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Abstract
Accurate and robust 3D hand pose estimation (HPE) plays a crucial
role in human-computer interaction. Existing 3D HPE solutions
predominantly rely on vision-based or inertial measurement units
(IMUs)-based methods. Vision-based methods benefit from rich
appearance information for high-accuracy HPE but are sensitive to
field of view (FoV), occlusion, motion blur and lighting. IMU-based
methods can operate immune to optical sensitivity and FoV con-
straints but remain vulnerable to cumulative integration errors and
drift. Given their complementary strengths, combining dual modal-
ities offers a promising direction for HPE in complex environments.
However, the lack of large-scale visual-inertial datasets has limited
progress in this area. In this paper, we construct VIHand, the first
large-scale glove-worn dataset for visual-inertial HPE, comprising
over 1.4 million synchronized RGB-D and IMU frames from 15 sub-
jects. It enables comprehensive research in HPE tasks, such as mul-
timodal fusion and cross-modal knowledge transfer. Building on VI-
Hand, we propose visual-inertial fusion network (VIFNet) for dual-
modalities estimation, and its distilled student model (VIFNet-S) for
IMU-only evaluation. Experimental results reveal that integrating
visual and inertial modalities significantly improves the accuracy
and robustness of 3D HPE, particularly under occlusion and motion
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blur. In IMU-only inference even sparse IMU configurations, models
distilled from visual-inertial supervision achieve substantial perfor-
mance gains, enabling robust HPE for challenging optical sensitive
scenarios. Our dataset and supplementary materials are available
on the project website: https://shirley0118.github.io/VIHand.
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1 Introduction
3D Hand Pose Estimation (HPE) technology holds significant po-
tential for a wide range of applications (HCI), including augmented
reality (AR) [41], virtual reality (VR) [48], and human-computer
interaction (HCI) [47]. For successful deployment in these domains,
3D HPE approaches must achieve precise estimation, real-time
performance, and exhibit robustness under diverse environments.

Existing 3D HPE solutions predominantly rely on vision-based
or inertial measurement units (IMUs)-based approaches. Vision-
based approaches estimate hand shape and pose from monocular
or multiple RGB [11, 20, 33, 36, 37, 44], depth [14–16, 39] or RGB-D
[34, 45, 58] cameras. Although accuracy has improved significantly
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in recent years, they remain limited by field-of-view (FoV) con-
straints and are susceptible to occlusion, motion blur, and varying
illumination. In contrast, by directly capturing hand motion signals,
IMU-based approaches can operate immune to optical sensitivity
and FoV constraints [1, 4, 19, 27]. However, they remain vulnerable
to cumulative integration errors, magnetic interference, and sig-
nificant drift. Overall, vision-based approaches encounter privacy
concerns and struggle with the range of hand motions. IMU-based
techniques fall short in achieving high accurate hand reconstruction.
These limitations compromise the robustness and generalizability
of mono-modal methods.
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Figure 1: An overview of the VIHand benchmark.

In fact, visual and IMUmodalities are highly complementary. The
former captures rich appearance details, such as texture, contour,
shape, etc. IMU provides 3D dynamic hand motion information,
including joint rotation, acceleration, and velocity variations. By
fusing dual modalities, vision compensates for the lack of semantic
richness of IMU, while IMU addresses the optical limitations of vi-
sion, thereby enhancing the robustness and generalizability of HPE.
However, existing large-scale HPE datasets primarily concentrate
on visual modality, while no public visual-inertial datasets for ges-
ture interaction tasks are available, which limits the development
of this field.

In this paper, we propose VIHand, a large-scale visual-inertial
dataset with accurate 3D hand joint coordinates and MANO pa-
rameters annotations, as illustrated in Fig. 1 (left). To the best of
our knowledge, it is the first extensive worn-glove visual-inertial
dataset, which contains over 1.4 million multimodal frames from 15
subjects, comprising awide range of complex gestures. VIHand aims
to fill a critical gap in current research on multimodal HPE. With
its rich time-synchronized visual-inertial data and high-quality an-
notations, VIHand enables comprehensive research in HPE tasks,
including multimodal fusion, cross-modal knowledge transfer and
cross-modal data generation, etc. It provides a solid foundation for
advancing modality compensation and uni-modal enhancement in
real-world applications.

Building on VIHand, we construct two benchmarks to explore the
potential of visual-inertial integration for enhancing 3D hand pose
estimation, as shown in Fig.1 (right). We first introduce VIFNet, a fu-
sion framework that integrates appearance features from RGB with
3D kinematics features from IMU signals. This multimodal strategy
significantly improves estimation performance under challenging
occlusion, motion blur, and lighting variation. To demonstrate the
effectiveness of cross-modal knowledge distillation, we propose a
student framework, VIFNet-S for IMU-only HPE. Guided by the

VIFNet through semantic supervision, VIFNet-S achieves high esti-
mation accuracy only with IMU, offering a practical and lightweight
solution for wearable IMU-based HPE in real-world applications.
In summary, our contributions are summarized as follows:

• We construct VIHand, the first large-scale visual-inertial
dataset for 3D HPE, containing over 1.4 million RGB-D and
IMU frames with accurate 3D joint and MANO annotations.
It enables multimodal fusion, and cross-modal knowledge
distillation for enhancing HPE in multiple scenarios.

• We propose benchmarks for multimodal fusion and cross-
modal knowledge distillation on VIHand. VIFNet fuses RGB
and IMU data to enhance hand pose estimation. VIFNet-S
distills knowledge from VIFNet into an IMU-only student
model, achieving high accuracy even with sparse IMU.

• Webenchmark state-of-the-artmodels on the VIHand dataset,
highlighting the challenges posed by complex self-occlusion
scenarios to current methodologies. Experimental results
demonstrate the effectiveness ofmultimodal fusion and cross-
modal knowledge distillation in enhancing HPE.

2 Related Works
2.1 Visual-based Methods
Visual-based methods aim to estimate hand pose from appearance
or geometric information. These methods are commonly catego-
rized into RGB-based methods [11, 20, 36, 37, 44] and depth-based
methods [14–16, 39]. This paper focuses on RGB-based methods.
Early works [26, 44, 53, 55, 56] predominantly adopt a skeleton
regression paradigm, directly predicting 3D joint locations from
single RGB images. More recent efforts have shifted towards MANO
model-based [2, 28, 29, 36, 37] and mesh-based approaches [6–8].
Despite strong performance on existing datasets, visual-based meth-
ods still face limitations in real-world scenarios: (1) the restrictive
FoV; and (2) appearance-based models are highly sensitive to oc-
clusion, lighting, motion blur, and background clutter. These chal-
lenges limit their generalization and robustness in natural human
interaction and dynamic environments.

2.2 IMU-based Methods
As an alternative to vision-based approaches, IMU-based methods
have gradually gained attention due to their inherent portability
and robustness to visual constraints [10]. Early IMU-based studies
primarily focused on gesture recognition [9, 21, 60] and motion tra-
jectory tracking tasks [24, 25]. Subsequently, some researchers ex-
plored dense configurations (10–18 IMUs) for 3D HPE [1, 4, 19, 27],
achieving strong robustness under occlusion in VR/AR and rehabil-
itation settings. Although dense IMU configurations can provide
more accurate estimation, they are typically accompanied by issues
such as inconvenient wearing and bulky hardware, which hinder
their practicality in daily use. To improve portability, recent studies
have explored sparse IMU on full body [35, 59, 62] and hand pose
estimation [43, 46, 51, 63]. For instance, Shen et al. [43] reported a
13.3 cm wrist position error using single wrist-mounted IMU, while
LimbMotion [63] further reduced the error to 8.9 cm by introducing
acoustic ranging. Although these approaches demonstrate the fea-
sibility of 3D HPE with sparse setups, IMU-based methods still face
key limitations: (1) they often suffer from high prediction errors;
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Table 1: Comparison of existing 3D HPE datasets and VIHand. For the RGB-D datasets, we report their RGB resolution. To
count the number of images, we consider images from multi-view at the same time step as different ones.

Dataset Accessible Data Modality Metadata Annotations

RGB Depth IMU Type Resolution Subjects Frames Method Joint Coord MANO

ICVL [48] ✓ ✗ ✓ ✗ real 320×240 10 18K track ✓ ✗

NYU [49] ✓ ✗ ✓ ✗ real 640×480 2 243K track ✓ ✗

STB [61] ✓ ✓ ✓ ✗ real 640×480 1 36K manual ✓ ✗

RHD [64] ✓ ✓ ✓ ✗ syn 320×320 20 44K synthetic ✓ ✗

HO-3D [18] ✓ ✓ ✗ ✗ real 640×480 10 78K automatic ✓ ✗

FreiHAND [65] ✓ ✓ ✗ ✗ real 224×224 32 134K semi-auto. ✓ ✓

InterHand2.6M [32] ✓ ✓ ✗ ✗ real 512×334 27 2.6M semi-auto. ✓ ✓

RGB2Hands [50] ✓ ✓ ✓ ✗ real 640×480 2 108K manual ✓ ✓

DexYCB [5] ✓ ✓ ✓ ✗ real 640×480 10 582K manual ✓ ✓

H2O [23] ✓ ✓ ✓ ✗ real 1280×720 4 571K automatic ✓ ✓

OakInk [54] ✓ ✓ ✓ ✗ real 848×480 12 230K manual ✓ ✓

Re:InterHand [31] ✓ ✓ ✗ ✗ real 1024×668 10 1.5M semi-auto. ✓ ✓

Kortier et al. [22] ✗ ✗ ✗ ✓ real N/A N/A N/A marker ✓ ✗

Yang et al. [57] ✗ ✗ ✗ ✓ real N/A N/A N/A marker ✓ ✗

HANDMI4 [30] ✓ ✗ ✗ ✓ real N/A 20 N/A marker ✓ ✗

VIHand ✓ ✓ ✓ ✓ real 1280×720 15 1.4M semi-auto. ✓ ✓

(2) most approaches estimate only wrist or fingertip positions, lack-
ing precise full hand articulation; and (3) signal integration errors
accumulate and are highly sensitive to magnetic interference [38].

2.3 3D Hand Pose Estimation Datasets
In 3D HPE, learning-based methods heavily rely on large-scale
datasets that capture diverse real-world scenarios [12]. Most exist-
ing public datasets [3, 5, 13, 18, 23, 32, 48, 49, 52, 65] primarily focus
on visual modalities. IMU-based methods have traditionally relied
on handcrafted motion models and integration techniques such as
Kalman filters, which reduce the need for large-scale annotated
datasets, presenting a major bottleneck for advancing multimodal
HPE research. Table 1 shows specification of existing 3D hand pose
datasets and VIHand. Early datasets comprise depth-maps [48, 49]
motivated by the Kinect device. For more practical applications,
STB [61] introduced RGB images with simple hand poses, but the
diversity and scale of the dataset is limited. RHD [64] addressed
scalability by generating a fully synthetic dataset with broader
pose coverage, yet domain gaps hinder real-world applicability.
More recent datasets, including FreiHAND [65], HO-3D [18], Inter-
Hand2.6M [32], ContactPose [3], and DexYCB [5], provide multi-
view images and high-precision 3D annotations, capturing realistic
hand deformations and object interactions.

Despite these improvements, vision-based datasets remain lim-
ited by the camera’s FoV and intrinsic weaknesses of visual sensing,
hindering robustmodeling in complex, realistic scenarios. Moreover,
those dataset solely focus on bare-hand, overlooking glove-worn
conditions commonly encountered in practice. Our dataset aims to
fill the gap. In this paper, we present VIHand, a large-scale, multi-
modal, and high-fidelity dataset for 3DHPE. VIHand synchronously
captures RGB, depth, and IMU data. Each sample includes accu-
rate 3D hand joint coordinates and MANO parameters to support
high-resolution pose modeling. It also covers both bare-hand and

glove-worn interactions, aligning more closely with real-world
usage scenarios.

3 VIHand Dataset
3.1 Data Capture
Acquisition Setup. VIHand was collected using a multi-sensor
platform (Fig. 2), consisting of five Intel RealSense D415i cameras
and a data glove equipped with 7 IMU sensors. Specifically, 5 cam-
eras were placed at diverse viewpoints around the hand to syn-
chronously capture high-resolution RGB-D stream at 1280×720
resolution and 30 FPS. The multi-camera system was calibrated
using a 3D calibration target [17], with a pixel-wise RMS reprojec-
tion error between 0.42 and 0.48 pixels. To enrich illumination and
simulate diverse lighting conditions, four external lights were also
deployed. 7 IMUs were embedded in the data glove at the wrist, back
of the hand, and fingertips of all 5 fingers. Each IMU incorporates
a 9-axis ICM-20948 chip that captures 3-axis acceleration, angular
velocity, and magnetic field data at 30 FPS. We record these inertial
data and real-time quaternion and orientation matrices calculated
by an on-board sensor fusion algorithm.
Participants. We recruited 15 participants (8 males and 7 females)
with diverse ages and hand shapes. All participants provided in-
formed consent for the use of their data in both research and com-
mercial applications. To protect privacy, the dataset was anonymous
to remove personally identifiable information. Our data collection
was approved by the local Institutional Review Board (IRB).
Acquisition Protocol. Each participant performed 15 gesture se-
quences, consisting of 14 predefined sequences and 1 random se-
quence. The predefined gestures span a broad spectrum of everyday
hand movements, including common sign language expressions
and varying degrees of finger flexion and extension. They also fea-
ture a diverse range of complex gestures, such as finger crossing,
interlocking, wiggling, tapping, pinching, bending, snapping, and

12755



MM ’25, October 27–31, 2025, Dublin, Ireland Xinyi Wang et al.

Figure 2: Recording setup with 5 temporally synchronized
RGB-D cameras and a dataglove intergrated 7 IMUs.

sliding. These performed gestures span a range of categories, includ-
ing action-driven, pose-oriented, and composite types, exhibiting
rich structural variation and semantic diversity. The random ges-
ture sequence consists of approximately one minute of spontaneous
and continuous hand motion, intended to simulate natural, uncon-
strained behavior. VIHand is constructed to capture a representative
and naturally diverse distribution of hand poses, rather than op-
timizing for a specific task or gesture taxonomy. As illustrated in
Fig. 3, our dataset exhibits significantly greater 3D pose diversity
compared to FreiHAND [65], which is currently the most widely
used single-hand dataset.

Figure 3: t-SNE visualization for hand pose distribution of
VIHand and FreiHAND [65].

3.2 Data Annotation
VIHand follows the standard 21-joint annotation scheme [61], which
includes the fingertip and three phalangeal joint centers for each
finger, along with the wrist joint. However, annotating large-scale
hand pose datasets is both time-consuming and labor-intensive. To
balance annotation accuracy and scalability, we adopt a two-stage
pipeline that combines automatic machine annotation with manual
refinement. In the first stage, we use automatic machine annotation.
Given the significant challenges posed by severe global occlusion
and diminished visual contrast in our glove-worn datasets, state-of-
the-art RGB-based machine annotation techniques face challenges
in accurately annotating joint positions. Furthermore, traditional
marker-based methods, not only disrupt natural motion but also

visually contaminate the hand’s surface, thereby substantially di-
minishing realism and adversely affecting the generalizability of
downstream models. In contrast, we employed multi-view depth
image-based self-supervised annotation [40], which effectively ad-
dresses issues related to visual texture ambiguity and artifacts in-
duced by markers. Specifically, a self-supervised keypoint detector
is applied to unlabeled multi-view sequences following the Cross-
View Fusion Network (CVFN) strategy. Subsequently, 3D keypoints
are reconstructed using RANSAC-based triangulation. This auto-
mated stage produces accurate and consistent 3D joint coordinates
aswell asMANOparameters formost frames.We tested thismethod
on the held-out evaluation set, and the mean per joint position error
is 3.86 mm. In the second stage, a team of professional annotators
manually review and refine the machine-generated results. Low-
confidence or erroneous predictions are re-annotated to ensure
high-quality ground truth. The final annotations integrate high-
confidence automatic estimates with manual corrections, achieving
both precision and scalability. Based on this workflow, VIHand
is annotated with 14,012,258 frames of synchronized RGB, depth,
and IMU data, along with accurate 3D hand joint coordinates and
MANO parameters. Visual examples are shown in Fig. 1 (left), with
further details provided in the supplementary material.

4 Benchmark
In this section, to explore the potential of VIHand for advancingmul-
titask HPE, we propose VIFNet and VIFNet-S, which demonstrate
the enhancement of multimodal fusion and cross-modal knowledge
distillation, respectively. The overall pipeline is depicted in Fig. 4.

4.1 VIFNet
To perform visual-inertial fusion and achieve high-accuracy 3D
HPE, VIFNet utilizes the RGB and IMU data in parallel. It consists of
three stages: visual-inertial feature extraction, multimodal feature
fusion, and hand pose regression.

For the visual modality, a ResNet-18 backbone encodes the RGB
image into initial feature maps 𝐹c ∈ R𝐻×𝑊 ×𝐶 . These feature maps
are refined by a spatial attention module, which re-weights 𝐹c to
produce refined features 𝐹r, emphasizing hand-salient regions while
attenuating background noise. The 𝐹r is then structured into seven
groups, {𝐹 (𝑘 )

rgb }
7
𝑘=1, allowing each group to specialize in different

spatial aspects of the hand. Simultaneously, seven corresponding
groups of IMU signals (3-axis acceleration and 9-axis orientation),
{𝑆 (𝑘 )imu}

7
𝑘=1, are processed. Each group 𝑆 (𝑘 )imu ∈ R𝑇×𝐷raw , where 𝑇 is

the sequence length and 𝐷raw is the raw feature dimension per sen-
sor reading, is projected into a higher-dimensional embedding space
𝐸
(𝑘 )
imu ∈ R𝑇×𝐷embed via a learned embedding layer. These embedded

sequences are processed by a transformer encoder, which captures
temporal dependencies and inter-sensor correlations. This produces
seven robust group-specific IMU feature vectors, {𝐺 (𝑘 )

imu}
7
𝑘=1.

VIFNet employs a cross-modal attentive mechanism (CMAM) to
integrate the visual and inertial features. The seven grouped visual
features, {𝐹 (𝑘 )

rgb }
7
𝑘=1, and corresponding IMU features, {𝐺 (𝑘 )

imu}
7
𝑘=1,

are processed by a CMAM module, as shown in Fig. 4. Then, the
multi-head self-attention (MHSA) module captures complex intra-
modal relationships within each modality. This allows the model
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Figure 4: Overall framework. The fusion model (VIFNet) takes a monocular RGB and IMU data as input, extracts spatial and
temporal features, and fuses them via cross attention mechanism. The fused features are then decoded by the MANO layer to
estimate 3D hand pose. The student model (VIFNet-S), trained on IMU data alone, learns to mimic the VIFNet’s fused features
representation through knowledge distillation.

to dynamically adjust the contribution of each modality and group,
capturing complementary cues and addressing ambiguities inher-
ent in individual modalities. The output is a unified set of fused
features, 𝐹fused, which encode both spatial and temporal character-
istics of hand motion. These features are passed through a Multi-
Layer Perceptron (MLP) to predict the MANO [42] parameters
Ψ = {𝜃, 𝛽, 𝑅, 𝑡, 𝑠}, which are then fed into the MANO Decoder to
compute the 3D hand mesh vertices 𝑉 ∈ R778×3 and the joint lo-
cations 𝐽 ∈ R21×3. The VIFNet model is trained end-to-end by
minimizing a composite loss function, LVIFNet, which aggregates
several key losses for accurate 3D hand pose estimation:

LVIFNet = 𝜆3DL3D + 𝜆2DL2D + 𝜆MANOLMANO + 𝜆hpLhp (1)

The details of LVIFNet are provided in the supplementary material.

4.2 VIFNet-S
IMU-only hand pose estimation is appealing for real-world applica-
tions due to its portability. However, the low signal-noise-ratio and
absence of apperance cues limit the accuracy. Leveraging VIHand,
which captures the synchronized appearance and motion data, we
propose VIFNet-S using cross-modal knowledge distillation strat-
egy. This approach exploits the strong semantic correspondence
between hand appearance and motion patterns, enabling the trans-
fer of rich representations learned from visual-inertial supervision
to IMU-only models even with sparse IMU configurations.

We first align the intermediate representations of the student
model (VIFnet-S) and teacher model (VIFnet). Specifically, VIFNet’s
Fused Features (𝐹Tfused) are used as a supervisory signal to guide
the student’s IMU-based features (𝐹 Simu). To align the student’s
IMU-based features with the teacher’s fused representations, we

employ a contrastive distillation loss Lts. This loss encourages the
student’s feature to be close to its corresponding teacher feature
while remaining distant from others in the batch. This alignment
helps the student capture richer, and more discriminative infor-
mation. The VIFNet-S model is optimized using a composite loss
function, denoted as LVIFNet-S, which synergistically integrates
direct supervision and knowledge distillation:

LVIFNet-S = 𝛼3DL3D + 𝛼2DL2D + 𝛼MANOLMANO + 𝛼tsLts (2)

The details ofLVIFNet-S are provided in the supplementary material.

5 Experiments
5.1 Setup
Dataset split strategy.VIHand is partitioned on a per-subject basis,
where 12 out of 15 gesture sequences are assigned to the training
set and the remaining 3 sequences are reserved for testing. This
fixed split is applied consistently across all participants and used in
all experiments to ensure fair comparison and reproducibility.
Implementation details. Experiments are implemented on the
PyTorch with NVIDIA RTX 4090 GPU. To prepare the input data
for training and inference, the RGB images are resized to 256 × 256
first and then center cropped into 224 × 224, respectively. During
training, the batch size is set to 32, and lasts for 80 epochs. The
initial learning rate is set to 0.0001, and is decayed by a factor of 0.1
after 20 epochs. We train all networks using the Adam optimizer.
Evaluationmetrics.We use mean per joint position error (MPJPE)
and mean per vertex position error (MPVPE) as our evaluation
metrics, whichmeasure Euclidean distance (mm) between estimated
coordinates and ground-truth. Before calculating the metrics, we
align the translation of the root wrist joint.
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5.2 Benchmark Evaluation
We benchmark VIHand with state-of-the-art IMU-based methods
([59], [35]) and Visual-based methods ([36], [37]). As shown in
Table 2, IMU-based methods (TransPose [59] and FusePose [35]),
relying on 7 IMUs, struggle with accurately reconstructing the 3D
structure and fine-grained poses. Visual-based methods (HaMeR
[36] and WiLoR [37]), despite leveraging rich image information,
suffer from performance degradation due to joint self-occlusion. On
the contrary, by effectively fusing RGB and IMU information, our
VIFNet robustly estimates the 3D hand pose, achieves the lowest
MPJPE and MPVPE results, respectively. Fig. 5 further validates that
our VIFNet produces much better results than previous methods
on VIHand, even under the complex self-occlusion gestures. In
addition, we provide ablation study in the supplementary material.

Table 2: Benchmark of state-of-the-art methods with MPJPE
(mm) and MPVPE (mm). † indicates ground-truth tested
methods, * denotes additional training on VIHand.

Methods RGB IMU #IMUs MPJPE MPVPE

TransPose* [59] ✗ ✓ 7 21.84 24.76
FusePose* [35] ✗ ✓ 7 18.56 22.32
HaMeR† [36] ✓ ✗ - 11.98 13.67
WiLoR† [37] ✓ ✗ - 10.49 11.74

VIFNet ✗ ✓ 7 16.93 19.41
VIFNet ✓ ✗ - 8.73 9.85

VIFNet-S ✗ ✓ 7 13.69 16.53
VIFNet ✓ ✓ 7 7.86 8.94

5.3 Evaluation under IMU-only Settings
We further evaluate the cross-modal knowledge distillation perfor-
mance of the VIHand under IMU-only inference, including 7-IMU,
3-IMU (wrist, thumb, middle finger), and 2-IMU (wrist, middle fin-
ger) setups. As shown in Table 3, when the number of sensors was
cut from 7 to 3, even 2, methods not using knowledge distillation
saw a significant drop in performance. This shows that traditional
training methods struggle to keep up the original accuracy with lim-
ited IMU input. In contrast, our VIFNet-S, distilled from the teacher
model, maintains strong performance under the same sparse setting.
While achieving MPJPE of 13.69 mm with 7 IMUs, it still attains
18.26 mm using 3 IMUs and 20.72 mm only using 2 IMUs, signifi-
cantly outperforming other methods. The results of MPVPE show
a similar trend to those of MPJPE, which demonstrate that cross-
modal distillation effectively transfers semantic representations,
enabling accurate pose estimation even with sparse IMUs.

6 Conclusion
We propose VIHand, a large-scale visual-inertial dataset for 3DHPE,
comprising over 1.4 million synchronized RGB-D and IMU frames
from 15 subjects. It fills the gap of high-quality visual-inertial data
and builds a bridge for deep semantic alignment and information

Figure 5: Qualitative results for HaMeR[36], WiLoR [37],
VIFNet and ground-truth (GT) onVIHand from top to bottom.

Table 3: Benchmark of state-of-the-art methods using MPJPE
(mm) and MPVPE (mm) under different IMU settings.

Methods RGB IMU #IMUs MPJPE MPVPE

TransPose [59] ✗ ✓ 7 21.84 24.76
FusePose [35] ✗ ✓ 7 18.56 22.32
VIFNet ✗ ✓ 7 16.93 19.41
VIFNet-S ✗ ✓ 7 13.69 16.53

TransPose [59] ✗ ✓ 3 28.01 32.76
FusePose [35] ✗ ✓ 3 24.91 29.38
VIFNet ✗ ✓ 3 22.15 26.24
VIFNet-S ✗ ✓ 3 18.26 22.67

TransPose [59] ✗ ✓ 2 30.47 34.52
FusePose [35] ✗ ✓ 2 27.38 31.12
VIFNet ✗ ✓ 2 25.59 28.75
VIFNet-S ✗ ✓ 2 20.72 23.79

complementarity between dual modalities. To validate the appli-
cation potential of VIHand in HPE, we propose VIFNet, a visual-
inertial fusion network that achieves high-precision and robust 3D
HPE through an efficient cross-modal interaction strategy. Addi-
tionally, to validate the potential of VIHand in cross-modal distilla-
tion, we introduce VIFNet-S, a cross-modal knowledge distillation
method, which transfers the fusion feature of visual-inertial to an
IMU-only student network, significantly enhancing its accuracy
even with sparse IMU. Extensive experiments demonstrate VIHand
advantages in multimodal fusion and cross-modal distillation.
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