This CVPR paper is the Open Access version, provided by the Computer Vision Foundation.
Except for this watermark, it isidentical to the accepted version;
the final published version of the proceedings is available on IEEE Xplore.

JUMP-Hand: Learning Joint-wise Uncertainty to Gate Mixture of View Experts
for Multi-View 3D Hand Reconstruction

Haohong Kuang', Yang Xiao'7 Changlong Jiang®, Jinghong Zheng', Hang Xu!, Ran Wang?,
Zhiguo Cao®, and Joey Tianyi Zhou®
' National Key Laboratory of Multispectral Information Intelligent Processing Technology,
School of Artificial Intelligence and Automation, Huazhong University of Science and Technology, Wuhan 430074, China
2School of Journalism and Information Communication, Huazhong University of Science and Technology

3School of Artificial Intelligence and Automation, Huazhong University of Science and Technology
4 Centre for Frontier Al Research (CFAR), Agency for Science, Technology and Research (A*STAR), Singapore
SInstitute of High Performance Computing (IHPC), Agency for Science, Technology and Research (A*STAR), Singapore

{haohong,kuang, Yang_Xiao, cljiang, deepzheng, hang_xu, rex._wang, zgcao}@hust.edu.cn

joey_zhoula-star.edu.sg

Abstract

We propose JUMP-Hand, a novel multi-view 3D hand
reconstruction method that explicitly models probabilistic
Jjoint-wise uncertainty as a gating mechanism for multi-view
fusion. Existing approaches usually rely on naive pooling
or implicit attention, overlooking that each hand joint ex-
hibits varying visibility and reliability across views. Such
indiscriminate aggregation of noisy or unreliable informa-
tion inevitably degrades overall performance. For instance,
a joint severely occluded in one view might be clearly vis-
ible in another. To address this, JUMP-Hand draws in-
spiration from the Mixture of Experts (MoE) paradigm,
treating each 2D view as a specialized expert. The key
idea is that the reliability of each view expert is quanti-
fied through joint-wise uncertainty modeling, serving as an
explicit gating signal to route experts’ partial yet comple-
mentary clues for each joint in a coarse-to-fine reconstruc-
tion paradigm. In this design, uncertainty not only guides
the uncertainty-aware triangulation for reliable 3D hand
initialization during the coarse stage, but also acts as a
gating signal during the refinement stage to adaptively ag-
gregate multi-scale features from different view experts on
a joint-wise basis, enabling robust 3D hand reconstruc-
tion. Extensive experiments on DexYCB-MV, HO3D-MYV,
and Oaklnk-MV demonstrate that our method consistently
achieves state-of-the-art results, validating the effectiveness
of the proposed method with joint-wise uncertainty gating
for reliable 3D hand reconstruction. Code is available at
https:// github.com/HaohongKuang/JUMP-Hand.

*Yang Xiao is corresponding author (Yang_Xiao@hust.edu.cn).

(a) Intuition: Unequal view reliability for each hand joint

[ © Thumb Tip’s 2D GT
e Pinky Tip’s 2D GT
/ High-reliability view
X Low-reliability view

E Cam2
Pinky Tlp ! A 'humb Tip 3
Se /él j Each view acts as an individual expert

Cam3 to offer its own 3D hand clues

(c) JUMP-Hand (Ours): Joint-wise uncertainty to gate view experts

Low uncertainty
— * View Expert 1
s
! hll::" '% View Expert 2

-+ View Expert 3
Vlew Expert 1
Pinky "
Tip Vlew Expert 2
" ip

View Expert 3

wy Gating weight |

3D Hand

High uncertainty

Figure 1. Our main research intuition and idea. (a) Since hand
joints have varying reliability across different views, (b) we formu-
late the multi-view 3D hand reconstruction task into a MoE task,
treating different views as different experts, and (c) using the pre-
dicted uncertainty to gate the fusion among view experts.

1. Introduction

Accurate reconstruction of 3D hand pose and shape is a
fundamental task in computer vision, crucial for down-
stream tasks such as AR/VR, human-object interaction,
and robotic grasping [2, 24, 28]. While monocular 3D
hand reconstruction and hand pose estimation have pro-
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gressed [1, 15, 16, 23, 31, 38, 39], it remains an ill-posed
problem due to depth ambiguity and occlusions [12, 27].

Relative to monocular setting, multi-view paradigms
benefit from richer cross-view geometry and lead to more
stable reconstruction. Nonetheless, despite the promis-
ing potential, current multi-view solutions are hindered by
the difficulty of effectively integrating features from mul-
tiple viewpoints. Recent state-of-the-art (SOTA) methods,
such as POEM [35] and MLPHand [33], have adopted ad-
vanced fusion strategies including transformer-based archi-
tectures [29] and GCN-based methods [4]. However, a key
limitation of them is their tendency to aggregate information
indiscriminately. They rely on implicit, black-box atten-
tion [30] or naive pooling, treating all views equally. This
overlooks a core problem: observation reliability is inher-
ently joint-wise and view-dependent. As in Fig. 1(a), the
thumb tip is visible in one view but occluded in another. In-
discriminately aggregating low-reliability information can
contaminate the fusion process and degrade performance.

To address this, we draw inspiration from the Mixture-
of-Experts (MoE) paradigm [5, 8, 26] and propose a novel
perspective for multi-view 3D hand reconstruction. As in
Fig. 1(b), each camera captures a 2D projection of the 3D
hand, providing partial yet complementary geometric cues
from its unique perspective. These views serve as indepen-
dent yet specialized view experts for reconstructing the 3D
hand. Although an individual expert may suffer from occlu-
sions or ambiguities, each expert contributes unique obser-
vations, which enable complete and accurate reconstruction
when properly combined. The key challenge, therefore, lies
in how to effectively aggregate these expert opinions on a
per-joint basis? We argue that prediction uncertainty pro-
vides a natural and learnable confidence indicator [9, 18]:
low uncertainty corresponds to well-observed joints with
high-quality detections, while high uncertainty arises from
low-quality conditions such as occlusions or motion blur.
Therefore, the joint-wise and view-dependent uncertainty
can serve as an explicit, physically interpretable gating sig-
nal to route expert contributions adaptively (Fig. 1(c)), al-
lowing reliable views to dominate reconstruction while sup-
pressing noisy or unreliable ones.

Building on this insight, we propose JUMP-Hand, a
novel method that introduces joint-wise uncertainty mod-
eling as a principled and learnable gating mechanism for
multi-view 3D hand reconstruction. Our approach con-
sists of three key components: (1) a joint-wise uncertainty
modeling module where each view independently predicts
2D joint locations along with their associated uncertain-
ties as Gaussian distributions, supervised via negative log-
likelihood loss to provide explicit, physically interpretable
confidence indicators; (2) uncertainty-aware triangulation
for coarse 3D initialization, where each view’s contribution
is weighted according to its predicted uncertainty, providing

geometrically consistent initialization robust to low-quality
observations; and (3) an uncertainty-gated iterative decoder
that employs uncertainty-gated cross-attention (UGCA) to
adaptively fuse multi-view features on a per-joint basis, pro-
gressively refining the 3D hand mesh. Throughout the en-
tire pipeline, joint-wise uncertainty serves as an explicit gat-
ing signal, enabling robust reconstruction with clear inter-
pretability and natural adaptivity to occlusion patterns.
Extensive experiments on three large-scale multi-view
benchmarks [3, 10, 34] validate that JUMP-Hand achieves

SOTA performance and significantly outperforms other

methods. This superiority is especially evident in chal-

lenging scenarios: on a difficult subset of HO3D, JUMP-

Hand achieves a substantial 29.9% MPVPE improvement

over POEM. These results validate the effectiveness of our

uncertainty-guided paradigm for reliable 3D hand recon-
struction, especially in scenarios with heavy occlusion.
Our contributions are summarized as follows:

* We are the first to introduce probabilistic, joint-wise un-
certainty as a principled and explicit gating signal for
multi-view 3D hand reconstruction, which quantifies the
reliability of each view on a per-joint basis.

* We propose a novel two-stage reconstruction paradigm
where uncertainty-gating is integrated throughout:
Uncertainty-Guided DLT (UG-DLT) for robust geomet-
ric initialization, and Uncertainty-Gated Cross-Attention
(UGCA) for adaptive refinement.

» Extensive experiments on three benchmarks demonstrate
that our method achieves SOTA results, especially under
challenging scenarios, validating exceptional robustness
under severe occlusions and degraded viewing conditions.

2. Related Works

Multi-view 3D Hand Reconstruction. Multi-view 3D
hand reconstruction aims to overcome the inherent occlu-
sion and depth ambiguity issues of monocular methods,
with its core challenge lying in how to effectively fuse fea-
tures from different viewpoints. Recent SOTA methods,
such as POEM [35], MLPHand [33], and other Transformer
or GCN-based architectures [4, 29, 36], have adopted ad-
vanced fusion strategies, including cross-set point attention,
MLP-based geometric fusion, and cross-attention. Another
important line of work focuses on improving the triangula-
tion process itself. [14] proposes two approaches: one in-
troduces learnable confidence weights into algebraic trian-
gulation, and the other constructs a 3D feature voxel grid
for aggregation. However, they typically rely on implicit,
black-box attention mechanisms or simple pooling to treat
all views blindly, without explicitly modeling observation
reliability, which is joint-wise and view-dependent. To fill
this gap, we propose JUMP-Hand, which is the first method
to introduce probabilistic, joint-wise uncertainty as an ex-
plicit, physically-interpretable gating signal. This design
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allows us to dynamically and adaptively aggregate informa-
tion from the most reliable views while suppressing noise.

Mixture-of-Experts. Mixture-of-Experts (MoE) model is a
powerful paradigm that aggregates contributions from mul-
tiple specialized experts using a gating mechanism [5, 8,
21, 26, 32]. Our work innovatively introduces the core con-
cept of MoE to multi-view 3D hand reconstruction task.
Instead of using different networks as experts in the naive
MOoE architecture, such as FFNs in transformers, we inno-
vatively treat each camera view as an independent view ex-
pert. Furthermore, rather than using a black-box learnable
gating network, we use probabilistic joint-wise uncertainty
as the gating signal. This design provides clear physical
interpretability: for each hand joint, view experts with low
uncertainty are assigned a larger weight during aggregation.

Uncertainty Modeling in 3D Vision. Uncertainty estima-
tion, which distinguishes between aleatoric and epistemic
uncertainty [18], has become critical in 3D vision tasks.
Techniques like MC-Dropout [9] and Bayesian fusion [20]
have been widely explored for quantifying prediction con-
fidence. In hand reconstruction, recent works employ NLL
loss [17, 37] or diffusion models [22] for single-view set-
tings. For multi-view scenarios, UPose3D [6] uses uncer-
tainty in an MLE framework to improve robustness, but
treats it as optimization input rather than explicit routing.
However, they typically focus on single-view scenarios or
treat uncertainty passively as a post-hoc confidence metric,
rather than as an active, integral component for multi-view
fusion. In contrast, JUMP-Hand is the first to employ joint-
wise uncertainty as an explicit, physically interpretable gat-
ing signal, enabling adaptive per-joint aggregation that sup-
presses unreliable views while emphasizing confident ones.

3. Method

3.1. Overview

Preliminaries. Given a set of N synchronized multi-view
images Z = {I,;}, as input, our model reconstructs the
3D hand pose and shape, directly represented by the spatial
coordinates of hand joints J3p € R?'*3 and mesh vertices
Vip € R778%3 in MANO format.

Pipeline. The overall pipeline of JUMP-Hand is illustrated
in Fig. 2. Each input view I, is first processed by a shared
CNN backbone to extract multi-scale visual features F3.
Guided by our proposed gating mechanism, the pipeline
operates as a coarse-to-fine Mixture-of-Experts (MoE) ar-
chitecture. Specifically, we first formulate a joint-wise gat-
ing signal to explicitly quantify the confidence of each view
expert (Sec. 3.2). This principled signal then dictates the
uncertainty-guided triangulation (UG-DLT) to establish a
robust coarse 3D initialization (Sec. 3.3). Finally, it also
guides deformable multi-view feature fusion across views

to recover fine-grained geometric details (Sec. 3.4).

3.2. Joint-wise Uncertainty Modeling

To construct the gating signal, we model each 2D joint ob-
servation as a Gaussian variable to quantify view-dependent
observation uncertainty [18]. Specifically, for the j-th hand
joint observed from the n-th view, we model the observed

2D joint location p?ﬁ € R? as

P~ N (1,0, 250), (1)

where p; , = [u5 ,ué{n]T denotes the predicted mean 2D
location, and 3; ,, = diag ((07,,)%, (¢7,,)?) is a diagonal
covariance matrix that captures uncertainty along the x and
y directions. This diagonal form assumes independent un-
certainty along the two image axes, which is sufficient for
our joint-wise gating design. Intuitively, a low variance in-
dicates that the joint is clearly observed in that view, while
a high variance reflects ambiguity caused by occlusion, mo-
tion blur, or poor imaging conditions.

To estimate these parameters in a learnable manner, we
design a specialized uncertainty estimation branch built
upon the backbone features F,,. The branch consists of
three components: (1) a Feature Pyramid Network (FPN)
that captures multi-scale spatial information, (2) a heatmap
head H that predicts the mean location, and (3) a variance
head V that directly predicts joint-wise variance:

i = HEPN(F,)), 2, = V(FEPN(F,). ()

To ensure valid uncertainty estimates, the output of vari-
ance head V is passed through a Softplus activation func-
tion [7] to ensure the predicted variance ain is always pos-
itive. Here, 0]2.71I denotes the scalar joint-wise uncertainty
obtained by averaging the predicted variances along the x
and y directions.

To train this probabilistic model, we employ a nega-
tive log-likelihood (NLL) loss [18]. Specifically, using the
ground-truth 2D joint locations as observations, we mini-
mize their negative log-likelihood under the predicted Gaus-
sian distribution, thereby encouraging the network to jointly
learn both the mean and the variance.

The learned variance U?’n serves two roles in our
pipeline. First, it provides interpretability by explicitly
quantifying the model’s confidence for each joint predic-
tion, as shown in Fig. 3(b). Second, it serves as the soft
gating signal used in both the coarse triangulation and re-
finement stages. This joint-wise uncertainty acts as a proba-
bilistic routing signal, connecting the 2D observation space
and 3D reconstruction space.

3.3. Uncertainty-Guided Coarse Initialization

After obtaining multi-view 2D joint predictions g, ,, and

their associated uncertainty UJQ»_n, the coarse reconstruction
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Figure 2. The pipeline of JUMP-Hand. (a) Joint-wise uncertainty modeling: each view independently predicts 2D joint locations and
uncertainties (un,0n) supervised by NLL loss. H and V represents heatmap head and variance head respectively. (b) Uncertainty is

converted to explicit joint-wise gating signal to guide coarse-to-
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Figure 3. (a) Visualization of uncertainty. The joint-wise ellipses
display the standard deviation in two directions. (b) Correspond-
ing joint-wise gating weights.

stage aims to produce a robust initial 3D hand via geometric
triangulation. A fundamental challenge is that the classical
triangulation method DLT [11] assigns uniform confidence
across all views, making it vulnerable to noisy observations
from occluded or low-reliability views.

To address this limitation, we reformulate the triangula-
tion process from a probabilistic perspective and propose
Uncertainty-Guided DLT (UG-DLT). The core idea is to
leverage the joint-wise uncertainty Uin as an explicit gat-
ing signal to control each view’s contribution to the recon-
structed 3D point. Specifically, we first convert the pre-
dicted variances into normalized weights «; ,,, where views
with high uncertainty receive low weights:

exp(—a?,) ,
Ajn = —x , j=1,...,21. (3)
2im=1 exp( 0% m)
Standard DLT solves A;J J?’D = 0. To favor more reliable
views in triangulation, we construct a weighted constraint

equation by expanding «;,, into a weight vector w; and
applying an element-wise multiplication (Hadamard prod-
uct o) to the constraint matrix A ;:

(wj o AT =0, )

which is solved with SVD in a differentiable manner. In this
way, UG-DLT suppresses the influence of unreliable views
on a per-joint basis, yielding coarse 3D joints J32:(0) that
are more robust to occlusion and noise. This initialization,
which already respects multi-view geometric consistency,
provides a solid foundation for the subsequent refinement
stage. Finally, we upsample the coarse joints J3P:(0) to ob-
tain a coarse mesh V32:(0) using a learnable linear layer.

3.4. Uncertainty-Guided Refinement

While UG-DLT provides a geometrically sound coarse ini-
tialization, it operates only at the joint level and cannot
recover fine-grained surface details. The refinement stage
therefore fuses multi-scale visual features from multiple
viewpoints to fully reconstruct the detailed hand geome-
try. The key challenge remains consistent: how to aggregate
contributions from multiple views without being corrupted
by unreliable observations?

Following the expert-routing perspective established in
the coarse stage, we design the refinement process such that
each view continues to serve as an independent expert, spe-
cializing in extracting visual features from its own perspec-
tive. We implement an iterative Transformer decoder with
L stacked layers, using the coarse 3D joints J32>(9) and ver-
tices V3P:(0) ag the initial 3D queries. Each decoder layer
consists of three modules: self-attention to model structural
dependencies among joints and vertices, uncertainty-gated
cross-attention (UGCA) to aggregate multi-view image fea-
tures, and a feed-forward network.
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UGCA is the core module for view-aware feature aggre-
gation in the refinement stage. For each query, we project
its 3D coordinate onto all N views using the camera pa-
rameters, obtaining /N reference points {pi% N .. Around
each reference point, the corresponding image feature is ex-
tracted independently from each view. For the n-th view,
we use multi-scale deformable attention [40] to sample in-

formative features around the projected location:

S K
Yjn = Z Z Ansk . (b(Ffm pi% + Apnsk)y (5)

s=1k=1

where the learnable offsets Ap,, s allow the model to adap-
tively sample informative positions around the projected
reference point across multiple feature scales. In this way,
deformable attention determines where to extract features
within each view, while the uncertainty-guided fusion de-
scribed below determines how much each view should con-
tribute across views. Different views provide complemen-
tary evidence: views with clear visibility contribute precise
local details, while partially occluded views may still pro-
vide useful contextual cues.

After obtaining N expert responses {y;.,}2_;, a robust
gating mechanism is essential to suppress noise from oc-
cluded or low-quality views. Rather than uniform aver-
aging, we reuse the uncertainty-derived weights «; ,, from
Eq. 3 as our gating signal to route expert contributions:

N
Yi =D n - Yjn- 6)
n=1

This design ensures architectural consistency with our
coarse stage, where uncertainty serves as an explicit, phys-
ically interpretable gating signal throughout the entire
pipeline. For vertex queries, we extend this mechanism
by propagating joint-wise uncertainty via the MANO [25]
skinning weight matrix W € R778%21:

ol =Y Wi o2, (7)

where W, ; encodes the kinematic influence of joint j on
vertex v. Consequently, vertex queries inherit uncertainty
from their driving joints, enabling a unified gating strategy
for both joints and the full mesh.

This uncertainty-guided gating design offers three key
advantages. First, unlike implicit attention mechanisms or
black-box routers, it provides an explicit and physically in-
terpretable confidence measure for each view. Second, the
joint-wise (and vertex-wise) design naturally captures that
different parts of the hand may rely on different combina-
tions of views. Third, it maintains architectural consistency
across the entire pipeline: the same uncertainty-guided gat-
ing mechanism governs both the coarse (UG-DLT) and re-
finement stages, creating a unified framework aligned with

the MoE philosophy where each expert’s contribution is
strictly proportional to its estimated reliability.

The fused feature y; is then processed through an FFN
with residual connections, followed by an MLP regressor
to predict coordinate updates. In each decoder layer, the
updated 3D queries are re-projected to generate refined ref-
erence points for the subsequent UGCA module. This itera-
tive process progressively improves the query locations and
enables more accurate feature extraction in subsequent lay-
ers. Combined with uncertainty-guided gating, our method
recovers fine-grained geometric details such as finger artic-
ulation and local surface variations while maintaining ro-
bustness to occlusions and ambiguous observations.

3.5. Loss

Our training objective consists of multiple loss terms that
supervise different aspects of the reconstruction pipeline.
Probabilistic 2D Joint Supervision. To train the uncer-
tainty modeling module, we employ the Gaussian Negative
Log-Likelihood (NLL) loss [18]. Given the ground-truth
2D joint position J 52 and the predicted Gaussian parame-
ters pt; ,,, 05, for the j-th joint in the n-th view, the NLL
loss encourages both accurate mean predictions and well-
calibrated uncertainty estimates:

N J J2D 2
1 (J in — M n)
Lxee=> > <log el BRC)
J,n

n=1j=1

This probabilistic formulation naturally balances two objec-
tives: minimizing prediction error while preventing over-
confident predictions.

3D Reconstruction Supervision. For end-to-end training,
we combine several geometric consistency losses:

CBD _ ”jSD o JSD”1 + ”VSD _ VBDHlv
Lop = ||[TL,(3%P) = I2P ||y + [T, (V*P) = V2P|,

Lprr = || 32O — 330,

L=MLNrL + XL3p +X3Lap + MLpLT,

)
where L3p enforces direct 3D supervision on joints and ver-
tices, Lop ensures multi-view reprojection consistency by
projecting 3D predictions back to each view via camera pro-
jection I1;, and Lpyr provides intermediate supervision at
the coarse reconstruction stage. The balancing coefficients
A1, A2, A3, A4 control the relative importance of each term.

4. Experiment

4.1. Datasets and Evaluation Metrics

HO3D-MYV builds on HO3D v3 [10], which provides RGB-
D sequences of hand-object interactions from up to 5 cali-
brated cameras. Following POEM [35], we select only the
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Dataset Methods | MPVPE| RR-V| PA-V| AUC-Vt | MPIPE, RRJ| PAJ] AUCJ?T

MVP [36] 20.95 27.08 10.04 0.59 18.72 24.90 10.44 0.60

HO3D- POEM [35] 17.20 21.45 9.97 0.66 17.28 21.94 9.60 0.63
MV | MLPHand [33] | 18.69 23.28 10.54 : 18.70 23.76 10.11 :

Ours 13.39 16.96 8.78 0.73 13.10 17.07 8.30 0.72

MVP [36] 9.77 12.18 8.14 0.53 6.23 9.47 426 0.69

DexYCB- | POEM [35] 6.13 7.21 4.00 0.70 6.06 7.30 3.93 0.68
MV MLPHand [33] 6.20 7.30 4.15 - 6.23 7.41 4.11 -

Ours 5.45 6.41 3.77 0.73 5.31 6.41 3.61 0.72

MVP [36] 9.69 11.75 7.74 0.53 7.32 9.99 4.97 0.64

OakInk- | POEM [35] 6.20 7.63 421 0.70 6.01 7.46 4.00 0.69
MV | MLPHand [33] 6.17 7.49 426 : 6.00 7.52 4.09 :

Ours 5.94 6.99 4.13 0.72 5.72 6.94 3.86 0.71

Table 1. Comparison with the state-of-the-art on OakInk-MV, DexYCB-MYV, and HO3D-MYV datasets. | indicates lower is better, 1
indicates higher is better. All distance metrics are in millimeters (mm). AUC-V/J represent the area under the PCK curve for vertex and

joint accuracy, respectively. Best in bold.

7 sequences containing complete S-camera observations.
This split yields 9,087 training and 2,706 test frames.
DexYCB-MYV is derived from the DexYCB dataset [3],
which captures hand-object interactions using 8 synchro-
nized RGB-D cameras across 10 subjects. Following the of-
ficial “SO” split and consistent with POEM [35], we exclude
all left-hand samples and construct a multi-view version, re-
ferred to as DexYCB-MYV. This results in 25,387 training,
1,412 validation, and 4,951 test multi-view frames.
OakInk-MYV originates from the Oaklnk dataset [34], a
large-scale multi-view benchmark for diverse hand-object
interactions. Following POEM [35], we use its multi-view
split with synchronized RGB images from calibrated views
and accurate 3D hand mesh annotations.

Evaluation Metrics. We report MPJPE and MPVPE (in
mm), measuring average Euclidean errors for hand joints
and vertices, respectively. Following MANO’s vertex-to-
keypoint mapping, reported joints are derived from pre-
dicted mesh vertices in the refinement stage. Both met-
rics are evaluated under two settings: root-relative (RR),
which normalizes coordinates to the wrist joint to assess rel-
ative hand structure, and Procrustes-aligned (PA), which ap-
plies optimal rigid alignment to isolate shape accuracy from
global pose. Additionally, we use AUC (Area Under the
Curve) computed from the Percentage of Correct Keypoints
across distance thresholds to evaluate localization precision.

4.2. Implementation Details

The input RGB images from all views are resized and
center-cropped to 256 x 256. We employ a shared CNN
backbone based on ResNet-34 [13], initialized with pre-
trained weights. All models are trained on two NVIDIA
RTX 3090 GPUs for 100 epochs, using the Adam opti-
mizer [19], with an initial learning rate of 1 x 10~%, which
is decayed by a factor of 10 at the 60th epoch.

Subset | Methods | MPVPE|  PA-V] AUC-V{
HOD | S| aotiiuer 141205 013
e P
oukink | "ot | 07 S8 080

Table 2. Quantitative comparison on 3 challenging subsets.

4.3. Comparison with State-of-the-Art Methods

We conduct a comprehensive comparison between our pro-
posed JUMP-Hand method and state-of-the-art approaches
on three multi-view hand reconstruction datasets: HO3D-
MYV, DexYCB-MYV, and Oaklnk-MV.

As shown in Table 1, JUMP-Hand achieves the best
performance across all datasets and metrics, signifi-
cantly outperforming existing methods. On HO3D-MYV,
which features challenging hand-object occlusions, JUMP-
Hand achieves 13.39mm MPVPE, improving over POEM
(17.20mm) by 22.2% and over MLPHand (18.69mm) by
28.4%. The PA-V metric further validates our superior ge-
ometric accuracy (8.78mm vs. 9.97mm for POEM), indi-
cating better pose structure recovery. The substantial gains
on this dataset highlight the robustness of joint-wise un-
certainty modeling when dealing with severe occlusions,
precisely the scenario where different hand joints exhibit
highly variable visibility across views.

On DexYCB-MV and OakInk-MYV, our method main-
tains consistent advantages with 5.45mm and 5.94mm
MPVPE respectively, outperforming POEM by 11.1% and
4.2%. Notably, our AUC scores (0.72-0.73) surpass all
baselines, indicating superior localization accuracy across
a wide range of distance thresholds.
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Figure 4. Accuracy-efficiency trade-off on HO3D-MV. Experi-
ments are conducted on a single RTX 3090 GPU.

To further demonstrate the robustness of our method un-
der degraded 2D image quality, we construct challenging
subsets by selecting the 10% cases with the highest per-
view 2D pose errors from POEM predictions across all three
datasets. As shown in Table 2, our method demonstrates re-
markable robustness in these challenging scenarios. On the
HO3D challenging subset, JUMP-Hand achieves 24.91mm
MPVPE compared to POEM’s 35.52mm, a substantial
29.9% improvement. Crucially, the AUC-V score increases
from 0.04 to 0.13, demonstrating significantly better key-
point localization under severe quality degradation. Similar
improvements are observed on the challenging subsets of
DexYCB (13.88mm to 10.37mm) and OakInk (13.85mm to
11.75mm). These results validate that our joint-wise uncer-
tainty modeling provides explicit confidence indicators that
naturally adapt to challenging viewing conditions, enabling
the network to down-weight unreliable observations while
leveraging high-quality cues from complementary views.
Efficiency analysis. Beyond accuracy, our method also
demonstrates favorable computational efficiency. As illus-
trated in Fig. 4, we achieve an optimal balance between re-
construction quality and inference speed.

4.4. Ablation

We conduct ablation studies on HO3D-MYV to validate the
main design choices, as reported in Table 3 and Table 4.

Gating Signals. We compare three gating mechanisms in
row (a)-(c) of Table 3. (a) Average Gating treats all views
uniformly (16.31mm MPJPE), serving as a baseline but suf-
fering when views exhibit vastly different reliability. (b)
Learnable Gating employs a trainable router network, im-
proving performance to 15.54mm (-0.77mm). However, it
lacks explicit probabilistic grounding and struggles to gen-
eralize to novel occlusion patterns. (c) Uncertainty-based
Gating (Ours) achieves the best result of 13.10mm, yielding
substantial improvements of 3.21mm and 2.44mm over av-
erage and learnable gating, respectively. This validates that

ID Gatng C R MPIJPE| PA-J| MPVPE| PA-V]
(@ Avg. v ¢ 1631 913 1643 954
(b) Learn. ¢ ¢ 1554 866 1568  9.19
(¢) Uncert. v ¢ 1310 830 1339  8.78
(d) Uncert. ¢¥ X 1661 980 1667 1032
(¢) Uncert. X ¢ 2155 1098 2219  11.83

Table 3. Ablation on gating signals and reconstruction stages.
‘C‘ and ‘R* denote the coarse and refinement stages. Experiment
(c) is our full model with uncertainty-based gating in both stages.
Metrics are reported on HO3D-MV (mm).

Gating

Datasets | \, "% | MPIPEL PA-JL MPVPE| PA-V|
Hoap. |Hard (Top2)| 18.16 1099 1852 1157
vy | Hard (Top-3)| 1547 909 1570 9.62
Soft (Ours) | 13.10 830 1339  8.78

Hard (Top-2)| 623 424 639 441

De’;}\?B' Hard (Top-4)| 570 379 590  4.01
Soft (Ours) | 531 3.61 545  3.77

Hard (Top-2)| 621 415 645 446

Oal\l/ld\‘,’k' Hard (Top-3)| 5.88 394 609 421
Soft (Ours) 5.72 3.86 5.94 4.13

Table 4. Comparison of gating mechanisms. Soft gating uses all
view experts, while Top-k selects the k most confident views for
each joint and discards the rest. Metrics are reported in mm.

joint-wise uncertainty provides a principled, interpretable
confidence measure that naturally adapts to view-dependent
visibility variations. The progressive performance gain
demonstrates that explicitly modeling observation reliabil-
ity is crucial for robust multi-view fusion.

Reconstruction Stages. Table 3 (d-e) reveals critical in-
sights into our two-stage design. (d) Removing the refine-
ment stage (relying solely on UG-DLT) increases the er-
ror to 16.61mm (+3.51mm). This confirms that while geo-
metric triangulation provides a sound initialization, iterative
feature refinement is essential for recovering fine-grained
details. Conversely, (¢) Removing the coarse stage causes a
severe degradation to 21.55mm (+8.45mm). This asymme-
try highlights a crucial finding: a robust geometric initial-
ization is fundamentally more critical than subsequent re-
finement. Without our uncertainty-weighted triangulation,
corrupted initial estimates inherently propagate through the
network, making accurate recovery nearly impossible. The
4.94mm larger performance drop in (e) vs. (d) quantita-
tively demonstrates that securing a reliable initialization is
the primary bottleneck in multi-view reconstruction.

Hard vs. Soft Gating. Table 4 compares top-k hard gat-
ing (selecting only the & most confident views per joint)
against our soft gating across three benchmarks. An inter-
esting pattern emerges: hard gating steadily improves as k
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Figure 5. Qualitative comparison. We visualized 2D images with challenges from multiple perspectives in the dataset, including (1)
motion blur, (2) occlusion, and (3) hand missing. When 3D hand reconstruction is performed based on these images, our method achieves
better reconstruction results compared with SOTA methods. This indicates that our explicit modeling approach has superior robustness.

increases. On HO3D-MYV, top-2 yields 18.16mm, while top-
3 achieves 15.47mm (-2.69mm). However, even the best
hard gating variants significantly underperform our soft gat-
ing: by 5.06mm on HO3D-MYV, 0.92mm on DexYCB-MYV,
and 0.16mm on OakInk-MV. Notably, this performance gap
is largest on HO3D-MYV, the most challenging dataset with
severe occlusions. This suggests that completely discarding
less reliable views via hard thresholding irreversibly elimi-
nates valuable contextual cues.

More revealingly, comparing across all three approaches
unveils a clear hierarchy of fusion strategies. POEM’s im-
plicit attention achieves 17.28mm on HO3D-MYV, falling be-
tween hard gating top-2 (18.16mm) and top-3 (15.47mm),
yet still 4.18mm worse than our soft gating (13.10mm).
This gap is most pronounced on HO3D-MYV, where soft gat-
ing outperforms POEM by 24.2%, compared to more mod-
est gains of 12.4% on DexYCB-MV and 4.8% on OakInk-
MV. This pattern reveals a fundamental insight: the bene-
fit of explicit, uncertainty-driven gating scales with scene
complexity. When occlusions are severe, implicit attention
mechanisms struggle to identify and suppress unreliable ob-
servations. Our soft gating strikes the optimal balance by
proportionally down-weighting noisy contributions based
on principled uncertainty while preserving all partial obser-
vations. This proves paramount in challenging scenarios
where every view contains complementary geometric infor-
mation necessary for accurate 3D hand reconstruction.

4.5. Qualitative Analysis

Fig. 5 compares reconstruction results under three challeng-
ing real-world conditions: motion blur, severe occlusion,

and missing views. As shown, baseline methods such as
MVP and POEM suffer from noticeable artifacts, including
surface distortions, unnatural articulations, and large geo-
metric errors in degraded regions. In contrast, JUMP-Hand
consistently recovers accurate and complete hand geometry
across all scenarios. This superior robustness stems from
our explicit uncertainty modeling, which detects and down-
weights unreliable observations while emphasizing high-
quality views, enabling graceful adaptation to varying ob-
servation quality without requiring scenario-specific tuning.

5. Conclusion and Future Work

In this paper, we propose JUMP-Hand, the first method to
leverage probabilistic joint-wise uncertainty as an explicit
gating signal for multi-view 3D hand reconstruction. By
conceptualizing each view as an independent expert and
quantifying its per-joint reliability, our method effectively
overcomes the limitations of prior works that indiscrimi-
nately aggregate multi-view information. This principled
gating mechanism unifies both the coarse triangulation and
refinement stages, establishing state-of-the-art performance
across three benchmarks, with particularly substantial gains
in highly challenging scenarios.

Limitation and future work. While our Gaussian-based
uncertainty modeling is computationally efficient and gen-
erally effective, its uni-modal nature may not fully capture
the complex, multi-modal ambiguities that arise from severe
occlusions. Future work will explore more expressive prob-
abilistic representations to better resolve uncertainty under
these extreme conditions.
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