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Abstract—Humans achieve stable and adaptive grasps by
seamlessly integrating visual perception and tactile feedback,
a capability that remains challenging to replicate in robotic
systems. Existing robotic grasping approaches predominantly
rely on visual inputs and lack mechanisms for tactile-guided
adaptation after contact, limiting robustness and generalization.
To address this challenge, we propose a unified visuo-tactile-
fusion grasping framework that integrates grasp generation,
feasibility prediction, and adaptive refinement. At its core, our
method introduces an efficient visuo-tactile representation that
tightly fuses object geometry with tactile feedback by associating
tactile signals with finger identities. This unified representation
supports contact-aware grasp pose generation during planning
and tactile-guided refinement after contact, enabling the system
to reason about fine-grained finger-object interactions and adjust
grasps dynamically. Comprehensive experiments in both simula-
tion and real-world environments demonstrate that our approach
significantly enhances grasp success rates and generalization
across diverse objects.

I. INTRODUCTION

Humans grasp diverse objects by planning poses from vision
and adjusting them through tactile feedback after contact.
Transferring this visuo-tactile capability to dexterous robotic
hands remains important yet challenging.

Most existing grasping methods [4, (34} 1} 24,36, 120L 29, [23]]
rely solely on visual inputs such as RGB or point clouds,
predicting hand poses from initial observations without post-
contact refinement. Tactile-only strategies [7, 6] adapt under
occlusion but require multiple trials and discard available
visual cues. Recent visuo-tactile works [32, 21} [33]] improve
generalization, but mainly fuse modality features without
modeling their spatial alignment and interaction, which are
crucial for adaptive grasp control.

We propose a framework integrating tactile and geometric
information for grasp generation, feasibility prediction, and
adaptive refinement. Inspired by how humans assign hand parts
to object regions, we introduce an expressive semantic contact
representation. Unlike contact maps without semantics [15}
10, [16], ours associates each contact with a finger or palm
identity (Fig. [1} top), encoding both contact occurrence and
expected hand—object associations. Fusing this map into the
object point cloud enables pose decoding with improved initial
grasp success.
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Initial poses may nevertheless fail on complex or unseen
objects. During execution, we therefore use tactile feedback
to assess and refine the grasp (Fig. [T} bottom). Tactile contact
markers are integrated into the hand—object point cloud to
construct a tactile-mapped representation. A classifier predicts
grasp success, while an adaptation model adjusts suboptimal
poses. We build a tactile-equipped dexterous-hand environ-
ment in IsaacGym [12]] for training and evaluation, and deploy
the method on a real robot. Our contributions are:

« A visuo-tactile representation that fuses geometric and
tactile information through contact-aware encoding for
fine-grained finger—object interaction reasoning.

o A unified framework for grasp generation, feasibility pre-
diction, and tactile-guided adaptive refinement, enabling
robust and efficient dexterous grasping.

« Extensive simulation and real-world experiments demon-
strating the framework’s effectiveness.

II. RELATED WORK

Dexterous grasping. Dexterous hands have received exten-
sive attention for human-like manipulation. Existing methods
mainly follow three paradigms: reinforcement learning [19|
277, [17], imitation learning [22, [26], and object-centric poli-
cies [14, 13| 20] that map proprioception and RGB-D ob-
servations to grasps. Most rely on vision alone and cannot
detect tactile instabilities such as slipping [11]], causing failures
even when the visual geometry appears feasible. Recent stud-
ies [32} 21} 33] explore visuo-tactile integration, but mainly
encode and directly fuse the modalities without modeling their
spatial and semantic relationships.

Visuo-tactile fusion for manipulation. Vision and touch
are complementary for robust manipulation [8] 9]]: vision pro-
vides geometric priors, while touch captures contact quality.
Existing approaches fall into two categories. Learning-based
methods [25] 3] 15 2] encode each modality into latent features
and combine them through concatenation or pretraining, em-
phasizing global alignment over spatial correspondence. Raw-
data-based methods [31} 130]] directly fuse signals but likewise
overlook geometric and contact-level relationships. In contrast,
we integrate tactile signals into the object point cloud to



Initial Grasp Failure \

r
=

- 3
\IJII|IiI" =

Grasp Pose

Initial Grasp Success -
N1
[ 4
0]
=
8
Point Cloud & Hand Semantics @
A
&
Contact Map Grasp Pose
.

uoneydepy 9s0g

Grasp Pose ©

Fig. 1: Overview. (Left) An initial grasping module predicts a contact map from the raw point cloud with finger/palm identities,
generating physically plausible hand poses informed by hand semantics. (Right-Top) The initial pose does not guarantee success
and may fail due to sparse or unstable contact. (Right-Bottom) Our visuo-tactile-fusion representation adapts the initial pose

into more stable contact patterns for robust execution.

construct tactile-mapped geometric representations for contact-
aware generation and adaptation.

III. METHOD
A. Problem Formulation

The target object O is represented by a point cloud Pep; =
{(@i, iy 20y iy Gis bi)}ﬁ\[:o1 from an RGB-D camera. The hand
state is s = [p,q,j], where p € R3 and ¢ € R? are
palm position and orientation and j € R?? the joint angles.
Tactile sensors on the fingertips and palm provide readings
T = {Ti}ZN:tl (V¢ = 6: five fingertips and one palm). We seek
a configuration s* maximizing grasp success given visual and
tactile observations:

s" = argmax p(y = 1| Pop;, T s), ey
S
where y € {0,1} indicates success.

B. Overview

Our framework (Fig. [2) integrates object geometry and
tactile feedback through three components: a Contact-Driven
Grasp Pose Generator (Sec. producing the initial pose;
a Grasp Pose Classifier (Sec. predicting feasibility; and
a Grasp Pose Adaptation Model (Sec. [[TI-E) refining subop-
timal poses. These form a closed loop (Sec. [lI-F); Sec. [II-G|
describes data collection. Each module uses a PointNet++
backbone; the classifier adopts a dual-encoder design fused by
multi-head attention, and the adaptation module is a diffusion
model conditioned on the visuo—tactile features.

C. Contact-Driven Grasp Pose Generator
Given the object point cloud, a model h,, predicts a

probabilistic contact map M in which each point is labeled
with a hand part:

M= {Ml | M,; € {1,...,6}, 7= 1,...,N0} = hwl(,Pobj).

2)
The generator h;,, then conditions on (Pop;, M) to predict an
initial grasp state s(0) = Ry, (Pobj, M). The contact map is

supervised with cross-entropy Lop = — >, M, ;log M; and
the pose with Ly = [|s(0 — s°||3.

D. Grasp Pose Classifier

After executing s(?), we annotate the object point cloud with
tactile signals from the five fingertips and palm, assigning each
contact region the ID of the contacting hand part to form a
tactile-mapped point cloud P,;. A PointNet-based classifier
fo estimates the success probability § = fo(Put,s) € [0,1],
trained with binary cross-entropy

3

By leveraging both geometric structure and tactile contact
patterns, fp provides a differentiable, real-time estimate of
grasp stability.

ﬁcls = 7[y logg + (1 - y) 10g(1 - y)}

E. Grasp Pose Adaptation Model

To recover from failures, an adaptation model g4 maps
unstable grasps toward stable ones. Using paired states
(Pf, s ,y=0) and (P%,,s*,y=1) where s° is close to s/,
it predicts a correction As = g¢(771{t, sf), giving the refined
grasp s/"°V = s/ 4 As. The objective drives the corrected
pose toward the successful one while maximizing predicted
stability:

Lgen = |As = (s* = s)|3 + X (1 = fo(PL,, sT + As)). (@)

F. Closed-Loop Grasp Optimization

The three components form a closed loop. Starting from
59 the system iteratively evaluates and updates the grasp:

Ok = fo(PF, M), (5)

) Sk if :gk: > Tsuce)
Sk+1 = (6)
sk + 9o(Pr, sk);

stopping when ¢, > Tgyuee Of k = K. The result s* satisfies
both geometric feasibility and tactile stability.

otherwise,
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Fig. 2: Pipeline of the framework. From an object point cloud and semantic fingertip labels, the system predicts a contact
map and an initial grasp pose, fuses hand configuration and tactile feedback into a visuo—tactile point cloud, classifies stability,
and—if failure is predicted—iteratively refines the grasp before execution.

G. Tactile-Enhanced Data Collection

We collect data via PPO [18]] following the first-stage setup
of UniDexGrasp [28]], recording both successful and failed
attempts for diverse tactile data. A finger is marked active
when its contact force exceeds 0.01N, and nearby object points
receive the corresponding contact label, yielding a tactile-
mapped point cloud

Pvt = {(xiayh ZiyTiy Gis bi7 kia ci) | 1= 17 s 7N} 5 (7)

where k; encodes the contact state and c; € [0,1]% is the
tactile-intensity vector over the five fingertips and palm. Each
sample is (Pyi, s, y).
IV. EXPERIMENTS
We evaluate the framework in both simulation (Sec. [V-A-

success rate on three sets: Seen Objects, Unseen Objects (same
categories), and Unseen Categories.

B. Baselines

We compare against eight state-of-the-art frameworks un-
der identical settings: DexGraspAnything and DexD-
iffuser (visual grasp generators), UniDexGrasp++
(diffusion-based, no tactile), UniDexGrasp(PPO) [28]] (PPO
with our visuo-tactile inputs), Robot Synesthesia (tactile
distillation), an Intuitive Closed-Loop heuristic, Contact-
DexNet (contact-map-based), and DexGraspVLA [36]
(RGB VLA).

TABLE I: Comparison Results between Baselines and Our
Method.

IV-C) and the real world (Sec. [[V-D) using a tactile-enabled
dexterous hand.

A. Simulation Experimental Setup

Our simulation is built on IsaacGym [12] for large-scale
parallel collection of grasp trajectories and tactile feedback;
the task consists of reaching, grasping, and lifting. The hand is
a ShadowHand with five fingers and 22 DoF (28 DoF including
the 6-DoF root). Objects come from UniDexGrasp++ [20]:
50 objects over 6 categories, 20 for training and 30 unseen-
category objects for testing. A grasp succeeds if the object
stays stable for at least 1s after lift-off. We report grasp

Method Seen Objects Unseen Objects Unseen Categories
UniDexGrasp++ 55% 49% 42%
DexGraspAnything 77% 72% 67%
DexDiffuser 71% 69% 55%

40%
22%
65%
63%
58%
83%

52%
33%
76%
72%
69%
91%

46%
29%
71%
68%
60%
82%

UniDexGrasp (PPO)
Robot Synesthesia
Intuitive Closed-Loop
ContactDexNet
DexGraspVLA
Ours

From Table [ our method consistently outperforms all
baselines. We identify four failure modes: (1) generative
methods (Rows 1-3) rely on visual geometry without semantic
correspondence, giving infeasible configurations for complex
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Fig. 3: Qualitative results. For objects in both simulation and the real world, the contact-driven generator and adaptation
module produce stable grasps with geometrically consistent, contact-rich hand poses.

objects; (2) the end-to-end RGB-to-action model (Row 8)
lacks geometric understanding; (3) offline contact modeling
(Row 7) yields only static predictions and cannot correct in
closed loop; and (4) prior visuo-tactile refinement is unstable,
as RL (Row 4) suffers from exploration noise, distillation
(Row 5) is brittle, and the heuristic tightens fingers without
geometric awareness. By encoding finger/palm identities into
generation and applying tactile-guided refinement, our method
avoids these, with the gap widening on unseen categories and
underscoring the value of hand—object semantics and closed-
loop tactile feedback.

C. Ablations

We ablate the tactile encoding and adaptation: w/o contact
ID in generation (all fingertips share a unified ID during
generation, removing semantic information); w/o contact ID
in adaptation (unified ID in the classifier and adaptation
models); w/o adaptation (objects are lifted directly after the
initial pose); Object-only (only the object point cloud with
tactile mapping); Full Point Cloud w/o tactile (hand—object
point cloud without tactile features); and w/o PC (images
labeled with tactile signals instead of point clouds).

TABLE II: Ablation Results about Our Method.

Method Seen Objects Unseen Objects Unseen Categories
w/o contact id in adaptation 84% 2% 73%
w/o contact id in generation 79% 75% 69%
w/o adaptation 81% 78% 59%
Object-only 72% 67% 61%
Full Point Cloud w/o tactile 78% 74% 67%
wlo PC 74% 1% 64%

Ours 91% 82% 83%

As shown in Table @ (Rows 1, 2, 7), the semantic contact
ID is essential for both generation and refinement. Comparing
Rows 3 and 7 highlights the adaptation module, with gains on
unseen objects (78% — 82%) and unseen categories (59% —
83%). Rows 4-7 show that removing the hand point cloud,

removing tactile signals, or replacing point clouds with images
all hurt. Figure [3] visualizes these effects: guided by contact
IDs, the generator produces geometrically consistent initial
poses, and the adaptation module iteratively turns unstable
grasps into secure ones.

D. Real-World Experiment

TABLE III: Real World Evaluation Results.

Method Unseen Categories

73%
52%
55%
81%

Seen Objects

81%
77%
64%
90%

Unseen Objects

1%
65%
57%
87%

DexGraspAnything
DexDiffuser
DexGraspVLA
Ours

We deploy on a Psibot robotic hand with high-resolution
tactile sensors, transferring the simulation-trained model with-
out per-object tuning by mapping live tactile readings into the
same visuo-tactile representation. We evaluate on more than
20 objects of distinct geometry and material, counting a grasp
successful if held stably for at least 3 s after lifting. As reported
in Table [l our method transfers robustly and outperforms
the baselines; more visualizations are in the supplementary
material.

V. CONCLUSION

We presented a unified visuo-tactile-fusion grasping frame-
work that couples tactile feedback with visual geometry
through a contact-aware representation binding tactile signals
to finger identities and a tactile-guided adaptation module for
real-time refinement. It improves both initial feasibility and
adaptive stability in simulation and the real world, offering a
scalable route for integrating vision and touch in dexterous
manipulation.
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APPENDIX A
NETWORK ARCHITECTURE
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Fig. 4: Architecture of the grasping framework. Green: the object point cloud is processed by PointNet++ to predict a
visuo—tactile contact map and an initial grasp pose. Yellow: a dual-encoder PointNet++ encodes the hand and visuo—tactile
point clouds, followed by multi-head attention for grasp success prediction. Blue: if failure is predicted, a diffusion-based
module iteratively refines the grasp pose conditioned on visuo—tactile features.

Fig. [] details the architecture summarized in the main text: a PointNet++ backbone predicts the contact map and initial
pose, a dual-encoder branch fused by multi-head attention predicts grasp success, and a diffusion module refines the pose on
predicted failure.

APPENDIX B
ADDITIONAL EXPERIMENTAL DETAILS

A. Simulation Setup

The hand is based on ShadowHand: five fingers with 22 DoF plus a 6-DoF root pose (28 DoF total), moved in simulation
by directly setting the root pose. Objects are from UniDexGrasp++ [20]: 50 objects across 6 categories, 20 for training and 30
unseen-category objects for testing. A grasp succeeds if the object stays stable without slippage for at least 1s after lift-off.
We report grasp success rate on Seen Objects, Unseen Objects (same categories, unseen instances), and Unseen Categories.

B. Baselines

The eight baselines in Table [] are: DexGraspAnything [37] and DexDiffuser [24] (visual grasp generators), UniDex-
Grasp++ [20] (diffusion without tactile feedback), UniDexGrasp(PPO) [28] (PPO on our visuo-tactile inputs), Robot
Synesthesia (tactile distillation), Intuitive Closed-Loop (a “move closer on no contact” heuristic), ContactDexNet [35]]
(contact-map grasps), and DexGraspVLA [36] (an RGB VLA model).

C. Ablation Settings

The ablations in Table [[] remove semantic contact IDs in generation or in adaptation; remove the adaptation step; use the
object point cloud only; drop all tactile features from the hand—object point cloud; and replace point clouds with tactile-labeled

images.

D. Real-World Setup



Real-world experiments use a Psibot hand with high-resolution tactile
sensors (Fig. [5) on more than 20 objects of distinct geometry and material.
A grasp succeeds if the object is held stably for at least three seconds
after lifting. This setting tests direct sim-to-real transfer of the visuo—tactile
representation without any per-object tuning, exercising both the contact-
driven generator and the tactile-guided adaptation module on real hardware
whose sensor noise and contact characteristics differ markedly from those
in simulation.

E. Representation Choice

We explored richer tactile modalities (force directions, shear forces) but
found they need much more data, whereas our tactile-mapped point cloud
already handles most scenarios (88% vs. 81% accuracy in small-data tests)
and transfers better (85% vs. 72% in the real world). We therefore adopt
the simpler representation for its efficiency and simulation—real alignment.

FE. Analysis of Tactile Signals
Object Scale Impact Analysis

~
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Fig. 5: Real-world setup. A 7-DoF arm carries
an 11-DoF Psibot dexterous hand with finger-
tip/palm tactile sensors, observed by head, side,
and front RGB-D cameras.

Tactile Value Analysis
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Fig. 6: (Left) As object size increases, average tactile intensity (Avg. TIF) rises while success rate first increases then slightly
drops. (Right) Avg. TIF and contact-finger count are higher for successful than for failed grasps.

Tactile signals are normalized to [0, 1]. As Fig. |§| shows, larger objects yield higher average intensity, and successful grasps
show higher intensity and more contact fingers than failed ones, confirming the learned contact semantics track physical

stability.

APPENDIX C

ADDITIONAL QUALITATIVE RESULTS: GENERATION

The contact-driven generator produces stable poses for complex, irregular objects in simulation (Fig. [/) and the real world
(Fig. [8). Real-world results use the robot’s right arm, versus the left in the main text, showing the method is agnostic to

mounting position and kinematic configuration.



Simulation Pose Generation Results
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Fig. 7: Successful grasp pose generation on diverse simulation objects.

Real-World Pose Generation Results
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Fig. 8: Successful grasp pose generation on real-world objects.

APPENDIX D
TRAINING AND INFERENCE DETAILS

All four models train on one NVIDIA RTX 4090 (24 GB): the CMap and pose generators (batch 32, Ir 1 x 10~3) in about
3 hours each, the classifier (batch 128, Ir 3 x 10~%) in about 10 hours, and the adapter (batch 256, Ir 1 x 10~%) in about
three days. Inference uses about 16 GB in IsaacGym and 2 GB on the real robot. Closed-loop refinement uses 7, = 0.5 and
K = 5; it triggers in roughly 30% of trials, over 90% of which succeed within 3 iterations. The diffusion backbone runs at
20-25 Hz, fast enough for real-time refinement when the object moves.

APPENDIX E
ADDITIONAL QUALITATIVE RESULTS: ADAPTATION

Initial poses may fail from insufficient contact points, limited contact area, or geometric mismatch; the classifier flags these
and the adaptation module corrects them (Fig. [9), with further simulation and real-world examples in Fig. [T0] and Fig. [T1]



Simulation Adaptation Results Real-World Adaptation Results
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Final PC & Final Poses

Fig. 9: Grasp pose adaptation. Row 1: object samples. Rows 2-3: unstable initial grasps with sparse or weak contact. Rows 4—
5: refined poses with denser contact and larger support after adaptation.

Simulation Adaptation Results
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Fig. 10: Grasp pose adaptation on diverse simulation objects.



Real-World Adaptation Results
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Fig. 11: Grasp pose adaptation on real-world objects.

APPENDIX F
LIMITATIONS AND FUTURE WORK

The tactile module encodes only contact occurrence, not force or pressure, which may cause excessive force on fragile
objects, and we focus on single-object grasping; cluttered and functional grasping remain open. Future work will improve
simulation fidelity, extend the tasks, and explore richer visuo-tactile fusion.
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