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Abstract. Recent diffusion-based generative models have shown strong
capabilities in 3D scene understanding and affordance reasoning. How-
ever, existing methods predominantly rely on deterministic global en-
coders or fully stochastic diffusion backbones, which fail to disentangle
structural certainty from contextual uncertainty, a key requirement for
reliable affordance-grasp prediction in cluttered, partially observed en-
vironments. We propose a split-latent hierarchical diffusion framework
that explicitly decomposes the global scene representation into two com-
plementary subspaces: a fized latent encoding deterministic geometric
and semantic priors, and a diffused latent capturing stochastic scene-
level variations through a Global Conditional Diffusion guided by RGB
context. To propagate global uncertainty to fine-grained reasoning, we
introduce a Local Conditional Diffusion that predicts dense, point-wise
affordance and grasp fields conditioned jointly on both latents, producing
geometrically precise yet contextually diverse predictions. Furthermore,
we incorporate Harmonic Grasp Field, a differential geometric regulariza-
tion that enforces smooth, obstacle-aware grasp manifolds via harmonic
potential constraints. This unified formulation bridges deterministic ge-
ometry with probabilistic reasoning, yielding physically consistent and
uncertainty-aware grasp generation. Extensive experiments on cluttered
3D affordance and grasping benchmarks demonstrate superior stability,
generalization, and diversity compared to deterministic and single-latent
diffusion approaches. Project Website.
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1 Introduction

Dexterous manipulation in unstructured 3D environments, particularly in densely
cluttered scenes, remains a fundamental challenge for embodied intelligence.
Unlike conventional pick-and-place tasks, dexterous grasping demands a pre-
cise understanding of intricate object interactions, high-dimensional control, and
strategic long-horizon reasoning. These challenges are exacerbated by severe oc-
clusions, physical interlocking, and ambiguous spatial configurations, as docu-
mented in recent benchmarks [1]. In such cases, a successful grasp often requires
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a sequence of coordinated actions that combine singulation (non-prehensile re-
arrangement) with final grasp execution [44].

This complex interplay in-

troduces two problems: (i)
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Image L ronments. While prior works
have explored high-level decision-
making through reinforcement
learning or vision-language
models (VLMs) [26, 44], we
aim to solve these problems by developing a geometry- and uncertainty-aware
grasp generation framework that can infer stable, collision-free grasps directly
from noisy 3D observations without explicit planning. Specifically, we aim to
model both global structural priors and local contextual variability to achieve
physically consistent and generalizable grasp predictions in cluttered, real-world
settings. On the other end, grasp generation methods attempt to directly model
the distribution of valid grasps. Regression-based approaches collapse under mul-
timodality, converging to invalid average poses [44], while recent diffusion-based
models [16] improve diversity but remain myopic (i.e., they condition primarily
on local geometry without reasoning about global scene structure or task-level
context). As a result, they often produce locally feasible yet globally incoherent
grasps.

Cluttered
Scene Fixed Latent

Fig. 1: Our proposed split-latent cluttered grasping
framework.

The core limitation of existing frameworks originates from their inability to
disentangle structural certainty from contextual uncertainty. Within
a scene, certain facts are geometrically deterministic (e.g., “this is a handle”),
whereas others are inherently stochastic and strategy-dependent (e.g., “should
the mug or the block be moved first?”). Current encoders either conflate these
aspects within a single latent space, losing interpretability and robustness to
context variations, or model them uniformly as noise, destroying geometric con-
sistency. This entanglement limits both the controllability of grasp generation
under uncertainty and the geometric stability.

We introduce a hierarchical diffusion framework that explicitly decomposes
the scene representation into two complementary latent subspaces: Fixed latent
(hfixed): & deterministic embedding capturing invariant geometric and semantic
priors from the observed point cloud; Diffused latent (hgifused): @ stochastic
embedding generated via a Global Conditional Diffusion from the observed
RGB image, This disentangled latent architecture (as shown in Figure 1) enables
the model preserve geometric stability through hgyeq while sampling over plau-
sible strategic contexts through hgifused, bridging deterministic understanding
with probabilistic reasoning. To propagate global uncertainty into fine-grained
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prediction, we propose a Local Conditional Diffusion that predicts dense
point-wise affordance and grasp fields conditioned jointly on [Afixed, Adiffused]-
Unlike previous diffusion models, our local conditional diffusion couples global
stochastic reasoning with local geometric consistency, yielding grasp predictions
that are both contextually coherent and geometrically precise. Furthermore, to
impose physical smoothness and geometric stability, we integrate Harmonic
Grasp Fields (HGF), a differential geometric formulation where harmonic
potentials define continuous, obstacle-aware grasp manifolds on object surfaces.
Our key contributions are:

— Split-latent Hierarchical Diffusion: a hierarchical architecture that dis-
entangles deterministic geometric priors from stochastic strategic uncer-
tainty for robust reasoning in cluttered 3D scenes.

— Global and Local Conditional Diffusion: a novel conditioning mech-
anism that fuses global stochastic context with local point-wise geometric
features to produce uncertainty-aware grasp fields.

— Integration with Harmonic Grasp Fields (HGF): a principled cou-
pling of probabilistic diffusion and differential geometry that yields smooth,
continuous, and obstacle-aware dexterous grasp manifolds.

— Comprehensive evaluations across multiple cluttered scene benchmarks val-
idate the effectiveness, robustness, and generalizability of our framework.

2 Related Works

2.1 Grasp Detection and 6-DoF Grasp Estimation

Grasp detection has progressed from geometric heuristics to deep learning-based
formulations. Early methods like GQ-CNN [22] established end-to-end learn-
ing of grasp quality from RGB-D data, while [5] achieved real-time performance
with lightweight architectures. The shift to 6-DoF grasping began with GPD [35],
which scored sampled grasp candidates using deep features, and PointGPD [19],
which directly processed point clouds via PointNet-style encoders. The large-
scale GraspNet-1B dataset [6] enabled data-driven 6-DoF grasp learning, while
GSNet [37] and follow-ups like [27] leveraged graph and transformer backbones
for richer spatial reasoning. Recent approaches such as [24] and ContactGrasp-
Net [32] explored self-supervised and contact-aware modeling. Yet, most meth-
ods remain deterministic, failing to capture multimodal (RGB and point-cloud)
uncertainty in cluttered, partially observable scenes.

2.2 Diffusion Models

Diffusion models have become a cornerstone of modern generative modeling.
Foundational works: DDPM [9], DDIM [31], and LDM [30] established effi-
cient formulations, while classifier-free guidance [10] improved controllability.
Beyond 2D images, diffusion has advanced 3D generation across shapes [30],
point clouds [21], and 6D pose estimation [13]. In robotics, diffusion has been
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applied to modeling end-effector affordances [39], motion planning [2], and con-
ditional spatial prediction [33]. Our method extends these efforts through a split-
latent hierarchical diffusion design that disentangles deterministic geometry from
stochastic context, enabling stable yet uncertainty-aware affordance generation.

2.3 Cluttered Scene Grasping

Grasping in dense, occluded scenes remains a core challenge in embodied Al due
to complex inter-object interactions and uncertain visibility. Early heuristic and
sampling-based methods struggle with robustness and scalability. Deep learn-
ing frameworks like GPD [17] and PointGPD [19] have improved grasp scoring
from 3D data, while GraspNet-1B [6] has enabled large-scale learning of diverse
grasps. Recent architectures, including GSNet [37] and S4G [27], combine global
context and spatial reasoning to better handle clutter. Masked pretraining [28]
and contact-based reasoning [32] further improve grasp stability. Other notable
efforts include solving the problem using VLM [26], diffusion models [38, 46],
policy learning [18], etc.

However, existing approaches typically predict a single deterministic grasp
and overlook scene-level uncertainty. Emerging generative frameworks, partic-
ularly diffusion-based models, begin to capture multimodal grasp distributions
but often entangle geometric priors with contextual variability. Our split-latent
diffusion formulation explicitly separates these components, yielding coherent,
uncertainty-aware grasp synthesis in cluttered environments.

3 Proposed Method

To achieve robust grasp poses in cluttered 3D environments, we introduce a hi-
erarchical (global+local) diffusion framework that disentangles stable geometric
priors from variable contextual cues, enabling both global coherence and local
precision in grasp reasoning. As illustrated in Figure 2, our approach begins with
a multi-view pre-trained global encoder (subsection 3.1), extracting fixed global
feature. This, along with stochastic global diffused feature from Global Condi-
tional Diffusion (GCD) form the split-latent global scene representation (subsec-
tion 3.2). The global diffused latent conditions the Local Conditional Diffusion
(LCD) (subsection 3.3) to model local latent, which is further smoothened using
Harmonic Grasp Field (HGF) (subsection 3.4). Together, these modules enable
coherent, uncertainty-aware grasp prediction (subsection 3.5) that generalizes
across cluttered and unseen environments.

3.1 Multi-view Encoder Pre-training

To endow the global encoder with robust, view-consistent geometric priors, we
adopt a multi-view encoder pretraining strategy inspired by masked autoen-
coding, directly in 3D space unlike using projected images [25]. Given a N-point
point cloud or partial scan X € RV*3 we sample K depth views {X;,}/ | from
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Fig. 2: Overview of the proposed method. A multi-view pre-trained encoder £, extracts
a fixed latent hgyeq capturing stable geometric and semantic priors, and a diffused
latent hgifusea modeling contextual uncertainty is extracted via a Global Conditional
Diffusion process guided by RGB input and hgxed. The combined global latent hg =
[hfixed; haiftused] conditions the Local Codnitional Diffusion to generate local latent hr
through Harmonic Grasp Field (HGF) that ensures spatial smoothing. The global and
local diffusions together are coined as hierarchical diffusion. During training, a grasp
encoder &y, encodes the grasp pose [R,T] into latent hgr, aligned with hr, which are
then decoded using grasp decoder Dy, to generate the grasp output [R, T] During
inference, Dy, decodes [hr, h¢] into grasp prediction.

&4 Multi-view encoder
gr Grasp encoder

hdiffused Dy 6rasp decoder

hg Global Latent

hr Local Latent

hg Grasp Latent

uniformly distributed virtual camera poses {px} . Each view corresponds to
point cloud capturing visible geometry under self-occlusion.

Each partial view Xy, is divided into M local patches {xy ; }j”il and encoded
using a point transformer encoder &4, yielding per-view latent embeddings z;, =
Es(Xy) € RM>d_ A yandom subset (50-70%) of patches is masked, and the model
reconstructs the missing regions through a lightweight point decoder Dy:

X = Dy (€ (X)), (1)

The reconstruction is supervised using the Chamfer distance (CD) with respect
to the original point sets:

K
1 N
Lyuae = 7 Y CD(Xy, Xp), (2)

K
k=1

where the Chamfer distance is defined as

N 1 . . 1 . N
CD(Xg, Xy) = X, Join ||Xi—Xj||§+@ > i ¢ — %ill3.
~ J g ex X k

X €Xp
(3)

This encourages the network to reconstruct spatially complete geometry from
partial observations while maintaining geometric smoothness and fine-grained
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details. To enhance viewpoint invariance, we also apply a latent contrastive align-
ment loss across views of the same object:

B exp(sim(z;,z;)/T)
Latign = K ; > exp(sim(z;, z;) /)’ (4)

where sim(-) denotes cosine similarity and 7 is the temperature coefficient. This
enforces that latent embeddings z from different viewpoints {7, j} of the same
object remain consistent, facilitating cross-view feature consistency.

The pretrained encoder &4 thus learns occlusion-tolerant, geometry-consistent
3D information, enabling accurate reasoning under partial visibility. After pre-
training, £, is used as global encoder used in our split-latent framework (subsec-
tion 3.2), by extracting deterministic global feature (hfyeq) that conditions the
stochastic latent (hgifused) generation through global conditional diffusion.

3.2 Split-Latent Hierarchical Diffusion

Conventional diffusion models often conflate stable geometric priors with stochas-
tic contextual variations, resulting in limited controllability and poor general-
ization in cluttered 3D scenes. In contrast, we introduce a Split-Latent Hi-
erarchical Diffusion framework that explicitly disentangles deterministic ge-
ometric structure from stochastic scene context. Specifically, the global scene
representation is decomposed into two complementary subspaces: a fized latent
that encodes invariant geometric and semantic priors, and a diffused latent that
models stochastic global variations through a conditional diffusion process guided
by RGB observations. Given an input point cloud X € RY*3 and correspond-
ing image features ¢ = f;(Img), the global encoder &4 first produces the fixed
latent embedding hgyeq = E4(X), which captures the deterministic, geometry-
aware structure of the scene. Then, a stochastic latent hgiguseq, representing
the uncertain and context-dependent aspects of the scene, is generated through
a Global Conditional Diffusion (GCD) process conditioned on both hgyeq and
c. The two components are concatenated to form the composite global latent
he = [Dfixed; Ddiffused], Which jointly encodes stable structure and probabilistic
variability. This composite latent then conditions the Local Conditional Diffu-
sion (LCD), which performs fine-grained, point-level reasoning to model dense
affordance and grasp fields under uncertainty. Together, GCD and LCD consti-
tute a hierarchical diffusion architecture that seamlessly bridges global stochastic
reasoning with local geometric precision, enabling robust and uncertainty-aware
grasp synthesis in complex, cluttered environments.

3.3 Global and Local Conditional Diffusion

As explained in subsection 3.2, the Global Conditional Diffusion (GCD)
encodes the stochastic global context, conditioned on hgyeq and c. During train-
ing, an initial hY,q .4 is sampled from a Gaussian distribution whose parameters
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are derived from existing scene feature:
hgiffuscd ~ q(hgiffuscd|hﬁ><0d’ C) = N(/u‘(hﬁXCdv C)? 02 (hﬁXCdv C)I)7 (5)

where p(hgxed, ) and 0%(hgyeq, ) are learned scalars derived from (hgyed, €).
They determine the mean and variance of the stochastic latent, centering it
around scene-specific global context while allowing controlled variability. This
ensures that hgifﬁlsed represents meaningful, scene-dependent stochastic informa-
tion. The forward process gradually perturbs the stochastic latent for T steps':

h' = V Qi hgiﬂused +vV1l-—ae, €~ N(O7I)’ (6)
where o = 1 — B¢, B¢ is the variance schedule, and a; = Hi:l «,. In the

reverse process, denoising (U-Net like) network ey predicts the noise at each step
conditioned on hgy..q and RGB feature c:

po(h! 1, B, ©) = N (a0 (B, B, €, 1), 071) (7)

with mean parameterized as

Ho (htu hﬁxed» C, t) = (ht - LEG (hta hﬁxed7 C, t)) . (8)

V1—oy

3l

The diffusion objective is

Lacp = Et)hgiﬁused,et Me — ¢p(h", hgyeq, c, t)Hﬂ 9)

During inference, hl.o . ~ N(0,I) is iteratively denoised conditioned on
hfivea and ¢ to produce hYg ..q- The final global latent hg = [hfixed; hYiguced]
serves as a scene-informed prior for LCD.

We introduce the Local Conditional Diffusion (LCD), a point-level dif-
fusion process generating the local latent manifold hy, conditioned on the global
latent hg. Given hg and the input point cloud X, it models a time-indexed local
latent field ht:

q(ht‘ht_la hG) = N( V 1- Btht_175t1)7ht =V @thL + V 1-—- dteta et ~ N(Oa I)7
1
The reverse process denoises h? conditioned on hg and timestep ¢:
py(h' !0’ hg) = NV (g (b, he,t),07T),

1 B
h',h, 1) = —— (b = —Z—c, (b, b, 1))
ﬂw( aGa) \/OTt mﬁb( 7G7)7
where €y is a U-Net-like network with cross-attention injecting global latent
features into local updates. Each local latent is updated via spatial conditioning
fy on point coordinates and global context:

(11)

ey (h! he, t) = fw<[ht,PE(t)}, crossAttn(ht,hG)), (12)

! hiifuseq 1S represented as h' for simplicity
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where PE(t) encodes the diffusion timestep and CrossAttn(-) aligns per-point
features with the global latent. The conditional diffusion loss is:

Lrcp = E¢ny et {Het - €¢(ht,hc,t)”ﬂ- (13)

After denoising, hy, is decoded to generate grasps (see subsection 3.5).

3.4 Harmonic Grasp Field

While LCD produces spatially coherent grasp hypotheses, these predictions may
still exhibit discontinuities or local instability under clutter and contact noise.
To ensure smooth, geometry-consistent grasp manifolds, we introduce the Har-
monic Grasp Field (HGF), a continuous potential field over the object surface
that regularizes grasp poses via the intrinsic properties of harmonic functions.
Let the object surface be represented by a set of points X = {x;}¥ ;. We define
a grasp potential function @ whose extrema correspond to graspable configura-
tions. The potential field @(x) is constrained to be harmonic within the object
region:

V3P(x) =0, x€ 8, (14)

subject to Dirichlet boundary conditions:

0, x € 912, (obstacle or background),
B(x) = (15)

1, x € 0f2, (grasp contact surface),

where {2 denotes the object volume, 92, the obstacle boundary, and 92, the
contact boundary estimated from the local diffusion prediction. The resulting
field defines smooth potential gradients that naturally guide end-effector trajec-
tories toward stable, collision-free grasp regions. To couple the harmonic poten-
tial with the latent diffusion process, each predicted local latent vector hy, ; for
point x; is projected into harmonic-consistent space:

7. =hri+ X\ Vo(x;), (16)

where V&(x;) denotes the local harmonic gradient encoding grasp flow direc-
tion, and Ap, controls the strength of field alignment. This augmentation ensures
that the local diffusion features follow smooth geometric trajectories defined by
the harmonic manifold rather than arbitrary latent variations. The harmonic
regularization loss is:

[/harm = EX“vQ@(X)'%} +7[|hlL - hL|§]’ (17)

which penalizes non-harmonic curvature in the potential and enforces alignment
between diffused local latents and the harmonic field gradients.
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3.5 Grasp Generation

A pretrained variational encoder &, maps the grasp pose y = [R,T] into a
latent distribution:

Q(hgr|Xa Y) = N(“‘gr (X7 y)v 0-5277“ (Xa y)I)v (18)

where hg, represents the fine-grained local latent space aligned to grasp-relevant
regions. A decoder Dy, reconstructs the grasp pose y from the sampled latent
h,, as y = Dy, (hy,). To ensure consistency between the local diffusion latent hy,
and the grasp latent h,,, we adopt an evidence lower bound objective (ELBO):

LeLBo = En,,~q(h,,|x.y) [ 10gp(y[hgr, hr)] — Dxr (Q(hgr|X’Y) H p(hL|hG)>7
(19)
where the first term enforces accurate reconstruction of the grasp pose, and
the second term regularizes the posterior to align with the diffusion-conditioned
prior. Assuming Gaussian distributions, this simplifies to:

Laso ~ Eg[lly = 18] Die (N (e 02,1 [ N(pgsofD)), (20)

where (@ ,0) are the predicted mean and variance from the local diffusion
latent hy. Finally, the decoded grasp field is obtained as y; = Dy, (hgr;), where
¥i = [Ri, T;] denotes the predicted 6-DoF grasp pose.

3.6 Overall Learning Objective

The entire framework is optimized through a staged training procedure that
progressively aligns global geometric priors, local diffusion dynamics, and grasp
generation objectives. First, the multi-view point encoder &y is pretrained via
masked point reconstruction and contrastive alignment losses, Lyar + Lalign,
enabling it to capture view-consistent and occlusion-tolerant 3D geometry. The
pre-trained global encoder £y is frozen to serve as conditioning priors for the
hierarchical diffusion training. In the second training stage, (i) the global diffu-
sion module is trained to disentangle deterministic structural priors (hfixeq) from
stochastic contextual features (hgifused ), providing uncertainty-aware global rep-
resentations. (ii) LCD is trained to propagate the global uncertainty into fine-
grained point-level reasoning to generate coherent local latents hy. (iii) HGF
regularization is applied to LCD to enforce geometric smoothness and manifold
continuity. (iv) A grasp variational autoencoder (&,,, Dy,) is trained, ensuring
grasp-consistent manifold formation. The overall learning objective:

Liotal = Lacpd + MLrep + A2Lharm + A3LELBO, (21)

where {)\;} are scalar weights controlling the balance between diffusion, and reg-
ularization objectives. This two-stage optimization ensures that the model first
learns stable 3D priors, then progressively integrates stochastic reasoning and
geometric regularization to achieve robust, uncertainty-aware grasp generation
in cluttered scenes.
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4 Experiments and Results

4.1 Dataset Description

We evaluate our model on four complementary 3D grasping and manipulation
datasets across three tasks (dexterous grasp, gripper grasp and policy-rollout).
(1) DexGraspNet-2.0 [40] is a large-scale synthetic benchmark for dexterous
hand grasping in cluttered scenes, with two subsets: GraspNet-1B and ShapeNet.
Together they comprise 1,319 objects, 8,270 cluttered scenes, and ~ 427M
annotated grasps for a multi-finger hand model. (2) GraspClutter6D [1] is a large-
scale real-world dataset for parallel-jaw (gripper) grasping in highly cluttered
scenes. It contains 52K samples, scanned from 1,000 real scenes (14.1 objects
per scene, ~ 62.6% occlusion), annotated with 736 K 6D object poses and ~ 9.3B
feasible 6-DoF grasps across 200 objects in 75 environment configurations. (3)
GraspNet-1Billion [0] is a large real-world benchmark for general object grasping
(grippers) in cluttered tabletop scenes. It includes 97,280 samples spanning 190
scenes, and over 1.1B annotated grasp poses for 88 objects. (4) A? Simulation
Dataset [11] is a simulation-based task-rollout dataset developed for evaluating
pick, place, and pick-n-place policies.

4.2 Implementation Details

Our multi-view encoder & is built upon a four-layer Point Transformer [417]
backbone, each followed by set abstraction and feature propagation blocks for ge-
ometric aggregation. GCD uses a 12-layer residual MLP with sinusoidal timestep
embeddings of 128 dimensions, and adaptive layer normalization. LCD employs
a 4-scale U-Net with point-voxel convolutions (PVConv) at each stage, propagat-
ing a local latent field h;, € RV*32, Positional encodings for each time step are
injected into all diffusion modules. £,,, Dy, consist of three FC layers, followed
by layer normalization and ReLU activation. The two-stage training protocol
follows a multi-view encoder pretraining (8k epochs), then final training (24k
epochs) using fixed global encoder. Adam optimizer is used throughout, with
learning rate 1 x 10~% for all modules and cosine annealing schedule. A\, = 0.5
(Equation 16), v = 0.05 (Equation 17), {A1, A2, A3} = {0.8,1.0,0.5} Equation 21
are set following validation. All experiments are performed on 8 NVIDIA V100
GPUs, with VRAM 32GB. We closely follow [46], [1], and [41] for training and
evaluation settings. Please refer to supplementary file for more description.

4.3 Evaluation of Dexterous Grasping

Table 1 reports quantitative results on DexGraspNet-2.0 under varying clut-
ter densities. Our method consistently surpasses all SOTA approaches across
all settings, achieving grasp success rates of 93.1/85.9/76.1 on three GraspNet-
1Billion splits and 83.2/87.8/74.9 on ShapeNet, corresponding to significant im-
provements over the strongest baselines (DexGraspVLA [19] and ClutterDex-
Grasp [3]). The gains are most pronounced in Dense scenes, where collision-free
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Table 1: Quantitative grasp success com-

parison for cluttered dexterous grasp- GraspNet_1Billion ShapeNet
mg on the DGXGraSpNet—2.0 dataset Method Dense Random Loose Dense Random Loose
with two subsets: GraspNet-1Billion and =~ HGCNet[is] 460 378 267 464 448 304
. DDGC 47.9 38.2 304 50.9 48.7 38.5
ShapeNet. Dense scenes contain 8-11 ob- Gm‘spm[\ [' | 625 541 428 566 578 464
3 . 3 _ . ISAGrasp [1] 63.4 60.7 514  64.0 56.3 52.7
JeCtS7 R_’andom scenes ‘COntaln 1 10’ LOOSe DexGraspNet-2* [16] 84.2 80.7 71.3 749 72.5 66.4
scenes include 1-2 objects, following [4(]. DexGraspNet-2 [16] 90.6 837 732 810 854 742
* . . . l DexMGNet [10] 89.5 84.5 749 814 86.7 73.9
indicates decomposed pose modeling ClutterDexGrasp [3] 91.6 851 752 807 869 735
version. The best and second-best results PexGraspVLA [19] 917 850 755 818 854 728
. . . (0] 93.1 85.9 76.1 83.2 87.8 74.9
are highlighted in red and blue. we
Table 2: Quantitative grasp success com- Packed | Pil
parison of our proposed method for clut- Method 5 Objects|5 Objects 10 Objects 15 Objects
. . GSR DR‘GSR DR GSR DR GSR DR
tered gripper grasping on the Grasp_ Contact-GraspNet, [32] 84.9 86.1|77.6 754 77.2 64.7 77.3 54.0
Clutter6D benchmark dataset. We report MVGrasp [11] 837 844|758 76.1 762 63.9 77.5 542
BiGraspFormer [16] 82,9 84.4|77.2 75.4 76.9 64.2 77.1 54.7
grasp success rate (GSR) and declutter Q-Grasp [11] 80.0 84.1| 775 76.2 76.8 64.5 782 549
. . ThinkGrasp [26] 84.9 86.8|78.0 76.2 76.8 65.1 77.9 56.2
rate (DR) in different cluttered scenes. AffordGrasp $51 867|776 771 764 652 773 559
[31]
Ours 86.2 87.3|78.6 78.6 77.6 66.1 79.0 56.8

planning is the hardest, indicating that our harmonic field formulation effec-
tively mitigates grasp-interference in clutter. Unlike prior models that depend
on discrete proposal sampling or deterministic regression, our approach main-
tains performance across all clutter regimes.

Competing methods underperform for complementary reasons: geometry-
only pipelines (e.g., HGC-Net [18], DDGC [20]) collapse under occlusion due
to limited contextual reasoning; diffusion-free regressors (e.g., DexGraspNet-
2 [46]) lack multimodal pose representation; and recent diffusion-based models
(DexMGNet [10], DexGraspVLA [19]) still treat collision-feasibility implicitly. In
contrast, our Harmonic Grasp Field constructs a continuous, obstacle-aware po-
tential guiding feasible approach trajectories, while a hierarchical latent diffusion
backbone captures both deterministic global structure and residual local uncer-
tainty. This coupling of geometric regularity and probabilistic diversity reduces
collision-induced failures and enhances stability.

4.4 Evaluation of Gripper Grasping

As shown in Table 2, our method achieves the highest grasp success rate (GSR)
and declutter rate (DR) across all clutter configurations of the GraspClutter6D
[1] benchmark, with consistent improvements of 0.9 ~ 1.3 in GSR and 0.5 ~ 1.6
in DR over the best competing approaches (AffordGrasp [34] and ThinkGrasp
[26]), with the largest margins observed under Pile-15 clutter where inter-object
occlusion and contact constraints dominate. Existing methods either rely on
local geometry priors (e.g., Contact-GraspNet [32], MVGrasp [14]) or discrete
affordance sampling (e.g., BiGraspFormer [16], AffordGrasp [34]), leading to
unstable performance as clutter density increases.
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Table 4: Quantitative evaluation of our
method on the A? simulation dataset. Met-
rics of pick and pick-n-place are presented
as Success Rate T / Planning Steps |. Im-
provements are in red.

Table 3: Quantitative comparison for
gripper grasping on the GraspNet-
1Billion benchmark dataset using Re-
alSense setting. * denotes using grasp
scores > 0.9. ¥ means rendered depth im-

ages used.
Category Method Seen Unseen
LERF-TOGO [29] 83.3/3/37 76.0/2.01
Grz\spSplatw\ | 58.0/2.05 37.§ 1.67
Method AP Seen AP Similar AP Novel T ] I
GG-CNN [23] 15.5 13.3 5.5 D il > e
Chu et al. [5] 16.1 15.4 7.6 Ours tA%G-Pick [11] (, SHVROT -  SS
GPD [35] 22.9 21.3 8.2 OursA? o e 1?5%2/12&01%u)
PointGPD [19] 26.0 22.7 9.2 o s =
3 3 5 5 A%.G-Place 323 29.3
GraspNet1B [6] 226 26.1 106 i I| I 23 23
GSNet [37] 67.1 54.8 24.3 AZPA [11] 89.0 76.0
~ 3 B 35.7
DexGraspNet-2 [16]  56.0 53.2 23.2 Paco  OumiALGPhce  (S5T HS
Ours 68.4 55.7 25.1 Ours+* (22%) (3:%)
GSNet* [37] 68.7 59.8 24.6 Ourst ATPA 1% .6%7)
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We further evaluate the performance of our proposed method in non-clutter
grasping benchmark on the GraspNet-1Billion [6] under the RealSense setting
in Table 3. As seen in the table, our model consistently achieves the highest
average precision (AP) across Seen, Similar, and Novel object splits, marking
absolute gains of 1.4 ~ 2.4 over the strongest baseline GSNet [37] and 1.6 ~
1.7 over DexGraspNet-2 [16]. Earlier analytic or regression-based models (e.g.,
GPD [35], PointGPD [19]) struggle to generalize across novel geometries due to
their reliance on local point-cloud geometry and discrete candidate scoring, while
recent diffusion or sampling-based methods still lack consistent global shape
priors. In contrast, our HGF encodes grasp feasibility as a smooth potential
function that unifies surface normal, curvature, and reachability cues, allowing
the network to generalize to unseen object categories.

Overall, our unified framework demonstrates strong generalization across
both cluttered and non-cluttered settings, as seen in Table 1, 2, and 3. In non-
clutter scenes, the harmonic potential enables precise, geometry-consistent grasp
localization, while in cluttered environments, its continuous obstacle-aware for-
mulation, coupled with hierarchical diffusion sampling, preserves physical fea-
sibility under occlusion and contact constraints. Together, they highlight the
scalability of our method. Qualitative visualizations are shown in Figure 3.

4.5 Evaluation on Policy Rollout

To further assess the downstream utility of our grasp generation framework, we
extend our evaluation beyond grasp prediction to full policy-level manipulation
in Table 4 on the A? simulation benchmark [11], encompassing pick, place and
pick-and-place tasks under both seen and unseen object settings. We integrate



FRDP 13

Fig. 3: Qualitative visualization of dexterous grasp (top two rows) and gripper grasp
(bottom two rows) in cluttered scenes.

our proposed grasping model with several existing policy architectures, without
modifying their control or planning modules. This setup isolates the contribution
of grasp prediction quality to overall policy performance.

Across all task categories in Table 4, integrating our grasp generation sig-
nificantly enhances both success rate and planning efficiency. For Pick tasks,
our model boosts success by +4.3% (Seen) and +2.4% (Unseen) for A2-G-
Pick?, while reducing planning steps by 16 ~ 19%, and further improves A2
t0 96.3/2.14 (Seen) and 98.2/2.08 (Unseen). For Place tasks, performance gains
reach +10.3%/ +14.7% for A%-G-Place and remain consistent across A%2-PA and
A? variants, demonstrating better spatial alignment between grasp and target
pose. Similarly, for Pick-n-Place policies, our approach yields stable improve-
ments of 1 ~ 9% in success and up to 9% fewer planning steps, with the highest
efficiency observed for A2-G and A2-PA. Overall, as seen in Table 1, 2, 3, 4, our
method not only enhances grasp-level success but also translates to policy-level
improvements. Please see supplementary files for additional results.

4.6 Ablation Experiments

Table 5 presents a comprehensive ablation analysis of our framework across
dexterous and gripper grasping tasks, illustrating the cumulative effect of each
component. (1) Instead of splitting the latent representation, we utilize a sin-
gle global feature vector, generating a baseline performance (e.g., 87.0/79.6/69.1

2 A2-G-Pick, A%, A%-G, A2-PA are different model variants in [41]



14 H. Basak et al.

Table 5: Ablation experiment to analyze the contribution of individual components for
different grasping conditions. Note, we only report GSR for cluttered gripper grasping
on the GraspClutter6D dataset.

Latent Deco
No Split Fixed Dif Loose  Dense Random Loose  Packed (5) Piled (5)

s

X X X X 810 796 69.1 795 830 68.5 845

v X X X 865 784 68.2 79.1 831 68.2 84.0 76.1
X
X

DexGraspNet2 [GraspNet1B] DexGraspNet2 [S] 1 GraspClutter6D GraspNet-1Billion

885 800 69.8 501 840 69.2 85.0 778
893 820 73.6 812 854 718 85.8 8.1

XX XX

............. LT @
Fig. 4: Ablation Visualization: (a) Grasping and (b) Pick-n-Place results illustrat-
ing the incremental contribution of each component in our framework. (¢) Impact of

encoder pre-training. (d) Comparison of our split-latent diffusion process against alter-
native diffusion variants, demonstrating improved grasp feasibility and policy success.

H
sssss —— + HGF (Ours)y

on GraspNet1B) in row 1. (2) Fixed Latent slightly stabilizes training but re-
stricts adaptability, showing minimal gains or slight drops (Dense DexGraspNet2
[GraspNet1B split] success rate 86.5, APgcen of GraspNetl1B gripper grasping
74.2), since deterministic encoding cannot capture multiple valid grasp hypothe-
ses. (3) Diffused Latent by GCD introduces stochastic sampling, leading to
consistent 1.5 ~ 2 improvement across datasets (e.g., Dense 88.5, APNovel 35.8)
by better exploring multimodal grasp distributions and reducing overfitting to
dominant modes. (4) Adding LCD enhances hierarchical global-local consistency,
further improving performance by 1.5 ~ 2.5 (e.g., Loose 69.8 — 73.6), as it aligns
local contact reasoning with global object geometry, yielding structurally coher-
ent grasps. (5) Finally, incorporating the Harmonic Grasp Field (HGF) yields
the largest boost (+3.8 pp Dense, +3.5 pp APnovel) by enforcing a continuous,
obstacle-aware potential that naturally guides grasp generation along collision-
free manifolds. Together, these components collectively transform grasp synthe-
sis from discrete candidate sampling into a geometrically grounded, probabilistic
field representation, resulting in consistent performance gains across cluttered,
dexterous, and parallel-jaw grasping conditions. We visualize ablation results
for grasping and policy-rollout in Figure 4(a) and Figure 4(b), effectiveness of
encoder pre-training in Figure 4(c) and a quantitative comparison of diffusion
variants in Figure 4(d), justifying the effectiveness of split-latent diffusion model.
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Conclusion

In this work, we introduce a unified differential geometry and diffusion-based
framework for dexterous and gripper grasp generation in both cluttered and
non-cluttered environments. By integrating harmonic manifold potentials with a
split-latent diffusion hierarchy, our method achieves continuous, obstacle-aware,
and multimodal grasp synthesis that generalizes across diverse object categories
and manipulation settings.
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