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Figure 1. Glove2Hand translates egocentric glove videos (a) into photorealistic, temporally consistent, bare-hand videos (b) capturing
complex interactions with non-rigid objects. The translated videos are accompanied with synchronized tactile and IMU signals (c) from
sensing gloves, which significantly enhances downstream bare hand tasks (d) by providing contact events from tactile as ground-truth for
vision-based contact estimation; and occlusion-free hand poses from IMU as ground-truth for hand tracking under severe occlusion.

Abstract

Understanding hand-object interaction (HOI) is funda-
mental to computer vision, robotics, and AR/VR. However,
conventional hand videos often lack essential physical in-
formation such as contact forces and motion signals, and
are prone to frequent occlusions. To address the challenges,
we present Glove2Hand, a framework that translates multi-
modal sensing glove HOI videos into photorealistic bare
hands, while faithfully preserving the underlying physical
interaction dynamics. We introduce a novel 3D Gaussian
hand model that ensures temporal rendering consistency.
The rendered hand is seamlessly integrated into the scene
using a diffusion-based hand restorer, which effectively han-
dles complex hand-object interactions and non-rigid defor-
mations. Leveraging Glove2Hand, we create HandSense,
the first multi-modal HOI dataset featuring glove-to-hand
videos with synchronized tactile and IMU signals. We
demonstrate that HandSense significantly enhances down-
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stream bare-hand applications, including video-based con-
tact estimation and hand tracking under severe occlusion.

1. Introduction

Understanding human hand-object interaction (HOI) is a
critical problem in computer vision, robotics, augmented
reality (AR), virtual reality (VR), and human-computer in-
teraction [6, 19, 23, 24, 30, 44, 47, 60]. One common ap-
proach is to capture egocentric videos that contain various
human hands, objects, and their interactions for developing
data-driven algorithms [ 16, 26, 46, 68]. However, most HOI
capturing systems nowadays are fundamentally limited to
vision-only modality. As a result, they i) lack the rich phys-
ical grounding of force and contact information of hands;
and ii) suffer from hand occlusion due to limited camera
views, which makes robust hand tracking difficult [21].
Several vision-based solutions have been proposed to
address the above limitations of HOI videos. For exam-


https://mlzxy.github.io/glove2hand
https://arxiv.org/abs/2603.20850v1

ple, ContactPose [4] estimates binary fingertip contact from
reconstructed mesh. But it only works with pre-scanned
rigid objects and is not capable of providing continuous
force measurements. Multi-camera studio [49] is designed
to mitigate the hand occlusion issue, but is impractical for
in-the-wild capture due to complex setup and calibration.
Recently, sensing gloves have emerged as a new wearable
device that captures various sensor modalities (e.g., IMU
[40, 65], tactile [45, 82]) and can be accompanied with ego-
centric camera devices for multi-modal data collection. Fig.
l.a shows an example of a sensing glove with full-hand
IMU and fingertip tactile sensors. Nonetheless, significant
appearance gaps between such sensing gloves and human
bare hands lead to low generalizability of vision models
trained on glove data to bare hand tasks.

To address these limitations, we propose Glove2Hand,
a generative 3D reconstruction-based video approach that
visually translates the sensing gloves in captured egocen-
tric videos to photorealistic bare hands while faithfully pre-
serving valuable IMU and tactile signals obtained from the
sensor gloves. There are two major gaps in existing work
that need to be addressed in order to achieve photo-realistic
quality videos: (1) maintaining temporal and multi-view
consistency across frames instead of focusing on only static
images [8, 43]; and (2) handling interactions with complex
objects (including non-rigid objects with unknown shapes)
instead of those with known and rigid shapes [66, 76].

Glove2Hand combines the strengths of 3D reconstruc-
tion for consistency and generative modeling for flexibility
and photo-realism. We first build a minimalist 3D Gaus-
sian hand model, which defines statistical surface distri-
butions over a learnable canonical hand mesh. The de-
sign provides a strong geometrical prior, naturally enables
relighting, and renders spatiotemporally consistent object-
free hand videos. Subsequently, unlike previous methods
that explicitly model object geometry [2, 76], we represent
objects and background in the pixel domain, allowing for
greater flexibility in handling objects with unknown or de-
formable shapes. We then train a diffusion-based hand re-
storer to seamlessly integrate the rendered hands into the
scene, refining hand-object details and overall coherence.

To demonstrate the effectiveness of Glove2Hand on en-
hancing bare-hand learning tasks, we further create a multi-
modal HOI video dataset HandSense that contains accurate
glove poses, realistically synthesized bare-hand videos, and
time-synchronized sensors including IMU and tactile sig-
nals. In particular, we design two bare-hand tasks on Hand-
Sense (Fig. 1d): Vision-based Fingertip Contact Estimation
and Hand Pose Tracking under Heavy Occlusion. We con-
duct extensive experiments to show that Glove2Hand effec-
tively enhances the model performance on both tasks for
bare hands. Our contributions are three folds:

* We propose the Glove2Hand framework for glove-to-

hand video translation, which leverages a novel 3D Gaus-
sian hand for consistent rendering, and a diffusion hand
restorer for generative refinement of hand-object details.
To our best knowledge, this is the first work to generate
photorealistic and authentic hand-object interactions from
sensor glove captures, bridging the large appearance gap
between the sensor glove and human hand.

* We evaluate the generative quality of our Glove2Hand on
our new dataset HandSense, the first HOI dataset with
synchronized bare-hand and sensor glove videos, and di-
rectly measured continuous tactile and IMU signals.

* We demonstrate the value of synthesized hand videos on
two novel applications: Vision-based contact estimation
and robust hand tracking under severe occlusion.

2. Related Work

Generative Models for Hands. Research on generating
hand imagery falls into three categories. Hand avatars [9,
11, 32, 36, 78, 80] use rendering methods like raytrac-
ing [5], NeRF [48] or Gaussian Splatting [5, 37] to offer
precise control, but typically generate only the hand without
backgrounds or interaction. Hand diffusion models [8, 43,
51, 52, 54, 58, 74] generate plausible hands within general
image synthesis pipelines, with backgrounds, but lack pre-
cise control and focus on single, low-detail, static images.
Finally, hand-object interaction synthesis [606, 72, 76]
specializes in generating close-up, static images of con-
tact, for instance by estimating grasp poses from object im-
ages [72] or rendering from pre-scanned meshes [76].

Our framework distinguishes from these approaches in
two key aspects. First, we generate dynamic videos of
hand-object interaction, capturing actions rather than the
static images produced by prior work. Second, the gener-
ated hand motions are grounded by an input glove video.
This grounding provides precise controllability, enabling
multi-modal sensor fusion and scalable data curation with-
out requiring hard-to-obtain non-rigid object meshes.
Video-to-Video Translation. Early image-to-image trans-
lation learned mappings from aligned [31] or unpaired
data [83], but cannot handle the large embodiment differ-
ences in our task. Recent video translation work [3, 10,
28, 69, 70] often relies on latent space interpolation in pre-
trained image diffusion models. In contrast, our method
learns a direct glove-to-hand video translation from un-
paired data, addressing a significant domain gap without
being constrained by a pre-trained model’s capabilities.
Video Inpainting. Video inpainting traditionally focused
on object removal and background completion, often us-
ing optical flow for temporal consistency [39, 81]. More
recent methods leverage diffusion models for language-
conditioned inpainting [18, 34, 73]. Our work is distinct in
its focus on inpainting highly detailed hand-object contact
regions, a particularly challenging sub-problem due to the
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Figure 2. Glove2Hand Training. We extract hand poses from input videos and render corresponding hand only frames using our 3D
Gaussian hand model. The rendered hands are then overlayed onto the original videos with wrist regions masked. The resulting video is
encoded into a latent space and serves as a condition for our diffusion hand restorer, which is trained to restore the original hand video.
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Figure 3. Glove2Hand Inference. We render hand only frames
using hand poses from glove videos. Prior to pasting, we erase the
glove region with an optical-flow based background inpainter [81],
and ensures object pixels remain intact during pasting. The result-
ing video is encoded and fed as input to diffusion hand restorer.

dexterity of hands and the complexity of contact physics.
Hand Datasets with Tactile Sensing. Datasets for hand-
object interaction [2, 42, 64] often estimate binary contact
from meshes [4, 12, 38]. While some provide continu-
ous force, they are often limited to flat tablets (restricting
dexterity) [, 14, 15, 79], are simulation-based [67], or are
glove-only datasets lacking visual data [33]. To our knowl-
edge, our work creates the first dataset combining sensor-
measured tactile and IMU signals with synchronized, pho-
torealistic bare-hand videos of dexterous manipulation.

3. Glove-to-Hand Framework

3.1. Problem Formulation

We define a video clip as x € RT*H*WxC ip ejther glove

domain x4 € Zjove Or hand domain x;, € Zhang. Each clip is
associated with hand poses P € RT*/>*3 hand and object
masks, My, M, € {0, 1}7*7*W forming a sample tuple
s = (x,P,M};,,M,). Let Dgiove = {5 | X € Zgiove }, OUr
objective is to learn a mapping f : Djove = Lhang that trans-
lates a glove sequence into a photorealistic hand video with-
out manual edits. We assume Zyjove and Zpang are unpaired,
where no sample correspondence exists across domains.

3.2. Method

The key challenges in realistic glove-to-hand video trans-
lation are twofold: (1) achieving temporal and multi-view

consistency, which is notoriously difficult for generative
models, and (2) modeling complex interactions with non-
rigid objects. This is further compounded by the signifi-
cant visual domain gap between the sensor glove and a bare
hand. Our core insight is that despite this appearance gap,
both the glove and hand share the same underlying articu-
lated structure, represented by the hand pose P.

This realization allows us to decompose the problem into
two more tractable subproblems: (1) transforming the glove
video into a consistent, in-air hand sequence, and (2) inte-
grating this hand sequence back into the scene while refin-
ing interaction details. Therefore, we combine the consis-
tency of a reconstruction-based hand avatar (to solve the
first subproblem) with the generative flexibility of a diffu-
sion model (to solve the second). This approach allows us
to refine complex hand-object boundary details without re-
quiring explicit 3D representations of objects or the back-
ground. Our framework is visualized in Fig. 2 and Fig. 3.

3.2.1. 3D Gaussian Hand

Hand avatar methods deterministically reconstruct 3D hand
representations and render novel views from a given hand
pose and camera pose, typically using neural rendering
techniques rather than generative sampling. However, ap-
plying existing avatar methods to our scenario presents
several challenges: (1) state-of-the-art methods often re-
quire dense, multi-view camera setups (e.g., hundreds of
views [32, 49]), whereas our egocentric headset provides
only two closely positioned cameras; (2) existing avatar
datasets are typically captured under controlled, calibrated
lighting conditions. In contrast, our egocentric scenario
features frequent and dynamic lighting changes inherent
to real-world human movement. Ignoring lighting varia-
tions leads to ambiguous reconstructions; (3) established
methods often rely on heavy, multi-stage pipelines involv-
ing NeRF or ray marching [9, 32, 36, 50]. While recent
work has explored Gaussian Splatting for hand avatars [11,
61, 78], their implementations are complex and not publicly
available. As this avatar serves as a component within our
larger framework, we prioritize simplicity and efficiency.
We therefore develop a minimalist 3D Gaussian hand model
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Figure 4. Surface-grounded and Relightable Gaussian Hand.
‘We defines Gaussians over the surface of a hand mesh, which ben-
efits from the mesh geometric priors and naturally enables lighting
estimation based on the consistent mesh surface normals.

adapted for sparse camera inputs and variable lighting.

Our design is motivated by a key insight: Canonical hand
meshes provide a strong geometric prior but lack learn-
ing flexibility, whereas Gaussian splatting is highly flexible
but lacks inherent structure. We unify these advantages by
defining 3D Gaussians directly on the canonical mesh sur-
face. This simple yet effective modification also naturally
addresses the challenge of variable lighting. The underlying
mesh provides consistent surface normals which are essen-
tial for enabling robust lighting estimation. Our two pro-
posed techniques are detailed below and illustrated in Fig 4.
Surface-Grounded Gaussians. We define Gaussians di-
rectly on mesh surfaces. For a triangle with vertices
v1, V2, V3, each Gaussian is characterized by barycentric
weights w = [w, ws,w3] where >, w; = 1, 2D scale
S = [Sg,Sy), and rotation ¢. Unlike 2DGS [29] which
defines Gaussians in 3D space with regularization to en-
courage surface formation, our method leverages a stronger
prior and directly anchors Gaussians to mesh surfaces.

During hand deformation, instead of applying linear
blend skinning to Gaussians (which can break surface in-
tegrity [77]), we transform only the mesh triangles and re-
compute Gaussians on the deformed surfaces. This lever-
ages the hand mesh’s pre-existing bone weights, avoiding
the learning of skinning weights for individual Gaussians.

Formally, given triangle vertices vy, v2, v3 in canonical
frame and v/, v4, v4 in deformed frame, we compute edges
e; = vy — vy, €3 = v3 — vy and similarly €] = v} — v],

e, = vj — v} for the deformed frame. These edges
are projected to local 2D coordinates using an orthonor-
mal basis (u,v) derived via Gram-Schmidt: u = H%H’
w, = ey — proj,(e2), v = %, yielding e; p =
(e1 -u,e; - v) and eap = (ez - u,ez - v). We point
out that any point p on the triangle can be expressed as
p = cie1,p + c2€2 p, and the coefficients ¢ = [e1, o)™

shall remain constant under deformation. This gives us
p = Meaon€ and p’ = Mgeforme for the deformed frame,

where Mcanon = [eLD;e2,D] and Meform = [ell_’D;eIQ,DL
The deformation gradient A = MdeformM(;H]{on maps point
from canonical frame to deformed frame by p’ = Ap. A
surface-grounded Gaussian can be represented by an ellipse
in quadratic form Q = RSR”. R is the 2D rotation ma-
trix for ¢ and S = diag(1/s2,1/s2). The deformed ellipse
becomes Q' = A~"TQA ™!, from which new scale s’ and
rotation ¢’ are obtained via eigen decomposition.

Each Gaussian is associated with a triangle. The adap-
tive control algorithm can be directly applied to flexibly al-
locate Gaussians—during each control cycle, we reassign
Gaussians to their closest triangles. We learn a small per-
Gaussian offset along the surface normal, ensuring overlap-
ping Gaussians do not share the same depth, thereby avoid-
ing ambiguity in point-based rendering [17]. We train these
Gaussians using only image reconstruction loss through dif-
ferentiable rendering. This hierarchical definition allows
gradients to jointly finetune the canonical mesh vertices.
Relightable Hand Gaussians. To model variable illu-
mination, we adapt the relighting framework proposed by
LumiGauss [35]. This approach learns an environment
map, represented as spherical harmonics (SH) coefficients
1 € R3*("*+1) where n is the SH order. The final color
is computed as ¢ ® SH(l,n), where c is the Gaussian’s
intrinsic color (albedo) and SH(l, n) evaluates the diffuse
lighting component given the surface normal n. However,
this method presents two limitations for our dynamic, ego-
centric setting: (1) LumiGauss assumes a single static en-
vironment map, whereas our lighting conditions change
dynamically; (2) it suffers from the well-known albedo-
illumination ambiguity. As noted in LumiGauss [35], the
learned Gaussian normals n and intrinsic colors ¢ can co-
adapt to incorrectly bake shadows into the albedo.

We address both limitations. To solve the first, we model
lighting as a dynamic function of the hand’s configuration.
We employ a small MLP to predict the SH coefficients 1
from hand pose P. This is effective because local lighting
and self-shadowing are primarily determined by the hand’s
location and articulation. To solve the second, our core de-
sign of defining Gaussians on the mesh provides a natural
solution. The surface normals n are provided by the mesh
geometry but not Gaussian, which substantially mitigates
the ambiguity. In practice, to better capture local effects,
our MLP predicts two separate environment maps, lLy,im and
Lyack, for the palm and back of the hand, respectively.

3.2.2. Diffusion Hand Restorer

Our 3D Gaussian hand renders a consistent, hand-only se-
quence from the glove video. However, naively overlaying
the render introduces several artifacts, such as implausible
object interactions like penetration or floating, as the render
is not interaction-aware; and an unnatural wrist connection,
as the arm is not modeled. Some of these artifacts are il-



lustrated in Fig. 8. Furthermore, the bulky glove’s larger
shape, when replaced by the slimmer hand, leaves visible
gaps around the hand. To address these limitations, we in-
troduce a diffusion hand restorer based on ControlNet [75]
and AnimateDiff [57], and trained on bare-hand videos. We
generate the conditional input by overlaying the rendered
hand, dilating its mask, and masking the wrist region. The
network is trained to restore the original bare-hand video
from such corrupted input, as shown in Fig. 2.
Glove-to-Hand Inference. Gloves have a different and
larger shape than hands. Therefore, overlaying a rendered
hand onto glove videos creates visible glove artifacts around
the rendered hand’s edges (illustrated in Fig. 8, columns 2-
4), and can also incorrectly occlude foreground objects. To
resolve this, we employ a glove-to-hand inference pipeline
(Fig. 3). Specifically, we first extract glove and object
masks using SAM-2 [55], prompted by bounding boxes de-
tected with Grounding DINO [41]. Next, we use the glove
mask to erase the glove region with Propainter [81], an op-
tical flow-based background inpainter. We leverage the ob-
ject mask to ensure that foreground object pixels remain in-
tact. The entire pipeline is fully automatic.

4. HandSense Dataset

To validate the effectiveness of Glove2Hand, we create
HandSense, a multi-modal HOI video dataset that contains
egocentric videos with time-synchronized sensor signals. In
particular, we recruited 5 subjects and performed two ses-
sions of data collection from each. In this first session, the
subject was asked to wear the sensing glove and complete 6
object manipulation tasks (e.g., in-hand rotation, pick-and-
place). In the second session, the subject followed the same
object manipulation protocol but didn’t wear the gloves. We
show the collected data in Figure 5 and more data collection
details in the supplementary materials.

Data Modalities. For both sensing glove and bare hand
sessions, we collect egocentric grayscale video recordings
from headset cameras. To obtain accurate 3D hand poses,
we adopt MoCap system [56, 63] with markers on the
gloves/hands. For the sensing glove session, we collected
IMU signals distributed on multiple hand phalanges, and
tactile signals located at each fingertip. Both IMU and tac-
tile signals are continuous values and time-synchronized
with egocentric videos based on the closest timestamps. For
the bare hand session, we manually annotate discrete binary
contact/no-contact labels for each fingertip when a subject
is manipulating an object. To mitigate the hand occlusion
issue, we carefully designed the instructions for subjects to
use specific fingers so that we have strong prior knowledge
about contact events.

Measured Tactile Signals and Non-rigid Objects. We
hightlight two key features that distinguish HandSense from
existing datasets. First, to our best knowledge, HandSense

Synthesized Hand Videos
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Figure 5. HandSense Dataset. HandSense provides egocentric
HOI videos collected by both sensing gloves and human bare
hands. T denotes multi-modal sensing modalities from gloves.

provides the first continuous, sensor-measured tactile sig-
nals synchronized with bare-hand HOI videos. In contrast,
datasets like H20 [38] and ARCTIC [12] provide only bi-
nary, post-processed contact labels, which are estimated
from hand and rigid object poses rather than measured. Sec-
ond, HandSense features interactions with diverse object
categories, including deformable (e.g., squishy toys) and ar-
ticulated items (e.g., detachable lids), unlike prior methods
that are often limited to pre-scanned, rigid objects.

With HandSense dataset, we demonstrate the value of
Glove2Hand in two bare-hand applications: i) video-based
contact estimation, benefited from tactile signals by sensing
gloves as annotation-free ground truth, and ii) robust hand
tracking under occlusion that augments estimated hand
poses in occluded scenarios using IMU signals as pseudo
ground-truth. The objective of both tasks is to facilitate
deeper physical understanding of hand-object interaction
based on sensor signals from gloves. We show more de-
tailed experiment setups and results in Section 5.2.

5. Experiments

We design our experiments to answer three key questions:

1. How realistic are the hand-object interaction (HOI)
videos generated by our Glove2Hand framework?

2. What is the contribution of each component of our pro-
posed framework to the final generation quality?

3. What is the value of our generated HOI data with syn-
chronized sensor signals, for bare hand applications?

To address the first, we evaluate our framework on Hand-
Sense using quantitative metrics and human evaluation.
Second, we conduct ablations on each component. For the
third, we demonstrate our data’s value in video-based con-
tact estimation and hand tracking under heavy occlusion.
Sensing Glove. Our sensing glove includes one tactile sen-
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Figure 6. Qualitative Comparison for Glove-to-Hand. Our Glove2Hand produces photorealistic hands with clean object contact. In
contrast, existing methods generate blurry results, or suffer from strong visual artifacts, unrealistic textures, and inconsistent lighting. The
bottom row demonstrates the high generalization of Glove2Hand to unseen subjects, objects, and backgrounds. For a fair comparison,
Pix2Pix, BrushNet, and HandRefiner were retrained on our dataset using the same inputs and HOI masks as our method (Fig. 2 and Fig. 3).

Method FID|, FVD| FVD-long|
Vanilla Glove 74.9 38.3 45.5
InpaintAnything* [73]  63.6 32.7 39.6
FoundHand* [8] 82.2 479 50.5
VideoPainter* [3] 72.2 35.7 422
CycleGAN [83] 63.6 30.8 374
Pix2Pix [31] 38.6 24.7 314
BrushNet [34] 37.9 34.5 40.4
HandRefiner [43] 35.5 24.2 29.7
Glove2Hand (Ours) 30.1 19.5 24.5

Table 1. Evaluation for Glove-to-Hand Video Translation. We
evaluate Glove2Hand on HandSense dataset with FID, FVD (2-
sec. clips), and FVD-long (on 10-30 sec. clips). (*) denotes meth-
ods evaluated off-the-shelf without fine-tuning on HandSense.

sor per fingertip which produces one channel of continuous
force values, and twelve 6-DoF IMU sensors distributed on
the full hand for tracking hand pose. We provide more de-
tails of the glove configurations in the Supplementary.

5.1. Video Quality Evaluation

Setup. We train our framework on the HOT3D [2] and
HandSense datasets, and evaluate on the testing split of
HandSense. We firstly optimize a 3D Gaussian hand model
for each subject. The subject-specific models are then
frozen while training the single diffusion restorer. We per-
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Figure 7. Human Evaluation Results . Our study compares the
synthesized videos by Glove2Hand with real hand videos across
four metrics (N=number of answers). The average of score dis-
tribution for our synthesized hands are close to real hands, with a
max gap of 0.51. This gap (lower is better) is small relative to the
1.0 distance between adjacent categories, showing high realism.

form same-subject glove-to-hand translation by using the
corresponding 3D Gaussian hand. We measure realism
against real hand videos using Fréchet Inception Distance
(FID) [25] (clean-fid [53]) for image quality and Fréchet
Video Distance (FVD) [62] (cd-fvd [13]) for video fidelity.
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Figure 8. Qualitative Ablations. Our surface-grounded Gaussian reconstructs coherent hand geometry and appearance compared to
2DGS [29]. Adding the relightable Gaussian improves shading. The diffusion hand restorer further enhances skin texture, connects the
wrist, and removes visual artifacts. Finally, glove removal and object masks eliminate glove artifacts and refine the hand-object boundary.

Results. We present quantitative and qualitative compar-
isons in Tab. 1 and Fig. 6. Glove2Hand significantly out-
performs existing generative and vidoe inpainting baselines
in both FID and FVD metrics. We omit some baselines from
Fig. 6 as they fail on glove-to-hand translation by returning
the input gloves largely unchanged. Compared to diffusion-
only methods like HandRefiner [43], our 3D Gaussian rep-
resentation synthesizes finer geometry and texture.
Human Evaluation. We conduct a user study to assess the
realism of our generated hand-object interaction videos. We
recruited five participants and presented them with a mix of
our generated and real hand videos. For each sample, sub-
jects answered questions regarding hand realism, the plau-
sibility of the hand-object interaction, temporal consistency
(e.g., identity preservation), the presence of visual artifacts,
and hand motion stability. Each participant evaluated ap-
proximately over 40 images and 40 videos. We visualize
the aggregated response distributions in Fig. 7. The results
demonstrate that our generated videos achieve a high de-
gree of realism, approaching the scores of real videos. No-
tably, for still images, participant responses indicate that our
generated hands are nearly indistinguishable from real ones.
We provide further details in the Supplementary.

Ablation Studies. We present quantitative and qualitative
ablation studies in Tab. 2 and Fig. 8, respectively. The
quantitative results show that each component incremen-
tally improves image fidelity (FID). While we observe mi-
nor FVD fluctuations, the qualitative results in Fig. 8 clearly
demonstrate the distinct and necessary contribution of each
module. Specifically, our surface-grounded and relightable
3D Gaussian hand establishes a realistic, geometrically-
accurate foundation. The Diffusion Hand Restorer builds
upon this, fine-tuning skin textures, generating a natural
wrist, and refining hand-object boundaries. The glove re-
moval module is critical for eliminating visual artifacts from
the input sensor glove, and the object mask is essential for
preserving fine-grained contact details.

Configuration FID| FVD| FVD-long|
2DGS [29] 91.1 50 62.9
+Surface Grounding  60.3 35.1 46.6
+Relightable 56.7 30.7 40.2
+Diffusion 32.3 19.8 22.7
+Glove Removal 31.2 20.9 25
+Object Mask 30.1 19.5 24.5

Table 2. Ablation Results. We perform an incremental abla-
tion study to evaluate the contribution of each proposed compo-
nent. The results demonstrate that our components work cohe-
sively, with each addition progressively improving the final per-
formance. Surface grounding and the diffusion yield the most sig-
nificant gains. Qualitative ablations are presented in Fig. 8.
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Figure 9. Glove-to-Hand (different subjects). We customize the
output hand identity by training a 3D Gaussian hand per-subject,
while sharing the diffusion hand restorer. The figure shows glove
inputs (left) and the translated hand of different subjects (right).

5.2. Bare-Hand Applications

5.2.1. Vision-based Contact Estimation

Setup. Estimating hand-object contact from vision is chal-
lenging, and there is a lack of large-scale, accurately-



Method Contact IoU (%) Precision (%) Recall (%)
PressureVision++ [14] 0.8 62.5 0.9
Glove only 71.5 82.8 83.9
Ours G2H only 75.6 90.6 82
Hand only 85.3 90 94.2
Hand+G2H 88.2 92.6 94.9

Table 3. Results on Contact Estimation. We train video contact
estimator on glove-to-hand (G2H) videos, and evaluate on real,
manually-annotated videos using Contact IoU [15], Precision, and
Recall. Training on G2H videos significantly outperforms the
glove ones. Combining real and G2H data yields the best result.
G2H contact labels are automatically derived from tactile signals.
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Figure 10. Contact Estimation Example. The model trained with
only manually-annotated real hand data ( ) produces noisy
and unstable predictions. In contrast, adding our glove-to-hand
(G2H) data (blue) results in stable and accurate contact estimation.

labeled data. Existing methods like PressureVision [14, 15]
capture contact on planar surfaces [1], but this setup is
insufficient for dexterous hand-object interactions. Our
Glove2Hand framework addresses this by generating real-
istic hand videos with synchronized tactile signals, which
serve as dense ground-truth contact labels. We leverage this
data to train a video-based contact estimator. The model
takes a 32-frame clip as input and predicts binary contact
states for each fingertip at each frame, yielding an output of
size R32%5. The architecture uses a frozen DINOv3 back-
bone [59] fine-tuned with LoRA [27]. We apply four tem-
poral attention layers over the [CLS] tokens, followed by
a linear classifier to predict contact logits. The model is
trained on a combination of real hand videos and our gener-
ated glove-to-hand videos. Real hand videos are manually
annotated, while ground-truth for our generated videos is
obtained by thresholding the tactile signals.

Results. We evaluate all models on a held-out test set of
manually annotated real hand videos in Tab. 3 with using
Contact IoU [14], precision, and recall. A model trained
on the translated videos significantly outperforms the one
trained on the original glove videos, while combining our
data with real videos yields the best performance. This val-
idates our framework as a data curation engine and provides
strong evidence for the generation quality.

5.2.2. Hand Tracking under Heavy Occlusion

Estimating hand pose during object interaction is critical,
yet existing methods are frequently limited by self- and

GT Pose UmeTrack Ours

Input Image

Figure 11. Hand Tracking Visualization. UmeTrack struggles
with occlusions, our model, finetuned on our synthesized videos
with IMU tracking annotation, robustly tracks the occluded hand.

Method MKPE | MKPE.T |
Occlusion Overall Occlusion Overall
UmeTrack [22] 19.2 19.5 10.8 9.8
UmeTrack + Glove 27.2 26.5 11.5 11.2
UmeTrack + G2H (Ours) 16.6 17.8 9.9 94

Table 4. Results on Hand Tracking. We directly evaluate Ume-
Track on HandSense and finetune it with IMU tracking results
as ground-truth. Finetuning with Glove2Hand videos improves
tracking accuracy over UmeTrack, especially for occluded cases
as IMU sensors are robust to camera occlusion. In contrast, train-
ing on glove data degrades performance due to the domain gap.

object-occlusion. A key barrier is the difficulty of acquir-
ing ground-truth pose annotations in such occluded sce-
narios [7, 21]. We address this by leveraging on-glove
IMU sensors. They provide accurate, vision-free joint mea-
surements, enabling occluded pose capture without multi-
camera studios which is suitable for in-the-wild recording.
To evaluate, we finetune UmeTrack [22], a strong egocen-
tric hand tracker, on our HandSense dataset using IMU-
derived poses. We report the mean keypoint position error
(MKPE) in mm, on a held-out test set of real videos with
poses captured in a multi-camera MoCap system as ground
truth. As shown in Tab. 4, finetuning with our glove-to-hand
data significantly improves tracking accuracy, particularly
in occluded cases (19.2 mm — 16.6 mm). Conversely, naive
training on raw glove data degrades performance (19.5 mm
— 26.5 mm), confirming a large domain gap. These re-
sults show that our framework can leverage IMU sensing to
achieve robust hand pose tracking under severe occlusion.

6. Conclusion

We present the Glove2Hand framework for synthesizing
photorealistic bare-hand videos from sensor-glove videos,
capable of handling complex object interactions while pre-
serving synchronization with multi-modal sensor signals.
Leveraging Glove2Hand, we construct HandSense, the first
multi-modal HOI dataset and demonstrate its effectiveness
in significantly enhancing bare-hand applications. We be-
lieve our work enables more physically grounded and real-
istic analysis of hand-object interactions, benefiting broader
applications in the computer vision community.
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Appendix

In this appendix, we first introduce our sensing glove con-
figuration. Next, we outline the data collection protocol
for the HandSense dataset. We then detail the our user
study process. Finally, we provide implementation details
regarding the training and inference of the Glove2Hand
framework. Fig. 15 provides additional qualitative compar-
ison with existing work. Please refer to the supplementary
video glove2hand-visualization.mp4 for visual-
izations of synthesized hand-object interactions.

A. Sensing Glove Configuration

Although Glove2Hand is general to handle various sensor
glove design, the glove chosen in this paper is our research
platform designed for advanced hand sensing, tracking, and
haptic feedback in AR/VR/MR applications. It features 12
IMUs for detailed hand pose estimation and 5 capacitive
tactile sensors on the fingertips for touch and pressure detec-
tion, supporting microgestures and interactions with phys-
ical objects. The glove streams sensor data at high fram-
erates suitable for real-time gesture recognition and hand
tracking. More detailed information about the glove config-
uration will be shared upon acceptance of the paper to com-
ply with the anonymity requirements of the double-blind
review.

B. HandSense Data Collection

We collect data spanning six hand-object interaction tasks,
summarized in Table 5.

The object set includes ten items: a mouse, phone, soda
can, marker pen, piano key, squishy toy, cube, mug, table
surface, and mustard bottle. For each subject, we record
paired sessions—one wearing the tactile glove and one with
a bare hand—using identical object configurations and task
instructions. Data acquisition consists of 2—-5 minute seg-
ments per task. Within each segment, subjects perform re-
peated trials while varying finger usage and grasp types.
Prior to recording, retro-reflective markers are affixed to
the dorsal surface of the subject’s hand (or glove) to en-
able ground truth pose tracking via an optical motion cap-
ture system. We compare HandSense with other datasets
with contact label in Tab. 6.

C. Human Evaluation Details

We recruited five participants to evaluate the perceptual
quality of our synthesized imagery. Each participant com-
pleted a 45-minute session, evaluating approximately 40
images and 40 videos. The evaluation protocol uses a 5-
point Likert scale (with 1.0 intervals) to assess hand real-
ism, hand-object interaction (HOI) realism, motion stabil-
ity, identity consistency, and visual artifacts. The complete
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questionnaire is detailed in Fig. 14. Representative samples

for different rating categories are shown in Fig. 12. Our

user study was conducted under a protocol approved by the

Institutional Review Board (IRB). All participants provided

informed consent.

Evaluation Protocols. We evaluate Glove2Hand across

three distinct scenarios to assess generalization capabilities:

1. In-Domain: Glove and bare hand identities match (Sub-
ject A’s glove — Subject A’s bare hand). The subject,
background, and objects were seen during training. This
setup validates the method’s capacity for controlled data
generation.

2. Cross-Subject: Glove and bare hand identities differ
(Subject A’s glove — Subject B’s bare hand). The envi-
ronment is seen, but the target hand morphology is syn-
thesized from a different source subject.

3. In-the-Wild: A fully unseen setting where subjects, ob-
jects, and backgrounds were not present in the training
set. This represents the most challenging scenario for
scalable data collection.

During evaluation, samples from these three groups are
randomly interleaved with real ground-truth data in a blind
study design. This establishes a high-quality reference an-
chor (upper bound) for the ratings.

Results. Table 7 reports the Mean Opinion Score (MOS)
and the perceptual gap (difference) between synthesized
and real data. Higher MOS indicates better quality, while
a lower gap indicates higher fidelity to the ground truth.
We observe that Glove2Hand achieves high fidelity in con-
trolled settings (In-Domain and Cross-Subject), making it
suitable for large-scale data curation. While performance
degrades in the challenging In-the-Wild setting, the results
remain respectable. We hypothesize that scaling the training
dataset size and improving HOI segmentation masks will
further bridge the domain gap.

D. Glove2Hand Details

HOI Segmentation Masks. To generate segmentation
masks for hands and interacting objects, we implement
a pipeline leveraging Grounding DINO [41] and SAM-
2 [55]. First, we detect potential objects using Grounding
DINO. To identify the specific object being manipulated,
we compute the Intersection-over-Union (IoU) between the
detected object bounding boxes and the rasterized projec-
tion of the fitted hand mesh. The object with the highest
IoU (surpassing a valid threshold) is selected as the box
prompt for SAM-2. For hand segmentation, we detect the
full arm using Grounding DINO and use the resulting box to
prompt SAM-2. To ensure temporal consistency, we initial-
ize SAM-2 with prompts on a single reference frame and
propagate the masks. Finally, the specific hand or glove
mask is obtained by cropping the full arm mask using the



Table 5. List of interaction tasks and exemplar instructions used during data collection.

Task Exemplar Instruction
1. Bottle Opening “Open the mustard bottle using only your index finger and thumb.”
2. Object Rotation “Hold the object with index, thumb, and middle fingers; rotate it in front of you.”
3. Piano Keystroke “Press different piano keys sequentially using only your ring finger.”
4. Pick-and-Place “Pick up the object using a whole-hand grasp and place it on the table.”
5. Surface Interaction  “Press and slide your index finger firmly against the table surface.”
6. In-Hand Rotation “Rotate the object within your hand, maximizing finger contact and occlusion.”
Dataset Images Subjects/Objects Pose Contact
H20 [38] 572K 4/8 Optim. Estim.
ARCTIC [12] 2.1M 10/ 11 MoCap Estim.
HO-Cap [64] 699K 9/64 Optim. -
HOI4D [42] 2.4M 4 /800 Manual -
HOT3D [2] 3.7M 19/33 MoCap
HandSense (Ours) 200K 5/10 MoCap Measured.

Table 6. Datasets with Contact Labels. HandSense is the first HOI video dataset to provide direct, sensor-measured contact.

bounding box of the projected hand mesh.

Pose Optimization. While we utilize an optical motion
capture system, the ground truth hand pose P may exhibit
inaccuracies due to marker occlusion or synchronization la-
tency during rapid motion. To mitigate this, we introduce a
learnable per-frame pose refinement term AP. This offset
is optimized jointly with the Gaussian parameters during the
reconstruction phase, following the camera pose optimiza-
tion strategy in gsplat [71]. We empirically find this re-
finement significantly reduces artifacts in the reconstructed
Gaussian hand. Note that AP is not used during the subse-
quent training of the diffusion restorer.

Gaussian Parameterization. We anchor the 3D Gaussians
to the mesh surface using barycentric coordinates. During
optimization, we learn the unnormalized barycentric logits
rather than the weights directly to ensure valid constraints.
Additionally, we learn a scalar offset along the surface nor-
mal. This offset is parameterized via a sigmoid activa-
tion scaled by a hyper-parameter zp,x, ensuring the Gaus-
sians remain tightly grounded to the underlying geometry.
Each subject-specific Gaussian model is trained on approx-
imately 10 minutes of egocentric hand-only videos.

Auxiliary Training Data (HOT3D). We incorporate the
HOT3D dataset [2] to augment the training of the Diffusion
Hand Restorer. Unlike our primary subjects, we do not train
3D Gaussian models for HOT3D sequences. Instead, we
employ a 2D self-supervised strategy: we crop out the hand
region with a dilated (larger) hand mask, and mask out the
wrist region before overlaying the original hand pixels onto
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the background. This creates videos of missing wrist de-
tails and hand-object boundary. The diffusion model is then
trained to restore these corrupted regions (i.e., inpainting
the hand-object boundary and wrist), allowing us to lever-
age large-scale data without expensive 3D reconstruction.

Training and Inference Efficiency. All models are trained
on NVIDIA A100 (80GB) GPUs. We crop hand regions
from the raw headset footage at a resolution of 250 x 250.
These crops are upsampled to 512 x 512 to satisfy the input
constraints of the diffusion restorer’s VAE. Furthermore,
prior to training the 3D Gaussian hand model, we rectify
the images and camera parameters to convert the raw fish-
eye distortion into a standard pinhole camera model. For
the 3D Gaussian hand, we train each subject-specific model
for 120k iterations (~12 hours), though varying the sched-
ule shows convergence at ~6 hours. Rendering speed is
approximately 50 FPS without custom CUDA kernel opti-
mization. For the diffusion hand restorer, training proceeds
in two stages. First, the image-based restorer is trained for
60k iterations. Second, we insert AnimateDiff [20] motion
adapters and fine-tune on 22-frame video clips for an ad-
ditional 60k iterations. The total training time is approxi-
mately 72 hours. For long-video generation, we apply the
temporal sliding window strategy from DiffuEraser [39] to
ensure consistency. The inference speed is approximately
0.5 FPS.



Unrealistic Neutral Realistic

Figure 12. Qualitative Examples of User Ratings. Samples rated as “Realistic” or “Very Realistic” are perceptually indistinguishable
from real hands. “Neutral” samples generally exhibit valid geometry and interaction plausibility but may lack skin details. “Unrealistic”
samples typically display unnatural hand-object boundary or non-negligible visual artifacts.

Mean Opinion Score 1/ Gap to Real |
In-Domain  Cross-Subject In-the-Wild
Hand Realism 4.04/0.02 3.67/0.39 2.68/1.37

Metric

Image HOI Realism 4.06/0.01  3.51/0.56 2.61/1.46
Hand Realism 3.83/0.51  3.65/0.69 2.69/1.65
HOI Realism 396/035  3.78/0.53 2.84/1.47

Video Motion Stability 3.64/0.50 3.37/0.77 2.54/1.60
Identity Consistency  2.70/0.26 2.54/0.43 2.20/0.79
Visual Artifacts 3.22/0.51 3.00/0.73 2.19/1.53

Table 7. Human Evaluation Results. We report the Mean Opinion Score (MOS) and the perceptual gap relative to real data (Gap).
In-Domain synthesis achieves performance near ground truth (Gap < 0.05 for images). Cross-Subject synthesis maintains high efficacy
with gaps consistently below 1.0. In-the-Wild performance reflects the expected challenge of unseen environments but remains within a
reasonable qualitative range.
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. . lighting).
Image and Video Viewer .
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orecel - Questions
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Q2: Interaction Realism (HOI)

Please rate the realism of the
interaction between the hand and the
object (e.g., grip, contact, physics).
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(1) Very Unrealistic
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Figure 13. Human Evaluation Interface. Participants view a randomly sampled image or video and rate it against specific criteria before
proceeding.

Per-Image Assessment
Q1: Hand Realism: Rate the visual realism of the hand (shape, skin texture, lighting). (1) Very Unrealistic (2) Unrealistic (3) Neu-
tral (4) Realistic (5) Very Realistic

Q2: HOI Realism: Rate the plausibility of the interaction (grip, contact, physics). (1) Very Unrealistic (2) Unrealistic (3) Neutral
(4) Realistic (5) Very Realistic

Per-Video Assessment
Q3: Hand Realism: Rate the visual realism of the hand. (1) Very Unrealistic (2) Unrealistic (3) Neutral (4) Realistic (5) Very
Realistic

Q4: HOI Realism: Rate the plausibility of the interaction. (1) Very Unrealistic (2) Unrealistic (3) Neutral (4) Realistic (5) Very
Realistic

Q5: Motion Stability: Rate the temporal smoothness of the hand motion. (1) Very Unstable (2) Unstable (3) Neutral (4) Stable
(5) Very Stable

Q6: Identity Consistency: How consistent is the hand’s appearance (shape/size) over time?
(1) Significant unnatural changes.
(2) Slight unnatural changes.
(3) Consistent appearance.
(4) (Unsure)

Q7: Visual Artifacts: Are there distracting visual artifacts (blur, flickering, texture issues)?
(1) Frequent/Severe artifacts.
(2) Noticeable artifacts.
(3) Minor artifacts.
(4) No artifacts observed.

Figure 14. Human Evaluation Questionnaire.
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Figure 15. Additional Qualitative Comparison for Glove-to-Hand.
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