-relevant information. This
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(a) Bucket (b) Tray

(c) Drone (d) Saucepan

Figure 5.6: Real-world dual-arm grasp execution. Qualitative results on previously unseen objects: bucket,
tray, drone, and saucepan. For each example, the left image shows the reconstructed point cloud with pre-
dicted grasp poses, while the right image shows successful execution on a real dual-arm robotic system. The
results demonstrate reliable grasp generation and execution across diverse object geometries.

demonstrates that the FC head must be jointly trained with the backbone to learn meaningful and
stability-aware representations that effectively guide the diffusion process.

Overall, these ablations highlight that each component of DAGDIff plays a critical role. The FC
head is essential for enforcing dual-arm stability, the Collision head ensures geometric feasibility,
and their jointintegration within the diffusion framework is necessary for generating physically valid

grasp pairs.

Real-life Results We evaluate the real-world Object Tray Bucket Saucepan Frypan Drone

performance of DAGDIff on a heterogeneous syccess 6/10 8/10 7/10 6/10  5/10

dual-arm robotic setup, as shown in Figure .5.6
B gure[5.6 Table 5.3: Real-world dual-arm grasp execution re-

sults, where each entry denotes the number of success-
Lite, calibrated using an AprilTag, and observed ful grasps out of the total attempts.

The system consists of an XArm7 and an XArmé

by two Intel RealSense D455 cameras for multi-

view point cloud acquisition. We conduct experiments on a set of previously unseen real-world ob-
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jects, including trays, buckets, saucepans, frypans, and drones. For each object, 10 grasp trials are
executed. The results are summarized in Table where most objects achieve high success rates
(e.g., 8/10 for buckets, 7/10 for saucepans), demonstrating reliable execution across diverse object
geometries.

Failures are primarily attributed to inaccuracies in point cloud reconstruction, which occasion-
ally result in missing or noisy geometric details. These imperfections can lead to incorrect grasp
predictions, particularly in regions with insufficient surface information. Despite this, the major-
ity of grasps successfully achieve stable object lifting, validating both the physical correctness of the
generated grasps and the robustness of the method under real sensing conditions. Importantly, the
model is trained entirely on synthetic data and directly applied to real-world point clouds without
any fine-tuning. The successful execution of dual-arm grasps on unseen objects highlights the strong
generalization capability of DAGDiff and its ability to transfer from simulation to real-world settings.

Overall, these experiments demonstrate that incorporating stability and collision-aware guid-
ance within the diffusion process enables the generation of physically realizable dual-arm grasps

that can be reliably executed on real robotic systems.

5.5 Chapter Summary

This chapter introduces DAGDIff, a unified framework for directly generating dual-arm grasps by
jointly modeling geometry and physical stability within a diffusion-based formulation over SE(3) x
SE(3). Building on CGDF and the optimization-based insights from DG16M, we move beyond dis-
joint pipelines and instead learn a distribution over grasp pairs that are both stable and collision-free.
By incorporating classifier-guided signals for force closure and collision avoidance, the model is able
toimplicitly reason aboutinter-gripper coordination and generate physically consistent grasps with-
out relying on heuristic region selection or post-hoc filtering. Our experimental results demonstrate
significant improvements over prior approaches across analytical, simulation, and real-world eval-
uations, highlighting the effectiveness of integrating generative modeling with physical constraints.
Despite these advances, the framework depends on the quality of learned guidance signals and the
availability of accurate, complete object point clouds, which can limit robustness under partial or
noisy observations. A promising direction for future work is to extend this formulation to operate un-
der partial observations and integrate perception-aware reasoning, enabling reliable dual-arm grasp

generation directly from real-world sensory inputs.
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Chapter 6

Conclusion

It takes something more than intelligence to act intelligently.

FYODOR DOSTOEVSKY in Crime and Punishment, 1866

6.1 Discussion

Robotic manipulation of large and complex objects often requires two robotic arms to coordinate,
where the two grippers must act together to achieve force balance and ensure stable interaction. This
makes dual-arm grasping inherently more challenging, as it requires not only generating feasible
grasps but also ensuring that the pair is jointly stable. Existing approaches largely treat grasp gen-
eration and stability evaluation as separate problems, leading to a gap between geometric feasibility

and physical robustness.

In this thesis, we address this gap through a structured progression that bridges generative mod-
eling and analytical physical reasoning. We begin with CGDF, which enables dense and region-aware
grasp generation on large and complex objects, providing a scalable way to explore the grasp space.
Recognizing that generation alone is insufficient in dual-arm settings, we then introduce DG16M,
a physically grounded framework for evaluating grasp stability using an optimization-based force-

closure formulation, offering a principled understanding of stable grasp pairs.

Building on these components, we develop DAGDIff, which unifies grasp generation and stability
reasoning into a single framework. By modeling grasp pairs jointly in SE(3) x SE(3) and incorpo-
rating stability and collision-aware guidance during generation, we move beyond heuristic pairing
strategies and directly generate physically consistent dual-arm grasps. This progression highlights a
key insight of our work: dual-arm grasping cannot be reduced to combining independent single-arm

grasps, but instead requires joint reasoning over geometry and physical interaction.

Through this progression, we demonstrate a shift from disjoint pipelines toward unified, stability-
aware generative models for dual-arm grasping, enabling more reliable and generalizable manipu-

lation on complex objects.
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6.2 Impact

From a methodological perspective, this thesis demonstrates that grasp generation and physical
stability can be modeled jointly within a unified framework, rather than treated as separate stages.
By extending diffusion-based generative models to the joint pose space SFE(3) x SE(3) and incor-
porating stability and collision-aware guidance, we show that physical constraints can be integrated
directly into the generative process. Additionally, the development of DG16M provides a physically
grounded dataset for dual-arm grasp evaluation, contributing a useful resource for future research
in stability-aware manipulation.

From an application perspective, the proposed framework enables more reliable grasping of large
and complex objects, which is essential for real-world robotic systems. The successful transfer of our
approach from simulation to real-world dual-arm setups demonstrates its practical feasibility under
real-world observations. These results indicate that such methods can be extended to larger and
more capable robotic platforms, including systems such as humanoids, where coordinated dual-arm
manipulation is critical.

Overall, this work highlights the potential of combining generative modeling with physical rea-

soning to develop more robust and deployable robotic manipulation systems.

6.3 Future Research Directions

While this thesis presents a unified framework for dual-arm grasp generation, several limitations
point to promising directions for future work. First, our methods assume access to full object point
clouds, and extending them to operate under partial observations (e.g., single RGB-D views) with
real-world noise remains an important challenge. Second, incorporating kinematics and dynamics
awareness by accounting for reachability, joint limits, and execution constraints can enable more
practical and task-aware grasp generation. Third, integrating active and multimodal perception,
where the robot can gather better observations and leverage inputs such as language and videos, can
improve scene understanding and guide grasping through learned affordances. Finally, the larger
goal is to move beyond grasping to full manipulation, extending these ideas to long-horizon tasks
where grasping is one component within a broader pipeline of planning, control, and interaction.
Addressing these challenges will be crucial for enabling robust, generalizable, and real-world de-

ployable robotic manipulation systems.
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