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Abstract

While diffusion models show promise for intent-based grasp
generation, their isotropic noise schedules struggle with joint-
specific sensitivity and task-aware variability. This limita-
tion leads to grasps with suboptimal semantic alignment
or physical feasibility. To address this challenge, we pro-
pose Semantic-guided Noise Scaling for grasp generation
(SNS-Grasp), a novel framework that integrates two key in-
novations. First, the Semantic-guided Noise Scaling Diffu-
sion (SNS-Diff) module generates intent-aware grasps by
replacing isotropic noise with anisotropic modulation, dy-
namically adapting to task semantics and joint-specific sen-
sitivity. Specifically, SNS-Diff leverages a pretrained In-
tent Recognizer to extract task-aware confidence scores and
joint-specific gradient sensitivities from the interaction con-
text. These signals adjust the noise scaling during denois-
ing, downweighting perturbations for semantically critical
joints to ensure semantic alignment. Second, the Fine-grained
Grasp Refinement (FGR) module establishes dynamic joint-
vertex coupling through fine-grained hand-object spatial re-
lationships, enabling iterative optimization of physically exe-
cutable grasps. Extensive experiments on Oaklnk and GRAB
demonstrate SNS-Grasp’s superior performance in semantic
accuracy and physical feasibility, with robust generalization
to unseen objects.

Introduction

Intent-based grasp generation aims to synthesize human-like
hand poses that satisfy specific manipulation intents (e.g.,
holding a mug), with applications in human-computer inter-
action (Pollard and Zordan 2005), virtual reality (Holl et al.
2018; Wu et al. 2020), and robotics (Liu et al. 2024). Re-
cent advances leverage generative frameworks (Taheri et al.
2020; Yang et al. 2022; Jian et al. 2023; Li et al. 2024; Tang
et al. 2025) to generate intent-aware hand poses, particularly
diffusion-based models (Wei et al. 2024; Wu et al. 2025;
Tang et al. 2025), which exhibit superior performance due
to their stable training dynamics and high sample diversity.
Despite these advantages, their isotropic noise schedules
fail to address two critical challenges in affordance-aware
grasp generation. First, the biomechanical hierarchy of the
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Figure 1: Performance comparison of grasp semantics un-
der different noise scaling modes in the diffusion model: (1)
Scale 0.1 applies isotropic noise scaling (10% intensity) to
all MANO joints; (2) Scale 0 — 1 progressively increases
scaling from joint O (wrist) to joint 15 (pinky tip); (3) Scale
1 — 0 decreases scaling from joint O to joint 15; (4) Scale
1 retains the original noise values. Our SNS dynamically
scales noise based on manipulation intent and joint-specific
criticality, demonstrating superior performance.

MANO (Romero, Tzionas, and Black 2022) hand model re-
quires differentiated control across joints, where distal joints
(like fingertips) demand finer control than proximal joints
(like the wrist) to maintain precise manipulation semantics.
Second, the divergence in interaction purposes between ex-
ploratory actions (e.g., holding a camera body) and con-
strained manipulations (e.g., pressing camera button) neces-
sitates task-adaptive noise profiles, as uniform noise appli-
cation may either hinder precision or limit exploration.

To explore biomechanical and task-semantic require-
ments in grasp generation, we experimentally investigate the
diffusion model (Tang et al. 2025) with four noise configu-
rations: isotropic noise (scale 1), weak isotropic noise (scale
0.1), increasing noise (scale 0 — 1), and decreasing noise
(scale 1 — 0). We evaluate grasps generated under these
different noise scaling modes across six affordance-aware



interaction categories (Use/Hold Mug/Bottle/Camera). The
evaluation employs an intent recognizer (see Intent Recog-
nizer section) pre-trained on approximately 17,000 demon-
stration grasps, which achieves 98.7% test accuracy. As
shown in Figure 1, the result comparison reveals:

¢ Joint-specific sensitivity: Joint-specific noise scale 0 —
1 outperforms isotropic noise scale I by 14.63% in Use
Bottle tasks;

» Task-aware variability: scale 0 — 1 yields best results
for Use Camera and Hold Bottle, while scale 1 — 0 is
optimal for Hold Mug.

These patterns suggest that semantically precise generation
in diffusion model requires both: (1) joint-specific noise
adaptation for critical joints, and (2) task-aware noise mod-
ulation to preserve manipulation constraints, revealing lim-
itations in isotropic noise approaches (Samuel et al. 2023;
Guo et al. 2024; Qi et al. 2024).

In this paper, we propose the Semantic-guided Noise
Scaling for Grasp Generation (SNS-Grasp) framework,
which jointly addresses semantic alignment and physical
feasibility through two key innovations: a Semantic-guided
Noise Scaling Diffusion (SNS-Diff) module and a Fine-
grained Grasp Refinement (FGR) module. Since seman-
tically precise generation necessitates both joint-specific
adaptation and task-aware modulation (Figure 1), SNS-Diff
introduces a novel semantic-guided noise scaling (SNS)
mechanism. The key insight is that semantically critical
joints receive reduced noise, limiting their output variance
to ensure manipulation accuracy. Meanwhile, non-critical
joints maintain higher noise levels, enabling anatomically
valid exploration. Specifically, SNS-Diff implements three
operations: First, a lightweight intent recognizer analyzes
the interaction context to generate task-aware confidence
scores and joint-specific gradient sensitivities. Second, these
signals dynamically transform initial isotropic noise into
anisotropic joint-specific profiles. This SNS process assigns
reduced noise scales to semantically critical joints while pre-
serving original noise magnitudes for non-critical joints. Fi-
nally, a Semantic Calibrator Transformer (SCT) (Tang et al.
2025) conditions the noise profiles on task instructions, en-
suring semantic alignment throughout denoising.

To enhance physical feasibility, prior works (Taheri et al.
2020; Yang et al. 2022; Jian et al. 2023; Tang et al. 2025)
optimize MANO parameters using vertex-object signed dis-
tance field (SDF) features. However, MANO’s fixed skin-
ning weights intrinsically limit deformation adaptability, po-
tentially causing semantic drift and physical implausibil-
ity. Thus, our FGR module introduces a geometry-aware
optimization pipeline with dynamic joint-vertex coupling.
Concretely, FGR first explicitly models contact constraints
through SDF evaluation. It then employs cross-attention to
dynamically couple each joint with all hand mesh vertices
by computing global attention weights from fine-grained
SDF features, effectively mitigating MANO’s rigid skinning
weights limitations. Through an iterative process, physical
penetrations are progressively minimized while maintaining
manipulation semantics.

In summary, the key contributions of SNS-Grasp are
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threefold. First, the proposed SNS-Diff model pioneers
joint-specific and task-aware anisotropic noise scheduling
for grasp generation, where the noise profiles are adap-
tively adjusted to preserve manipulation semantics. Sec-
ond, the FGR establishes dynamic joint-vertex coupling
through SDF-guided cross-attention, overcoming MANQO’s
rigid skinning constraints. Third, extensive experimental
validation on two public datasets demonstrates superior per-
formance in semantic controllability, physical feasibility,
and generalization capability compared to state-of-the-art
approaches.

Related Work

In this section, we first review 3D hand-object interac-
tion synthesis, categorizing methods as general and intent-
based grasp generation according to manipulation seman-
tics. We then introduce diffusion noise scaling mechanism
as a promising approach for semantic-controlled generation.
General Grasp generation. The general grasp gener-
ation task focuses on producing physically feasible hand
poses for given objects without specific manipulation intent
(Miller and Allen 2004; Hasson et al. 2019; Liu et al. 2019,
2020; Wang et al. 2023). Early regression-based approaches
(Liu et al. 2019, 2020) directly predicted grasp parameters
from object geometry, but often suffered from limited di-
versity and accuracy. To address these limitations, several
studies have adopted various generative models (Corona
et al. 2020; Taheri et al. 2020, 2022; Weng et al. 2024; Liu
and Yi 2024), among which diffusion models have recently
emerged as a promising paradigm. DexDiffuser (Weng et al.
2024) combines a conditional diffusion sampler with an
evaluator to generate high-quality grasps from point clouds,
while G-HOP (Ye et al. 2024) aligns hand skeletal distance
fields with object geometry for coherent 3D representation.
GeneOH Diffusion (Liu and Yi 2024) handles noisy inter-
action trajectories through a diffusion-based denoising pro-
cess. Furthermore, contact map prior has proven to be an ef-
fective approach for enhancing physical feasibility in grasp
generation (Brahmbhatt et al. 2019, 2020; Jiang et al. 2021;
Li et al. 2022; Liu et al. 2023b). For instance, GraspTTA
(Jiang et al. 2021) introduces a GraspCVAE for grasp gen-
eration coupled with a ContactNet for contact prediction.
Contact2Grasp (Li et al. 2022) learns contact map distribu-
tions before mapping to grasps, and UGG (Lu et al. 2023)
proposes a unified framework for jointly generating hands,
objects, and their contact information. While these methods
achieve stable and realistic hand poses, they fail to capture
object affordances and manipulation semantics.
Intent-based grasp generation. To study how humans
manipulate objects with specific intent, recent datasets such
as Oaklnk (Yang et al. 2022) and AffordPose (Jian et al.
2023) have collected multimodal hand-object interaction
data. OakInk (Yang et al. 2022) captures grasps based on di-
verse object meshes and action-related textual descriptions,
including use, hold, lift-up, hand-out, and receive, thereby
formalizing the task of intent-based grasp generation. Af-
fordpose (Jian et al. 2023) further annotates specific part-
level affordances on the objects, such as twist, pull, handle-
grasp, and the corresponding parts. As a baseline, OakInk



(Yang et al. 2022) and AffordPose (Jian et al. 2023) inject
the intent representation into GrabNet (Taheri et al. 2020)
to guide generation.

Recent studies in intent-based grasp generation have pro-
posed diverse methodologies to resolve manipulation am-
biguity, where a single intent may correspond to multiple
interactions. Language-guided approaches (Christen et al.
2024; Chang and Sun 2024; Li et al. 2024; Jian et al. 2025;
Wu et al. 2025) such as SemGrasp (Li et al. 2024) lever-
age LLaVA (Liu et al. 2023a) for automatic grasp annota-
tion and text-pose alignment, while PartDexTOG (Wu et al.
2025) employs GPT-40 (Achiam et al. 2023) to generate
part-level manipulation descriptions. Retrieval-augmented
methods like RAGG (Tang et al. 2025) demonstrate im-
proved generalization through nearest-neighbor grasp re-
trieval. While effective for semantic conditioning, these
methods maintain standard noise schedules, limiting joint-
specific adaptation. This motivates our investigation of dy-
namic noise modulation, building on adaptive noise scaling
successes in related domains (Samuel et al. 2023; Zhang
et al. 2025).

Noise scaling Mechanism. Recent advances in diffusion
models demonstrate their exceptional generative capabil-
ity. While conventional approaches apply isotropic Gaus-
sian noise, prior studies prove that semantic-aware gener-
ation requires adaptive noise mechanisms (Guo et al. 2024;
Samuel et al. 2023; Qi et al. 2024). For instance, Samuel
et al. (Samuel et al. 2023) proposed seed interpolation for
rare concept synthesis, while Qi er al. (Qi et al. 2024) in-
troduced noise selection via inversion stability. Zhang et al.
(Zhang et al. 2025) further developed uncertainty-guided re-
gional noise adjustment. For grasp generation, we extend
these principles through SNS, specifically addressing the
varying semantic criticality across hand joints during ma-
nipulation.

Proposed Method

Figure 2 illustrates our SNS-Grasp framework, which con-
sists of two core components: (a) SNS-Diff, and (b) FGR.
SNS-Diff first employs a pretrained intent recognizer to ex-
tract joint-specific gradients and classification confidence; it
then applies SNS to convert isotropic noise to anisotropic
noise, ultimately generating semantically valid grasps con-
ditioned on the noise profiles. Subsequently, FGR refines the
generated coarse grasps to ensure physical feasibility.

Intent Recognizer

In intent-based grasp generation, the semantic importance
of hand joints varies significantly across different manip-
ulation tasks (e.g., use camera vs. hold mug). However,
prior works (Taheri et al. 2020; Yang et al. 2022) lack
a principled framework to quantify joint-specific seman-
tic importance. Inspired by the hand-object affordance un-
derstanding paradigm (Jian et al. 2023), we propose to
learn these importance metrics through an intent-aware in-
teraction classifier, where the gradient magnitude naturally
indicates each joint’s contribution to semantic intent ful-
fillment - larger gradients correspond to higher semantic-
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critical joints. Thus, we implement a lightweight intent rec-
ognizer that predicts the manipulation category from a hand
mesh and an object point cloud.

The intent recognizer processes a composite input S =
Concat(M, Q) € R*¥®7%3 where M € R778%3 represents
the hand mesh vertices generated from MANO parameters
{6 € R6*6 P € R3} (encoding joint rotations and global
translation respectively), and O € R*096%3 denotes the ob-
ject point cloud. This composite input is then transformed
through multiple channel mixers and spatial mixers parame-
terized, which are detailed in the appendix.

Finally the learned representation F' is squeezed along the
spatial dimension and processed by a classification head:

z = Softmax(W3ReLU(W1F + by) +by), (1)

where W; € R32%X64 b, ¢ R32 W, € R?%32 and
by € R? are learnable parameters. With merely 0.414M
parameters, this lightweight design achieves accurate intent
discrimination, attaining 98.7% test classification accuracy.

Semantic-guided Noise Scaling

After pre-training the intent recognizer, we reformulate the
denoising process using the SNS mechanism. As shown in
Figure 2, we begin with an initial perturbed grasp xp ~
N(0,1), where isotropic noise is applied uniformly to all
joints. This initial denoising phase first generates an ex-
ploratory grasp proposal yq through standard denoising sam-
pling. Semantically critical joints (e.g., fingertips when ma-
nipulating a camera) are identified through the intent recog-
nizer’s gradients and confidence scores. Since these joints
require higher stability, we restart denoising from xr with
SNS. This mechanism adaptively rescales noise based on
each joint’s semantic criticality, ensuring stable generation
of semantically critical joints.

Specifically, the SNS adjusts the noise magnitude for each
joint based on its semantic-criticality. For joint j, it com-
putes a joint-specific and task-aware coefficient:

;= OLint o(z) €10,400), 2)
Bej 9 ~—~—
confidence

gradient magnitude

where L, is the cross-entropy loss of the intent recognizer,
6; denotes the rotation representation of joint j and o(z) is
the logit value corresponding to the ground truth intent class.
Higher ~; indicates stronger semantic-criticality for intent
preservation. Thus, the noise is scaled as:

(1+%>€(0,1]. 3)

The SNS mechanism dynamically modulates noise based on

joint semantic importance. For joints with high ~y; values,

the noise scaling factor approaches zero (ﬁ — 0), pre-
J

serving the intent-critical geometry. Conversely, for joints
with low «; values, the scaling factor approaches 1 (when
v; = 0), preserving most of the original noise magnitude to
maintain natural kinematic diversity.

Theoretical Analysis. The SNS modulation induces
anisotropic variance bounds in the generated distribution.

SNS _
LT = 4T
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Figure 2: Overview of the SNS-Grasp framework: (a) SNS-Diff generates intent-aware grasps by converting isotropic to
anisotropic noise via the SNS module, with scaling parameters guided by the pretrained Intent Recognizer. (b) FGR estab-
lishes dynamic joint-vertex coupling through SDF-based cross-attention and refines physical feasibility via ResKAN layers.

To quantify this effect, we derive the joint-specific variance
upper bound under the DDPM framework (Ho, Jain, and
Abbeel 2020), and the output variance of joint j satisfies:

(1-a C
Var(p SNS Bi( t) @
Zo‘t1+% (1+%)?
where a; = HZ=1 ag, oy = 1 — B4, By is the cosine

noise variance schedule and C' = ZtT:1 Bt (1 —ay)/a:. This
bound implies that for high-v; joints, the variance reduc-
tion forces generated samples to concentrate tightly around
task-optimal configurations, ensuring semantic alignment
with manipulation intent; meanwhile, low-v; joints maintain
higher variability to preserve natural kinematic diversity. Ex-
perimental results also demonstrate that SNS produces more
compact distributions compared to isotropic noise baselines
(see Experiment section and Appendix).

Semantic-guided Noise Scaling Diffusion

Building on the anisotropic noise distribution established
by SNS, we formalize the conditioned denoising process
where SNS-Diff reconstructs the clean pose xg from noise-
modulated input z5NS. The denoiser D integrates three
conditionally processed inputs: (1) diffusion timesteps 7'
with sinusoidal encoding projected to R2°6;(2) manipula-
tion intent I encoded as one-hot vectors through a train-
able 16D lookup table and linearly projected to R2°6; and
(3) object point clouds O represented as 4096D BPS fea-
tures (Prokudin, Lassner, and Romero 2019) and com-
pressed to R?°® via linear transformation. This yields the
generation:
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gO - ( SNSvd)t( ) d)z(I)vd)o(O)) ) (5)
where each ¢ denotes the corresponding feature embed-
ding layer.

The transformed features {¢;(T), ¢;(I), ¢o(0)} € R?>¢
are concatenated into a 3 x 256 conditioning matrix, which
dynamically guides the denoising process through stacked
Semantics Calibration Transformer (SCT) blocks (Tang
et al. 2025). The final SCT output h € R?56 is decoded by a
two-layer residual MLP to predict the clean MANO parame-
ters §o = {0, P}. These parameters are then passed through
the MANO layer (Romero, Tzionas, and Black 2022) to gen-
erate the semantic-aware hand mesh m. To train the model,
we optimize a composite loss function that jointly enforces
mesh reconstruction accuracy and contact feasibility:

L = i|[ig — mol|> + A2||€0 — eol|? + A3Lh20 + AaLoon,

contact constraints

(6)
where m denotes the ground-truth hand mesh, éq and e are
the edge lengths computed on the predicted and ground-truth
meshes over corresponding vertex pairs, and Lp2,, Lo2h, pe-
nalize hand-object interpenetration. The loss weights are set
to A\ = 34.825, A\g = 29.85, A3 = 34.825, and Ay = 29.85.

mesh reconstruction

Fine-grained Refinement

To enhance the physical feasibility of the coarse grasp

Jo = {0, P} generated by SNS-Diff, our FGR module
implements dynamic joint-vertex coupling via SDF-guided
cross-attention. As illustrated in Figure 2(b), given the initial
MANO parameters {6, ]5} and corresponding mesh vertices



Algorithm 1: Fine-Grained Grasp Refinement (FGR)

Require: Initial hand pose {6°, P°}, object mesh O,
MANO parameters 3
Ensure: Refined Grasp {6*, P*}
1: fori < 0to 2do

2:  Hand Mesh Generation:

3 Vi M(0%, P B)

4:  Signed Distance Field:

50 W {sd(VE,0)}7T8

6:  Joint-vertex Coupﬁng:

7 O SCT (64 ({07, P1Y), 61 (W7), 6, (W)
8:  Grasp Refinement:

9:  H} + concat({f’, P'}, %, C?)

10:  Hj < ResKAN; (H})
11:  Hi <+ ResKANy(concat(H?, HY))

12:  H} < ResKANgz(concat(Hs, HY))

13: {71!, P!} « Linear(H%) {Update grasp}

14: end for o
15: return {0*, P*} « ({63, P3}

V € R778%3 we first compute per-vertex signed distance to
the object surface O:

v = [Sd(vl, O), ey Sd(V778’ O)] c R778><1 )

where sd(V;, O) computes the signed distance from hand
vertex V; to the object surface O.

The key innovation over prior works (Taheri et al. 2020;
Yang et al. 2022) is our SCT-based dynamic coupling:

C = SCT (,({6, P}), 6(¥). 6,(¥)) € R, (8)

where ¢g/1/, are linear projections aligning dimensions
for query (joint parameters), key (SDF features), and value
(SDF features). Through fine-grained, geometry-aware at-
tention, all 778 vertices adaptively respond to the 16
joints’ movements, achieving more flexible deformation
than MANO'’s linear blend skinning.

Subsequently, the hand representation {6, P} is progres-
sively optimized through successive ResKAN blocks (Tang
et al. 2025), which jointly incorporate SDF constraints ¥
and dynamic joint-vertex couplings C to produce the re-
fined grasp {6*, P*}. Algorithm 1 details our PyTorch im-
plementation, with {#(°), P(©)} denoting the initial state.
The SCT and ResKAN modules are implemented as de-
scribed in (Tang et al. 2025). The network was optimized
over three iterations by minimizing the contact and recon-
struction losses.

Experiment
Datasets and Evaluation Metrics

OakInk (Yang et al. 2022) is a large-scale hand-object inter-
action dataset containing 1,800 object models across 32 cat-
egories. Following the experimental protocol of (Tang et al.
2025), we select 9 representative categories (bottles, cam-
eras, cylinder bottles, eyeglasses, game controllers, lotion
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pumps, mugs, pens, and trigger sprayers), each annotated
with two functional intents (use and hold). To evaluate gen-
eralization performance, we introduce 8 held-out categories
(headphones, bowls, cups, hammers, frying pans, scissors,
wine glasses, binoculars, and teapots) as unseen test cases.
GRAB (Taheri et al. 2020) provides real-world grasp
demonstrations from 10 subjects interacting with 51 ob-
jects. For out-of-domain evaluation, we select objects ma-
nipulated by subject S1 in pass actions. This includes both:
(1) categories overlapping with OakInk (camera and mug)
for cross-dataset consistency validation, and (2) novel cate-
gories (wineglass and toothpaste) to test unseen object gen-
eralization.

Evaluation metrics. Following established protocols
(Taheri et al. 2020; Yang et al. 2022; Tang et al. 2025),
we assess grasp quality through five metrics evaluating
both physical feasibility and semantic controllability. For
physical feasibility, we measure: (1) penetration depth,
(2) solid intersection volume (Yang et al. 2021), and (3)
simulation displacement (Hasson et al. 2019). For semantic
controllability, we report: (4) intent recognition accuracy
using our pre-trained classifier, and (5) user preference rate
assessed through a web-based platform, where 10 partic-
ipants selected their preferred samples from 50 randomly
presented trials based on evaluations of semantic intent
accuracy and physical realism.

Performance Comparison

Table 1 presents a comprehensive evaluation across three
experimental configurations: (1) seen object categories in
OaklInk, (2) unseen object categories in OakInk, and (3)
object categories in GRAB. For OakInk’s seen object cat-
egories, SNS-Grasp demonstrates significant improvements
across all metrics. Our SNS-Grasp achieves 0.446 cm aver-
age penetration depth (4.5% lower than RAGG) and 1.411
cm average displacement (9.8% reduction), while maintain-
ing the lowest interaction volume at 3.306 cm® (4.6% im-
provement over RAGG). The most notable advancement is
SNS-Grasp’s 97.39% controllability Auc. (5.1% higher than
RAGG), which directly stems from our SNS strategy’s abil-
ity to dynamically prioritize intent-critical joints while pre-
serving natural variability. User evaluators confirmed these
results with a 82.06% preference rate (vs. RAGG’s 62.73%),
validating our method’s ability to generate physically stable
and semantically precise grasps.

For unseen object categories in OaklInk, SNS-Grasp ex-
hibits strong cross-category generalization, achieving 0.459
cm average penetration depth (5.5% improvement over
GrabNet) with superior stability (1.979 cm average dis-
placement). While GrabNet achieves better interaction vol-
umes (6.228 cm? vs. our 6.933 cm?®), this advantage stems
from their tendency to generate simpler, semantically-
unconstrained grasps that prioritize minimal intersection at
the expense of functional precision. This trade-off explains
their significantly lower controllability Auc. (GrabNet:
67.80%, AffordPose: 67.23%) compared to our 89.27%.
The 67.50% user preference rate for functional grasps (vs.
RAGG’s 57.5%) demonstrates our SNS-Grasp’s capability
to: (1) transfer manipulation knowledge to novel objects



Data Method Physical Feasibility Controllability
Pen. | Ins. | Dis.| Auc.?T User. T

GrabNet (Yang et al. 2022)  0.527 £ 0.589 5.016 £13.030 1.784 £2.184 89.50  23.96

Oaklnk seen Affordpose (Jian et al. 2023)  0.499 + 0.562  4.309 +9.898  1.945 £2.243 91.04  34.96
RAGG (Tang et al. 2025) 0.467 £0.486 3467 £7.156 1.565+1.736 9224  62.73

SNS-Grasp 0.446 = 0.467 3.306 +7.682 1.411+1.382 9739 82.06

GrabNet (Yang et al. 2022)  0.486 = 0.469  6.228 + 8.887 2.036 £2.018 67.80  35.00

OakInk unseen Affordpose (Jian et al. 2023) 0.497 £ 0.571 7.007 £ 13.122 1945+ 1946 6723  35.00
RAGG (Tang et al. 2025) 0.532 £0.580 7.826 £11.099 2.071 £2.287 8475  57.50

SNS-Grasp 0.459 £0.487 6.933 £11.842 1.979 +1.222 89.27 67.50

GrabNet (Yang et al. 2022)  0.401 +0.389 2387 £2.705 1.734+£2.131 67.31  27.56

GRAB Affordpose (Jian et al. 2023) 0.416 +0.402  2.590 +£2.827 1.760 £2.095 68.96  19.03
RAGG (Tang et al. 2025) 0.369 £ 0.408 2.291 £2.831 2.168 £2.534 62.11 51.93

SNS-Grasp 0.343 £ 0.328 1.734 +2.329 1.652 +1.760 73.44 84.46

Table 1: Performance comparisons in terms of physical feasibility and controllability on OakInk dataset and GRAB dataset.
The best result in each column is marked in bold. | indicates lower is better; 1 indicates higher is better.

while (2) maintain physical feasibility during generalization.

For objects in the GRAB dataset, SNS-Grasp demon-
strates robust cross-dataset generalization capabilities,
achieving state-of-the-art performance across all metrics.
Our method establishes new benchmarks with 0.343 cm av-
erage penetration depth (7.0% improvement over RAGG)
and 1.652 cm average displacement (23.8% lower than
RAGG), while significantly reducing interaction volume to
1.734 cm® (24.3% improvement). In contrast, GrabNet and
Affordpose suffer from excessively large interaction vol-
umes (2.387 cm?® and 2.590 cm?, respectively), which are
37.7% and 49.4% higher than SNS-Grasp. Moreover, these
methods exhibit significantly poorer controllability, with
Auc. scores of only 67.31% and 68.96%. These results high-
light SNS-Grasps ability to maintain both physical feasi-
bility and semantic controllability when handling out-of-
domain objects.

Ablation Study

For a more in-depth analysis of our SNS-Grasp, we further
conduct a series of ablation studies on the Oaklnk dataset.
Table 2 provides a systematic comparison of three distinct
noise scaling strategies in our SNS-Diff. The baseline dif-
fusion generation (without SNS) achieves 0.608 cm pene-
tration depth, 6.000 cm® interaction volume, and 1.141 cm
displacement distance, with 93.38% controllability.

The three SNS variants demonstrate different behaviors
under varying joint-specific noise. SINS! uses solely the
classifier gradient norm |0L;y,;/06,|2, showing moderate
improvements (Pen. 0.592 cm, -2.6%) but increased dis-
placement (+9.2%), suggesting gradient information alone
may disrupt physical stability. SNS? implements 25> =
xyj - sigmoid(y;), yielding higher noise weights for se-
mantically critical joints. Despite improving physical met-
rics (Pen. 0.589 cm) and accuracy (96.48%), the suboptimal
performance confirms the need for noise reduction at critical
joints. SN.S3 represents our full implementation, demon-
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Component ‘ Physical Feasibility Control.
‘ Pen.] Ins.] Dis.) ‘ Auc.t
Generation | 0.608 6.000 1.141 | 93.38%
SNSt 0.592 5.260 1.246 | 94.70%
SNS? 0.589 5239 1.152 | 96.48%
SNS3 0.568 4.820 1.154 | 97.74%
Grab_Refine | 0.454 3.462 2273 | 95.47%
ProKAN 0.444 3308 1.699 | 95.60%
FGR 0.446 3.306 1.411 | 97.39%

Table 2: Performance contributions of each component in
the proposed SNS-Grasp on the Oaklnk dataset. “Genera-
tion” refers to using only diffusion without SNS. SN §1/2/3
indicates different semantic-guided noise scaling tech-
niques. “Grab_Refine” denotes the refinement network used
by GrabNet (Yang et al. 2022), and “ProKAN” represents
the refinement used by RAGG (Tang et al. 2025).

strating superior performance with 6.5% lower penetration
(0.568 cm), 19.7% reduced interaction volume (4.820 cm?),
and highest accuracy (97.74%), validating our approach of
reducing noise for semantically critical joints.

The refinement stage comparisons in Table 2 show that
existing methods like Grab_Refine (Yang et al. 2022) (Pen.
0.454 cm, Ins. 3.462 cm?3) and ProKAN (Tang et al. 2025)
(Pen. 0.443 cm, Ins. 3.308 cm?®) are limited by their fixed
skinning weights. While effective for reducing penetration
depth, they fail to capture the global hand-object spatial con-
text, leading to great displacement distance and semantic in-
consistencies during refinement (Auc.: 95.47% and 95.60%
respectively). Our FGR overcomes this limitation through
dynamic joint-vertex coupling, iteratively optimizing coarse
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Figure 3: Visualizations of joint-specific gradients and atten-
tion patterns in SNS-Grasp. (a) Normalized gradient magni-
tudes across all hand joints for use/hold camera tasks. (b)
Cross-attention maps between wrist joints and hand mesh
vertices for use/hold mug tasks.

grasps to: (1) maintain competitive penetration metrics (Pen.
0.446 cm, Ins. 3.306 cm?); (2) achieve 18.2% lower dis-
placement (1.411 cm) than Grab_Refine; and (3) preserve
hand-object semantic integrity (Auc. 97.39%). The signifi-
cant improvements confirm FGR’s capacity to balance phys-
ical constraints with semantic preservation, outperforming
existing refinement approaches.

Qualitative Analysis

In this section, we validate SNS-Grasp through four visual
analyses: (1) Noise scaling patterns in SNS modules, reveal-
ing joint-specific semantic sensitivity; (2) Cross-attention
weights between wrist joints and vertex SDFs, demonstrat-
ing joint-vertex coupling dynamics; (3) t-SNE visualization
of grasp distributions, showing more compact intra-class
clustering and sharper inter-class separation; and (4) Ren-
dered grasp comparisons, providing intuitive quality assess-
ment.

Figure 3(a) visualizes SNS noise scaling patterns through
intent recognizer joint gradients. For the use camera inter-
action, the recognizer shows higher gradient magnitudes at
the index and ring fingertips, indicating their dominant role
in manipulation recognition, whereas for hold camera, the
thumb fingertip exhibits significantly larger gradients, es-
tablishing it as the primary determinant. Leveraging these
semantic gradients, we construct the SNS module to gener-
ate joint-specific and task-aware anisotropic noise profiles.

Figure 3(b) visualizes the joint-to-vertex attention maps in
FGR. For the use mug interaction, stronger attention weights
concentrate on finger-contact vertices. For the hold mug in-
teraction, attention distributes broadly over the palmar re-
gion. These distinct patterns demonstrate FGR’s dynamic
joint-vertex coupling.

Figure 4 illustrates the t-SNE visualization of grasp dis-
tributions generated by SNS-Grasp. The results exhibit two
key characteristics: (1) compact intra-class clustering, in-
dicating that grasps with the same manipulation semantic
converge to highly consistent configurations, and (2) clear
inter-class separation, confirming distinct embedding distri-
butions for different manipulation contexts. This structured
organization in the latent space reflects the semantic consis-
tency enforced by SNS, which selectively reduces pose vari-
ability for semantically critical joints while retaining natu-
ral diversity in less constrained regions. Qualitative compar-
isons with baseline methods (Yang et al. 2022; Tang et al.
2025) are provided in the Appendix.
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Figure 4: t-SNE visualization of grasp samples generated
by SNS-Grasp. Different colors represent distinct interac-
tion contexts, with star markers indicating class centroids.
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Figure 5: Examples of grasps generated by GrabNet, RAGG,
and SNS-Grasp. Each object category is tested under both
use and hold intents.
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Figure 5 compares intent-based grasp generation by Grab-
Net (Yang et al. 2022), RAGG (Tang et al. 2025), and
our SNS-Grasp on randomly selected objects (headphones,
game controllers, eyeglasses) from Oaklnk. For seen cate-
gories (headphones, game controllers), GrabNet struggles to
distinguish “hold” vs. “use” intents, yielding similar grasps.
Both RAGG and SNS-Grasp achieve better semantic align-
ment, but RAGG exhibits minor penetration and non-contact
failures. For unseen objects (e.g., eyeglasses), RAGG suf-
fers from severe mesh penetration due to reference misalign-
ment, while SNS-Grasp maintains superior performance in
both semantic understanding and physical feasibility.

Conclusion

We present SNS-Grasp, a novel framework for intent-based
grasp generation that integrates two key innovations: (1)
SNS-Diff pioneers anisotropic noise scaling guided by joint-
specific and task-aware criticality, enabling precise con-
trol over manipulation semantics while maintaining natu-
ral kinematic diversity; (2) FGR overcomes MANO’s lim-
itations via dynamic joint-vertex coupling, ensuring contact
feasibility without compromising semantic alignment. Ex-
tensive experiments on OakInk and GRAB datasets demon-
strate that SNS-Grasp outperforms state-of-the-art methods,
achieving superior performance in semantic accuracy, phys-
ical feasibility, and generalization to unseen objects.
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