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the hand while maintaining the hand’s geometry and nat-

ural dexterity during manipulation, we can use an off-the-

shelf visual approach to reconstruct the hand-object state

and integrate the tactile information to refine the results. In

light of this, we propose a novel Distributed Force-aware

contact representation, DF-Field, and a Visual-Tactile

Manipulation reconstruction framework with Distributed

tactile sensing, ViTaM-D. DF-Field models the contact by

considering both kinetic and potential energy in hand-object

interaction. This approach enables accurate modeling of ob-

ject deformation. Using DF-Field, ViTaM-D initially recon-

structs the hand-object interaction with visual observations

and contact state constraints by the proposed visual dynamic

tracking network, and then refines the contact details with

DF-Field via a force-aware hand-pose optimization process.

The proposed framework leverages advances in visual-only

hand-object reconstruction methods [4, 12, 29, 36] while

seamlessly integrating the tactile information into an ex-

isting motion capture or estimation system to enhance the

fidelity of contact modeling and overall reconstruction qual-

ity.

To build and train such a visual-tactile framework, large-

scale datasets that capture diverse hand-object interactions

with precise tactile readings are required, especially for de-

formable objects. However, existing datasets for hand-object

interactions [3, 9, 35] only cover rigid or articulated ob-

ject manipulation and generally lack accurate tactile data.

Therefore, alongside using the public dataset (e.g. DexYCB

[3]) to benchmark on rigid objects with common baselines

[4, 6], we also introduced a new dataset, HOT dataset,

to fully benchmark our method on deformable object re-

construction. This dataset is built with ZeMa [8], a high-

precision physics-based simulation environment that sup-

ports penetration-free frictional contact modeling with finite

element method (FEM) to model the object deformation.

The HOT dataset contains 600 sequences of hand-object

interaction, with 30 deformable objects from 5 different cat-

egories and 8 camera views for each sequence.

To evaluate the method, we compare our proposed

ViTaM-D with previous state-of-the-art methods gSDF [6],

HOTrack [4] on DexYCB, and ViTaM[15] on our proposed

HOT dataset. Results show that our method significantly

improves the reconstruction performance compared to pre-

vious works. We successfully demonstrated the superiority

of our method in tracking both rigid and deformable objects.

Besides, the effectiveness of the force-aware optimization

has been validated in refining hand poses to eliminate pen-

etrations and suboptimal contact states.

Our contributions are summarized as follows:

(1) A visual-tactile learning framework, ViTaM-D. It

contains a visual dynamic tracking network for reconstruct-

ing hand-object interactions, and a force-aware optimization

process, which integrates the tactile information into recon-

struction refinement based on a novel distributed force-aware

contact representation, DF-Field.

(2) A new dataset, HOT. It contains 600 RGB-D manipu-

lation sequences on 30 deformable objects from 5 categories

with penetration-free hand-object poses and accurate tactile

information.

2. Related Work

Hand-object reconstruction has been richly studied because

it tries to recover the full details of hand-object interaction,

showing potential applicability for downstream tasks.

Research in this direction starts with static reconstruction.

Earlier works have predominantly relied on RGB inputs to

estimate hand pose and object geometry. Hasson et al. [11]

presented a method that learns hand-object interaction us-

ing synthetic RGB images with the grasp poses planned by

GraspIt! [20]. Doosti et al. [7] proposed a graph-based

network for hand-object pose estimation. Cao et al. [2]

introduced a method that operates in-the-wild, estimating

the hand pose first and optimizing the solution using a con-

tact representation. The optimization involves push and pull

terms to handle the contact, which is purely empirical. Sim-

ilarly, CPF [33, 36] employs a contact representation using

a spring-mass system, adopting an empirical approach to

refine the hand-object interaction. ArtiBoost [34] further

enhanced the performance of static hand-object reconstruc-

tion through data augmentation techniques. AlignSDF [5]

leveraged RGB inputs to estimate hand pose and combined

point cloud data for object geometry, using SDF-based de-

coders for both hand and object reconstruction.

Later, hand-object reconstruction in the dynamic setting

draws increasing attention since manipulation is naturally

dynamic. Approaches have advanced by incorporating tem-

poral information and using more complex representations.

Tekin et al. [28] adopted RNN for temporal feature fusion,

utilizing egocentric RGB video to capture dynamic hand-

object interaction and pose estimation. Hasson et al. [13]

improved dynamic reconstruction by enforcing photometric

consistency constraints. Ye et al. [37] introduced a diffu-

sion model that guides dynamic hand-object reconstruction

via score distillation sampling and differentiable rendering

techniques. Recent advances by Fan et al. [10] focused on

refining pose estimation using SDF-based representations

and volumetric rendering, improving the overall dynamic

reconstruction accuracy. Furthermore, gSDF [6] employed

transformer architectures and SDF representations to model

complex hand-object interactions dynamically.

These works focus more on visual-only inputs. How-

ever, due to occlusion between the hand and object during

the interaction, visual perception usually lacks information

near the contact areas, and such information cannot neces-

sarily be mitigated by cross-frame feature fusion. Therefore,

tactile perception comes to supplement the near-contact in-
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We discuss the difference between using keypoints or all-

hand vertices for optimization in the supplementary file.

4. ViTaM-D Method

4.1. Overview

We address the problem of 4D tracking and dynamic recon-

struction of hand-object interactions from a visual-tactile

perspective. Based on DF-Field, we propose a novel method

named ViTaM-D, which consists of two stages: visual dy-

namic tracking and force-aware optimization. We assume

that the visual input consists of a live stream of 3D point

clouds, denoted as {PC ∈ R
#×3}=

C=1
, representing hand-

object interactions derived from single-view depth images,

where # is the number of input point, = is the number of

frames. The tactile input {MC }
=
C=1

contains distributed tac-

tile sensor readings for each frame.

In the first stage, ViTaM-D uses visual input to estab-

lish flow features and dynamically reconstruct the hand and

object. Contact information is used to constrain the recon-

struction to capture global hand-object geometry. In the

second stage, tactile information is incorporated to improve

contact accuracy and reduce penetration issues based on our

proposed DF-Field. The overall pipeline is given in Fig. 3.

4.2. Visual dynamic tracking of hand and object

In the first stage, to introduce correspondence feature from

the previous frame, the visual dynamic tracking net predicts

the point cloud flow from the last to the current frame using

a flow prediction module, and extracts a fused visual feature

containing both correspondence feature and static informa-

tion. This feature is forwarded into an object decoder and

a hand decoder to reconstruct the object and hand geom-

etry, respectively. To improve global geometry accuracy,

we introduce a novel contact constraint that reasons about

object geometry based on hand reconstruction. Objects are

modeled using signed distance fields (SDF), while the hand

is represented using the MANO model [24].

Flow Prediction Module. At frame C, we first extract

the per-point features �C , �C−1 ∈ R
#×3 from PC and PC−1

using a backbone network � (·). In practice, we adopt a

simple PointNet++ [22] for feature extraction, with 3 layers

of set abstraction and 3 layers of feature propagation. Then,

we design a flow prediction network F5 (·) to predict the

point cloud flow 5C−1→C ∈ R
#×3 from frame C − 1 to C,

which contains the correspondence information between the

two frames and represents the hand movement and object

deformation:

5C−1→C = F5 (�C , �C−1,PC ,PC−1). (5)

The flow prediction module consists of several MLPs and

convolutional networks. After obtaining the point cloud flow

5C−1→C , we use another PointNet++ � ′ (·) to extract the visual

correspondence feature �
5
C from PC−1 with 5C−1→C added.

�
5
C and �C are then forwarded to a transformer fusion mod-

ule to obtain the final visual feature �E , corresponding to

the current frame’s point cloud PC . Specifically, the trans-

former fusion module first uses self-attention to encode the

point cloud features. After applying positional embedding

between the feature and its point cloud, a cross-attention

module fuses the two features and outputs �E . This fusion

strategy considers both 3D static information of the current

frame and the corresponding feature extracted from the flow.

We will discuss the detailed architecture of the flow predic-

tion module, the importance of it, and flow prediction results

in the supplementary material.

Object Decoder. The object decoder processes the final

visual feature �E in two steps: feature scattering & sampling

and SDF decoding, to predict SDF values and reconstruct

the object mesh using the Marching Cubes algorithm [19].

Following ConvOccNet [21], we scatter features into a vol-

ume of resolution �, process them with a 3D-UNet, and

predict signed distances using a 5-layer MLP.

Hand Decoder. For hand reconstruction, we use the

parametric MANO model [24], with V ∈ R
10 for shape

and \ ∈ R
51 for pose. Based on �E and the previous frame’s

point cloudPC−1, we predict hand joint positions Jℎ ∈ R
21×3

using a voting mechanism inspired by PVN3D [14]. This

involves predicting a translation offset OC ∈ R
21×3 and a

probability matrix )C−1 ∈ R
#×21 to compute:

Jℎ = OC + PC−1 × )C−1. (6)

Joint poses \ are then estimated via inverse kinematics [43],

and the hand mesh is reconstructed using the MANO layer.

Contact Constraint. In order to obtain a relatively

reasonable contact state of the reconstructed hand and object,

we use a contact constraint to better optimize the prediction

of the SDF of every sample position. Assuming we have the

contact information 2G ∈ {0, 1} of a sample position G ∈ X,

then if 2G = 1, it indicates that at this position, the object is

in contact with the hand, meaning its signed distance value

BG should be 0, and otherwise not equal to 0. Therefore, the

contact constraint should be as follows:

L� =

∑

G∈X

BG · 12G=1. (7)

If the tactile readings M can be obtained by haptic sensors,

we can locate regional tactile arraysM 9 through the hand re-

construction result, and the contact state 2G of sample points

whose distances are less than ;2 from those active tactile sen-

sors will be set to 1, otherwise 0. In the absence of access to

tactile signals, we can also use a simple network to predict

contact states, which consists of a PointNet-based classifier

with the input of sample positions and the final visual feature

�E . We will discuss the different effects of tactile readings
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Metrics IoU(%)↑ CD(mm)↓ MPJPE(mm)↓ PD(mm)↓ CIoU(%)↑

DexYCB

gSDF [6] (RGB) 86.8 13.4 14.4 8.9 31.3

HOTrack [4] 88.2 10.2 25.7 12.3 28.5

Zhang et al. [40] 88.1 10.4 15.3 10.6 30.5

Ours (w/o Force Opt.) 90.1 9.6 13.2 9.9 35.4

HOT

Zhang et al. [40] 77.9 16.8 15.6 11.9 26.8

ViTaM [15] 80.5 11.5 15.1 10.6 28.5

Ours (w/o Force Opt.) 81.0 10.9 13.6 10.7 29.8

Ours (w. CPF [33]) * * 11.9 7.8 37.5

Ours (w. TOCH [42]) * * 13.5 9.3 34.1

Ours (w. Force Opt.) * * 11.3 7.3 40.3

Table 1. Quantitative results on DexYCB and HOT datasets for previous SOTA and our method. We only compare our results on rigid

objects with the baselines. * indicates that adding hand-object refinement methods doesn’t impact the metrics on reconstructed objects.

↑ /↓ indicates higher scores/lower scores are better. Force Opt. is short for force-aware optimization.

target, add slight rotational perturbations, and set the hand

fully open. It then moves toward the target and performs the

grasp, generating a sequence of depth images, point clouds,

and tactile arrays {PC ,MC }
=
C=1

per frame.

5.2. Dataset Statistics

The HOT dataset includes objects from the YCB repository

[1], with 5-10 objects from the Bottle and Box categories.

We also add 5 Sponges, 5 Plasticines, and 5 Stuffed Toys to

evaluate large deformations. Object properties are defined

using density d, Young’s modulus � , and Poisson’s ratio

a. For Bottle and Box, d = 103:6/<3, � = 1.271GPa,

a = 0.28; for Sponges, Plasticines, and Stuffed Toys, d =

30:6/<3, � = 0.1MPa, a = 0.38. Plasticine has a yield

stress BH = 200pa.

Each object has 20 trajectories (15 training, 2 testing, 3

validation), totaling 600 sequences of 50-100 frames. Each

sequence includes point clouds from 8 camera views.

6. Experiments

6.1. Implementation Details

We use Farthest Point Sampling to downsample the input

point cloud size to # = 1024 and sample 1 × 106 positions

in space, including 2 × 105 surface points. During training,

we subsample " = 2048 for SDF prediction. The volume

scattering feature resolution � = 64. The distance threshold

in contact constraint ;2 = 3mm. Loss weights are _ 5 = 0.01,

_( = 0.5, _� = 1, and _� = 0.05.

The visual dynamic tracking net is trained on the entire

dataset with a batch size of 6, learning rate 14−4, and Adam

optimizer for 100 epochs. Fine-tuning per object category

uses a batch size of 4, learning rate 54 − 5, and 50-100

epochs. Training takes 15 hours on an Nvidia A40 GPU.

For force-aware optimization, the barrier function thresh-

old ;̂ = 2mm and the ball-query radius ' = 5mm. The

energy is minimized for 100 iterations per frame with a

learning rate of 24 − 3, taking 3.5 ± 0.5 seconds per frame.

6.2. Datasets

We use DexYCB for rigid object testing and the HOT dataset

for deformable object interactions. DexYCB validates our

method against baselines, while HOT evaluates deformation

tracking and force-aware contact modeling.

6.3. Metrics

Intersection over Union (IoU) measures mesh overlap be-

tween predictions and ground truth.

Chamfer Distance (CD) evaluates object vertex reconstruc-

tion accuracy.

Mean Per Joint Position Error (MPJPE) assesses hand

joint tracking precision.

Penetration Depth (PD) quantifies hand-object interaction

plausibility by measuring maximum hand penetration into

the object.

Hand-Object Contact Mask IoU (CIoU) validates contact

recovery by comparing contact masks (defined as distances

< 3mm) between optimized results and ground truth.

6.4. Results

For hand-object tracking evaluation, we compare our method

with state-of-the-art approaches: gSDF [6], HOTrack [4],

Zhang et al. [40], ViTaM [15], CPF [33], and TOCH [42].

We include gSDF which uses RGB images only for met-

rics references, and [40] uses depths for SDF-based object

tracking. HOTrack predicts object poses from segmented

point clouds, and ViTaM, similar to our method, takes un-

segmented point clouds and tactile arrays as input but uses
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