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Abstract

Manually annotating accurate 3D hand poses is ex-
tremely time-consuming and labor-intensive. Existing self-
supervised hand pose estimation methods leverage the dis-
crepancy between input images and rendered outputs, or
multi-view consistency constraints, as the driving force to
optimize networks and progressively refine pose accuracy.
However, these methods are highly susceptible to noisy
pseudo-labels and overlook the importance of fully exploit-
ing fine-grained spatial correlations, which undermines the
stability of model training. To address these issues, we
propose UST-Hand, a self-supervised learning framework
that estimates uncertainty distribution of hand pose and
constructs a probabilistic point cloud feature space, which
enables the complex spatiotemporal relationship modeling.
UST-Hand employs a conditional normalizing flow model
to capture hand pose distributions and samples diverse hy-
potheses, facilitating robust learning under noisy pseudo-
labels supervision with enhanced stability. These multi-
hypothesis are mapped to a unified probabilistic 3D point
cloud space for multi-view and temporal feature interac-
tion, comprehensively exploring hand motion patterns and
fine-grained spatial correlations. Extensive experiments
on three challenging datasets demonstrate that UST-Hand
achieves state-of-the-art performance, outperforming exist-
ing self-supervised methods by up to 37.8% in Mean Per
Vertex Position Error (MPVPE).

1. Introduction

Reconstructing 3D hands from images is a fundamental task
in numerous human-computer interaction applications such
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as virtual and augmented reality (AR/VR), action and ges-
ture recognition [5], and robotic manipulation [1, 13, 58]. In
recent years, various depth-based [29, 44, 45, 48] and RGB-
based methods [7, 18, 41, 42,49, 50, 57, 67] have been pro-
posed for 3D hand pose estimation. However, the advance-
ment of these methods is primarily driven by the availability
of large-scale datasets with accurate 3D annotations, which
are usually prohibitively expensive and labor-intensive to
acquire. This annotation bottleneck significantly limits the
scalability of models and hinders their deployment in di-
verse real-world scenarios.

To alleviate the reliance on costly 3D annotations, recent
research has explored self-supervised learning paradigms.
For instance, the pioneering method S?Hand [12] attempts
to supervise hand reconstruction using noisy pseudo-labels
produced by an off-the-shelf 2D joint detector, leveraging
the discrepancy between input images and rendered out-
puts to drive network optimization. Building upon this
paradigm, HaMuCo [68] introduces cross-view feature in-
teraction and collaborative learning within the 2D visual
space to progressively enhance estimation accuracy.

However, pseudo-labels from 2D pose estimators in-
herently contain significant noise, and their indiscriminate
use for supervision results in unstable network training.
Moreover, existing methods fail to adequately exploit fine-
grained spatial correlations and temporal dynamics, result-
ing in an insufficient capture of complex 3D spatial rela-
tionships and hand motions. To address the noise problem,
we aim to preserve the uncertainty inherent in single-view
estimation. By constructing a continuous, shared 3D space
capable of capturing complex spatiotemporal relationships,
we can leverage multi-view and temporal cues for effective
pose disambiguation. In contrast to existing deterministic
approaches, this strategy more effectively preserves 3D in-
formation, avoids interference caused by noisy 2D pseudo-
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labels, and facilitates the robust interaction of diverse pose
hypotheses within a unified probabilistic feature space.

To this end, we propose UST-Hand, an Uncertainty-
aware Spatiotemporal point cloud interaction network for
3D hand pose estimation from synchronized and calibrated
multi-view video sequences. Unlike previous methods that
directly use deterministic pseudo-labels, UST-Hand effec-
tively estimates uncertainty distributions and constructs a
probabilistic point cloud space to comprehensively model
hand motion. Specifically, UST-Hand employs a condi-
tional normalizing flow to model the distribution of hand
joints and sample diverse hypotheses for each view. This
probabilistic formulation explicitly preserves uncertainty
information, enabling the network to learn robust represen-
tations and significantly improving training stability by pre-
venting noisy visual evidence from dominating the learning
process. Subsequently, UST-Hand lifts these multi-view 2D
hypotheses into a unified probabilistic 3D point cloud space
for multi-view and temporal feature fusion. Furthermore,
a Spatiotemporal Point Transformer (STPT) is designed as
a dynamic interaction module to comprehensively capture
fine-grained spatial correlations and temporal dynamics in-
herent in complex 3D hand structures and continuous mo-
tion trajectories. It leverages neighborhood interaction and
iterative refinement to progressively improve hand pose es-
timation. By integrating the uncertainty-aware spatiotem-
poral disambiguation cue, UST-Hand effectively achieves
high-quality 3D hand reconstruction, demonstrating excep-
tional robustness even under severely noisy pseudo-labels.

Experiments on three challenging multi-view hand
pose estimation datasets—HanCo [70], DexYCB [6], and
OaklInk [62]—show that UST-Hand outperforms existing
self-supervised methods by up to 37.8% in Mean Per Vertex
Position Error (MPVPE). Remarkably, our approach deliv-
ers comprehensive improvements even under the challeng-
ing supervision of highly noisy pseudo-labels. More im-
pressively, when leveraging pseudo-labels generated by the
strongest supervised state-of-the-art (SOTA) models, our
method still achieves significantly enhanced estimation ac-
curacy. In summary, our contributions are listed as follows:

* We propose UST-Hand, a self-supervised learning frame-
work that employs conditional normalizing flows to
model hand pose uncertainty distributions and sample
diverse hypotheses. This enables robust learning un-
der noisy pseudo-label supervision with significantly en-
hanced training stability.

* We introduce a unified probabilistic 3D point cloud fea-
ture space for multi-view and temporal interaction, and
design a Spatiotemporal Point Transformer (STPT) that
leverages neighborhood interaction and iterative refine-
ment to comprehensively explore fine-grained spatial cor-
relations and hand motion patterns.

» Extensive experiments on three challenging benchmarks

demonstrate that UST-Hand achieves SOTA performance
compared with existing self-supervised methods.

2. Related Work

3D Hand Pose Estimation with Limited Supervision.
While fully-supervised 3D hand pose estimation has ad-
vanced significantly with large-scale datasets [6, 19, 25, 26,
33, 39, 60, 62, 69, 70], acquiring precise 3D annotations re-
mains prohibitively expensive. Consequently, recent efforts
have shifted towards limited supervision paradigms [4, 8,
10, 12, 46, 47, 51, 55, 56, 59, 61, 65, 68], leveraging syn-
thetic data [10, 59, 61], depth regularizers [4], or biome-
chanical constraints [55].

Notably, self-supervised approaches like S?Hand [12]
and HaMuCo [68] utilize 2D pseudo-labels from off-the-
shelf detectors, with the latter incorporating multi-view
consistency. However, these deterministic methods are
highly susceptible to inherent pseudo-label noise and under-
utilize fine-grained spatiotemporal correlations. UST-Hand
addresses these critical bottlenecks by modeling pose uncer-
tainty distributions and establishing a probabilistic 3D point
cloud space for robust spatiotemporal interaction.
Multi-Hypothesis Pose Estimation. Given the inherent
ambiguity in the 2D-to-3D lifting process of pose estima-
tion, some studies have adopted the strategy of generat-
ing multiple hypotheses [2, 3, 9, 14, 17, 22, 31, 32, 34—
38, 40, 53, 54, 64]. Early methods relied on random sam-
pling [53], multiple regression heads [2], or VAEs [34, 64].

Recently, normalizing flows have emerged as a power-

ful tool for learning complex and ambiguous pose distribu-
tions [9, 14, 17, 35]. While methods like Ge et al. [22] re-
fine estimated distributions in discrete stages, our approach
uniquely employs conditional normalizing flows to sample
diverse view-specific hypotheses. We then lift these hy-
potheses into a unified probabilistic point cloud space, en-
abling stable and effective spatiotemporal disambiguation
even under noisy pseudo-label supervision.
Point Cloud Processing. As a compact spatial representa-
tion, point clouds preserve 3D spatial structure while avoid-
ing redundant storage. Qi et al. pioneered deep learning for
point cloud processing, introducing PointNet [43], which
paved the way for subsequent local convolution operators.
More recently, Point Transformer [66] uses vector atten-
tion for local neighboring points, while Point Cloud Trans-
former [24] proposes a neighbor embedding strategy.

In 3D hand pose estimation, point-based networks have
been utilized for point-wise regression [20, 21], canoni-
cal alignment [11, 15], and multi-view frustum intersection
(e.g., POEM [63]). In contrast to these deterministic rep-
resentations, our work explicitly constructs a probabilistic
3D point cloud space. Furthermore, we design a Spatiotem-
poral Point Transformer (STPT) that iteratively integrates
distributional uncertainty to comprehensively capture fine-
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Figure 1. Overview of the UST-Hand framework. The reconstruction consists of two stages: (1) generating confidence-aware 2D
features and sampling multi-view hypotheses via conditional normalizing flow (NF) to model uncertainty, and (2) lifting them into a
unified probabilistic 3D point cloud space to explore spatiotemporal correlations via a Spatiotemporal Point Transformer (STPT).

grained spatial correlations and temporal dynamics.

3. Method

UST-Hand is a self-supervised framework that achieves
accurate and robust 3D hand pose estimation by explic-
itly modeling uncertainty distributions and leveraging spa-
tiotemporal correlations under noisy pseudo-label supervi-
sion. The overview of UST-Hand is illustrated in Fig. 1.
To effectively decouple the noise inherent in 2D detec-
tions from the 3D lifting process, our framework operates
in two synergistic stages: probabilistic 2D multi-hypothesis
generation and 3D point cloud spatiotemporal interaction.
Assuming a set of calibrated multi-view image sequences
7= {Iv,t}X’:TLtd captured from V' views across 1" frames,
UST-Hand aims to reconstruct 3D hand joints J D ¢ REx3
and vertices V3P € R™*3 where k = 21 and m = 778, re-
spectively. The supervisory signal relies exclusively on 2D
pseudo-labels 722 € R**? generated by an off-the-shelf
hand pose detector, making our uncertainty-aware formula-
tion essential to prevent deterministic collapse and ensure
stable convergence during model training.

3.1. Heatmap-based Hand Joint Estimation

To extract comprehensive visual representations from
multi-view inputs, we adopt a pre-trained convolutional
neural network (CNN) backbone built on residual struc-
tures. Hierarchical feature learning is realized through
stacked residual blocks, producing multi-level feature maps
F = {F;}}_,. Each block progressively halves the spatial
dimension while increasing the channel dimension to cap-
ture abstract semantic information. We employ cascaded
upsampling modules to restore deep features to higher
spatial resolutions in a bottom-up manner, fusing them

with corresponding hierarchical features from the encoding
phase at each step. After restoring the resolution to 1/8 of
the original input size, a 1 x 1 convolutional layer trans-
forms the multi-scale feature map F,s into 2D likelihood
heatmaps. The output heatmap H encodes the spatial prob-
ability distribution of each joint p; € J;2°. We compute the
joint location and corresponding confidence by:

Pi = Y (huhy) - Hi(hu, ho), 1)
hy  hy

conf; = max(H;), 2)

where h,, h, represent the horizontal and vertical coordi-
nates of H;, and H is the normalized heatmap ensuring
all values sum to 1. The joint confidence ¢ = {conf;}%_;
serves as a crucial indicator of pseudo-label quality, guiding
subsequent joint-wise feature fusion, multi-view triangula-
tion, and training loss weighting.

3.2. Confidence-aware Feature Interaction

To mitigate the adverse effects of noisy pseudo-labels, we
design a confidence-aware mechanism that adaptively in-
tegrates reliability information into cross-view feature in-
teractions. We first construct multi-view joint features
through two complementary components: (1) spatial-aware
joint features Gpose € RV *#*Pr extracted from the high-
resolution feature map F4 using SAIGB [67], providing
structural guidance across all views; (2) joint-aligned local
features Gy € RV *#*Pa obtained via bilinear interpola-
tion (BLI) on jhzrll) and F ;. Consequently, the initial graph
is formed through feature concatenation:

Ginit = [Gpose H Gjaf} GRVXkXD7 D = Dp + Da- (3)

To explicitly incorporate uncertainty awareness, we pro-
pose a confidence-aware self-attention (CASA) mechanism.



Specifically, we augment the initial graph by concatenating
it with joint confidence and obtain G = [Giyi || c], then
we compute the self-attention as:

Q=W,G, K=W,G, V=W,G, @

T
Attn = softmax(QK ) V. 5
Vd

By embedding confidence into Q/K/V, tokens associ-
ated with low-quality pseudo-labels naturally yield smaller
query/key magnitudes and reduced mutual affinity, thereby
suppressing their influence. After passing through alternat-
ing adaptive-GCN and CASA layers, G evolves into a ro-
bust cross-view interactive graph G’ Finally, the fused fea-
ture Fy,q is obtained through an MLP, serving as the com-
prehensive 2D visual representation.

3.3. Uncertainty-Aware Multi-Hypothesis Genera-
tion

Unlike previous methods that rely on deterministic pseudo-
labels, UST-Hand explicitly models the uncertainty dis-
tribution of hand poses to generate diverse hypotheses.
We employ a conditional normalizing flow model, Real-
NVP [16], which learns a bijective mapping between a la-
tent prior z ~ A/(0, I) and 2D joint positions x, conditioned
on the cross-view features Fq.:

X = fé)(z; Ffuse), z = fe_l(x; Ffuse)7 (6)

where fy denotes the invertible transformation parameter-
ized by 6. The conditional distribution is:

—1

9 Fuse
ﬁ(X|Ffuse) = p(z) det % )

During training, we utilize the inverse transformation
fo ! to map pseudo-labels into the latent space and maxi-
mize the log-likelihood log p(Xpse|Ffuse). During inference,
we sample M instances z, from the prior distribution and
one key instance zy from the mean, generating M + 1 hy-
potheses {xo; X, } through fy. Conceptually, rather than ap-
plying standard geometric constraints (e.g., RANSAC), the
normalizing flow predicts a soft, continuous reliability dis-
tribution for each view. This probabilistic formulation en-
sures that partially occluded views are down-weighted but
still contribute, while unreliable signals are effectively sup-
pressed. This explicitly prevents noisy evidence from dom-
inating the subsequent attention-based aggregation, leading
to significantly enhanced training stability.

3.4. Unified Probabilistic 3D Point Cloud Space

To facilitate comprehensive spatiotemporal reasoning, we
construct a unified probabilistic 3D point cloud space
that aggregates multi-view information. =~ We perform

confidence-weighted Direct Linear Transform (DLT) tri-
angulation on the sampled multi-hypothesis keypoints
{x0;x,}, generating a 3D point cloud P = {Py; Py} in
world coordinates. Here, the anchor point cloud Py, derived
from random samples x,., is fixed to preserve distributional
uncertainty, while the query point cloud Fq, derived from
the mode xg, serves as the refinement target that dynami-
cally aggregates information from Ph.

To embed visual context into this geometric space, we
augment the multi-scale feature maps F,; with 2D spatial
sine positional encoding to enhance multi-view awareness:

Fos = Fos + Fpg. (8)

We project each 3D point to image coordinates (u,, vp)
across all views using camera parameters, and gather vi-
sual features {F;}}_, via BLI. These multi-view features
are fused through a bottleneck network to produce point-
wise features Fp. This establishes a unified probabilistic 3D
point cloud space jointly representing geometry and visual
cues, enabling effective spatiotemporal interaction.

3.5. Spatiotemporal Point Transformer for Iterative
Refinement

We formulate the anchor point cloud as Py = (Ca,Fa)
and the query point cloud as Py = (Cq, Fq), where C and
F denote coordinates and features, respectively. To com-
prehensively explore fine-grained spatial correlations and
temporal motion patterns, we design STPT that iteratively
refines Py through a dual-stage attention mechanism.

Spatiotemporal Self-Attention. Our dual-stage attention
mechanism processes query sequences of shape (B X
T,J,D), where B, T, and J represent batch size, tem-
poral window size, and the number of joints, respec-
tively. We first model intra-frame geometric relationships
via neighborhood-aware spatial attention. For each query
point ¢, we retrieve its k-nearest neighbors and compute:

F§, = SpatialAttn(Cq,; — Cq.;), ©

where relative position encoding J, = 6(Cq,; — Cq,;) en-
codes the geometric context between point ¢ and its neigh-
borhood j, capturing local structural dependencies.
Following spatial attention, features are reshaped to
(B, T, J, D) to enable temporal modeling. We inject learn-
able frame-wise positional embeddings and apply temporal
self-attention along the time axis for each hand joint to cap-
tures hand motion patterns across temporal sequences:

F¢ = TemporalAttn(F9). (10)
Cross-Attention and Iterative Position Refinement. We

establish cross-set correspondence between temporally-
aware query features th and the anchor point cloud P, to



leverage distributional uncertainty:
Fq,i = CrossAtin(F;, {Fa ;}jcx,), (11)

where CrossAttn denotes the cross-attention operation with
position encoding 6 = #(Cq,; — Ca,;) over the k-nearest
neighbors &;. The refinement can be formulated as:

Cq.i = Cq; + FEN(Fq.). (12)

Through K refinement iterations, STPT progressively
improves pose estimation by integrating spatial neighbor-
hood information, temporal motion cues, and distributional
uncertainty from the anchor point cloud.

Parametric Output. Upon completing K refinement it-
erations, we obtain final query representations FQ and re-
fined coordinates CQ. We employ the MANO model [52]
to generate explicit 3D hand mesh VP from the refined joint
positions, producing the final pose estimation.

3.6. Loss Functions

During the training phase, we strictly use 2D joint locations
predicted by an offline detector as pseudo-labels.

A custom mean squared error (MSE) loss is adopted to
supervise the predicted heatmap Hpeq by:

k
1
Ehmap = % Z(Hpred,i - Hpse,i)27 (13)
=1

where the pseudo-label heatmap Hps. ; is generated from
T ; through a 2D Gaussian function with o = 2.

We further supervise the 2D joint locations decoded from
the predicted heatmap by:

Lhmod =

k
S (B - TR (14)
=1

x| =

We utilize a negative log-likelihood loss to control the
uncertainty distribution of multi-hypothesis sampling:

Ly = —log p(xX|Fiuse)- (15)

For the refined query points jﬁ}gw and final hand joint
J3D ' we project them onto the pixel space of each view to
get their 2D positions Jo2,, and J20,. We then supervise
them with an L, distance loss using 2D pseudo-labels:

N

1 1<
ﬁpmjzd = N Z (k Z conf; Hu7qzu]gry,i - *7[)251371’@)

j=1 i=1

k
1
% > conf; | T2, - T s -
=1

(16)

The final loss can be formulated as:
L = XoLumap + M Limada + AoLnii + A3Lprojpa,  (17)

where \g, A1, A2, A3 are the tradeoff parameters to balance
the loss scale. Specifically, we set A\g = 0.001, \; = 10,
Ay = 0.1, and \3 = 10.

4. Experiment

4.1. Datasets and Evaluation Metrics

HanCo. HanCo [70] provides multi-view hand image se-
quences captured at SHz by 8 synchronized cameras, of-
fering crucial temporal and spatial consistency for unsu-
pervised learning. It contains 107,538 temporal instances,
yielding 860,304 RGB images in total.

DexYCB-MYV. DexYCB [6] captures hand-object manipu-
lations from 8 viewpoints. We adopt the official *SO’ parti-
tion and retain only right-hand observations. By aggregat-
ing synchronized multi-view images per temporal instance,
we construct DexYCB-MYV, comprising 25,387 training,
1,412 validation, and 4,951 testing multi-view samples.
QakInk-MYV. OakInk [62] provides 230K images from a
4-camera setup. Following the official SP2’ protocol, we
construct OakInk-MV by synchronizing images across all
views. For sequences involving two hands (~25%), each
hand is processed independently. The dataset yields 58,692
m.v. training samples and 19,909 testing samples.
Metrics. We evaluate our model using Mean Per Joint Po-
sition Error (MPJPE) and Mean Per Vertex Position Error
(MPVPE), along with their Procrustes-aligned variants (PA-
J/PA-V) [23]. We also report the F-Score [12] at Smm and
15mm, and the Area Under the Curve (AUC) for the Per-
centage of Correct Keypoints (PCK) across 100 uniformly
spaced thresholds ranging from 0 to S0mm.

4.2. Implementation Details

The implementation is based on PyTorch and executed on
dual 24G NVIDIA RTX 4090 GPUs. Training is conducted
over 30 epochs using a batch size of 8. Model parame-
ters are optimized via the Adam algorithm, starting with a
learning rate of 3 x 10~* which undergoes a tenfold reduc-
tion at epoch 20. Across all multi-view experimental set-
tings, ResNet34 [27] serves as the backbone network, with
parameters initialized from ImageNet pre-training weights.
For temporal processing, we construct a sliding window
of length 5 with 1 stride, positioned centrally around each
frame in the video sequence. For frames lacking suffi-
cient context (at sequence boundaries), we apply replica-
tion padding by duplicating the closest available frames.
The temporal and batch axes are merged prior to apply-
ing temporal self-attention mechanisms, then separated dur-
ing attention computation to effectively model hand move-
ment dynamics. During training, we employ conventional



Table 1. Quantitative results on three multi-view datasets, HanCo, DexYCB-MYV, OakInk-MV. The AUC-V and AUC-J are computed on
MPVPE and MPJPE respectively, with the thresholds setting to 0-50 mm for all three datasets.

Methods Hand vertices Hand joints
MPVPE| \ PA-V] \ AUC-V?T \ F@51 \ F@151 | MPJPE] \ PA-J| \ AUC-J1

1 | UST-Hand 5.82 4.13 0.884 0.749 | 0.999 5.19 3.50 0.897

o2 | 2 | HaMuCo [68] 9.35 5.38 0,813 0.581 0.974 8.73 4.77 0.826
2 .5 3 | Wilor [42] 12.70 5.49 0.746 0432 | 0.937 11.80 5.95 0.765
= ~ | 4 | UST-Hand w/o hmap. 6.42 4.33 0.872 0.716 | 0.998 5.80 3.69 0.884
~ | 5 | UST-Hand w/o proj. 6.14 4.25 0.877 0.716 | 0.998 5.64 3.80 0.887

6 | UST-Hand w/o STPT. 6.05 4.23 0.879 0.712 | 0.998 553 3.66 0.890

> 7 | UST-Hand 8.16 4.81 0.837 0.609 | 0.982 7.84 5.31 0.843
=2 | 8 | HaMuCo [68] 9.54 5.32 0.810 0.539 | 0.963 9.25 5.71 0.816
8 .E 9 | Wilor [42] 10.83 5.88 0.787 0.524 | 0.936 10.52 6.08 0.793
>>-<< ~ | 10 | UST-Hand w/o hmap. 8.94 543 0.825 0.554 | 0.973 8.76 5.90 0.825
A ~ | 11 | UST-Hand w/o proj. 8.70 5.15 0.826 0.574 | 0.979 8.40 5.59 0.832
12 | UST-Hand w/o STPT. 8.78 5.17 0.825 0.571 0.976 8.46 5.69 0.831

13 | UST-Hand 10.02 5.72 0.800 0.511 | 0.982 8.70 5.58 0.827

E < | 14 | HaMuCo [68] 13.04 7.12 0.751 0.433 | 0.937 12.03 6.90 0.770
3 | 15 | Wilor [42] 15.66 7.37 0.707 0.429 | 0.887 15.08 7.49 0.718
é Er 16 | UST-Hand w/o hmap. 11.75 6.18 0.778 0.487 | 0.977 10.08 5.99 0.803
A~ | 17 | UST-Hand w/o proj. 10.41 5.77 0.793 0.501 0.981 9.08 5.69 0.820
18 | UST-Hand w/o STPT. 10.77 5.86 0.789 0.490 | 0.980 9.01 5.74 0.818

data augmentation, including random center offset (within
+5%), scaling (+£6%), color jittering (+30%), and rotation
(£10°). To preserve consistency across time, all frames
within the same numbers receive identical augmentation.

4.3. Quantitative Evaluation

As shown in Tab. 1, our UST-Hand method (rows #1, #7,
#13) achieves state-of-the-art performance across all three
datasets under the same multi-view settings. Compared to
HaMuCo [68] (rows #2, #8, #14), the previous state-of-the-
art self-supervised approach, UST-Hand significantly re-
duces MPVPE by 37.8% on HanCo (9.35mm—5.82mm),
14.5% on DexYCB-MV (9.54mm—8.16mm), and 23.2%
on OakInk-MV (13.04mm—10.02mm). Similar substantial
improvements are observed in MPJPE and other evaluation
metrics, with AUC-V gains of 16.2%, 3.3%, and 6.5% re-
spectively. To the best of our knowledge, HaMuCo remains
the only other method that exploits multi-view data for self-
supervised hand pose estimation.

We further compare against Wilor [42] (rows #3, #9,
#15), a SOTA offline monocular hand pose detector for pro-
ducing pseudo labels. Wilor is selected for two key reasons:
first, its superior occlusion-handling capability makes it a
rigorous benchmark for performance evaluation; second, as
an advanced method capable of generating 3D hand meshes,
it provides direct and meaningful reference for assessing 3D
reconstruction quality. Experimental results show that our
method substantially outperforms Wilor in 3D pose estima-

tion, demonstrating the effectiveness of our network archi-
tecture and training strategy.

4.4. Ablation Study

To validate the contribution of each component, we con-
duct comprehensive ablation studies on all three datasets,
with results presented in rows #4-6, #10-12, and #16-18 of
Tab. 1. See the supplement for more details.

Heatmap Module. The heatmap generation in our first
stage provides essential coordinate priors for 2D visual fea-
ture interaction and produces joint confidence scores that
reflect pseudo-label reliability. These confidence scores
guide feature interaction, algebraic triangulation, and loss
weighting throughout the network. Removing heatmaps
(rows #4, #10, #16) and setting all confidences to 1 leads
to MPVPE increases of 10.3%, 9.6%, and 17.3% across the
three datasets, confirming that confidence-weighted initial-
ization is crucial for handling noisy pseudo-labels.
Projection Fusion Module. This component connects the
3D probabilistic point cloud with 2D visual observations by
fusing the retrieved 2D features into comprehensive 3D vi-
sual perception. Ablating this module (rows #5, #11, #17)
and simply concatenating 2D features degrades MPVPE
by 5.5%, 6.6%, and 3.9%, highlighting the importance of
explicitly establishing geometry-vision correspondence for
accurate pose refinement.

STPT Module. As the key component of our second stage,
STPT performs information interaction over the point cloud



Table 2. Quantitative results (mm) on the HanCo dataset.

View Method MPJPE | PA-J |
) HaMuCo 10.14 5.92
UST-Hand_t1 7.18 4.84
4 HaMuCo 9.60 5.53
UST-Hand_t1 6.01 3.93
6 HaMuCo 8.92 5.11
UST-Hand_t1 5.67 3.67
g HaMuCo 8.73 4.77
UST-Hand_t1 5.38 3.55

Table 3. Multi-view inference results under the supervision of 2D
pseudo-labels of varying quality on the HanCo dataset.

Method

MPJPE |

PA-J |

Self-Supervised (OpenPose Pseudo-labels):

EpipolarTrans [28] 11.2 9.0
LT-Algebraic [30] 10.3 7.8
LT-Volumetric [30] 10.6 8.0
HaMuCo [68] 8.8 53
UST-Hand 7.5 5.0
Self-Supervised (Wilor Pseudo-labels ):
EpipolarTrans [28] 9.3 7.9
LT-Algebraic [30] 8.5 5.7
LT-Volumetric [30] 8.4 5.8
HaMuCo [68] 8.7 4.6
UST-Hand 5.2 3.5
Fully-Supervised (2D Ground-truth)
EpipolarTrans [28] 6.2 4.2
LT-Algebraic [30] 5.5 3.6
LT-Volumetric [30] 5.8 3.6
HaMuCo [68] 6.0 32
UST-Hand 3.7 24

to continuously refine hand pose features by exploring com-
plex spatial-temporal relationships across multiple views
and frames. Without STPT (rows #6, #12, #18), directly
estimating MANO parameters from query features causes
MPVPE to increase by 4.0%, 7.6%, and 7.5%. This demon-
strates the importance of explicit reasoning hand pose over
a unified space through spatiotemporal interaction.

Sparse-view Robustness. To evaluate performance under
limited camera setups, we compare HaMuCo against our
single-frame variant (UST-Hand_tl) across varying view
densities on the HanCo dataset, using Wilor pseudo-labels.
As shown in Tab. 2, UST-Hand_tl consistently achieves
state-of-the-art accuracy under every view configuration.
Notably, even without relying on temporal cues, our method
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Figure 3. Average 2D pixel error under different view settings.
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Figure 4. visualization of 2D joint predictions (overlaid on the
images) among the ground-truth (GT), offline hand pose detectors
(Wilor and OpenPose), the compared method HaMuCo, and UST-
Hand on the HanCo dataset. Regions with significant prediction
errors are highlighted with red circles.

significantly outperforms HaMuCo in the standard 8-view
setting and maintains striking superiority in highly sparse
scenarios (yielding MPJPE improvements of 2.96, 3.59,
3.25, and 3.35 mm under 2, 4, 6, and 8 views, respectively).
While fewer views inevitably increase geometric ambiguity,
our uncertainty-aware formulation effectively avoids deter-
ministic collapse, demonstrating exceptional robustness and
generalization across diverse multi-view setups.

4.5. Robustness to Pseudo-Label Quality

To evaluate robustness under varying pseudo-label qual-
ity, we conduct experiments with three supervision set-
tings on HanCo, as shown in Tab. 3. We compare against
EpipolarTrans [28], Learnable Triangulation (LT) [30], and
HaMuCo [68], where EpipolarTrans and LT are adapted



(a) HanCo

(b) DexYCB-MV

(¢) Oaklnk-MV

Figure 5. The 3D mesh visualization (overlaid in the images) between ground-truth, Wilor, and UST-Hand on (a) HanCo, (b) DexYCB-MYV,
and (c) OakInk-MV datasets. The regions with significant prediction errors have been circled in red.

from fully-supervised multi-view human pose estimation
to self-supervised settings. Unlike deterministic methods
like HaMuCo that tend to overfit to pseudo-label noise, our
uncertainty-aware formulation effectively denoises the 2D
pseudo-labels. Using low-quality OpenPose detections that
lack hand model constraints and exhibit large errors, UST-
Hand achieves 7.5 mm MPJPE, outperforming HaMuCo by
14.8%. Notably, even when building upon Wilor with ex-
ceptional quality and occlusion robustness, UST-Hand still
achieves substantial improvements with 5.3 mm MPJPE,
outperforming HaMuCo by 26.4%. Under ground-truth
2D supervision exploring the upper bound, UST-Hand
achieves 3.7mm MPJPE and 2.4 mm PA-MPJPE, surpass-
ing HaMuCo by 38.3%. Across all settings, UST-Hand con-
sistently achieves the best performance, proving our inher-
ent robustness against noisy supervision and the capability
to effectively exploit high-quality cues.

4.6. Qualitative Result

Fig. 2 presents the confidence visualization results of se-
lected hand keypoints for UST-Hand during training and
testing on the HanCo dataset. A significant inverse corre-
lation between the predicted confidence scores and pose es-
timation errors is observed. This demonstrates that UST-
Hand effectively learns meaningful keypoint confidences
that accurately reflect prediction quality.

Fig. 3 compares the average 2D pixel errors across vary-
ing view counts. Here, Wilor provides the noisy pseudo-
labels for self-supervised training, exhibiting natural error
fluctuations as views change. The curves demonstrate that
UST-Hand consistently achieves lower errors than the Wilor
baseline under all settings. In contrast, HaMuCo degrades
severely under sparse views and merely approaches Wilor
with dense views. This indicates a tendency for HaMuCo to
overfit to noisy supervision, whereas UST-Hand overcomes
this limitation, showcasing exceptional robustness.

Fig. 4 illustrates a qualitative comparison of 2D hand
keypoint predictions on the HanCo dataset. Among the of-
fline hand pose detectors, the 2D keypoints generated by
OpenPose are highly susceptible to occlusion and image
truncation, resulting in substantial noise. While Wilor sig-
nificantly improves occlusion robustness and yields more
plausible hand poses, substantial errors still remain. In con-
trast, by effectively leveraging geometric correction, our
method demonstrates superior occlusion handling ability.
UST-Hand not only outperforms both the offline detectors
and HaMuCo, but also achieves 2D keypoint predictions
that are most consistent with the ground truth.

Furthermore, Fig. 5 shows the visualization results of 3D
hand meshes from 3 different views. The comparative re-
sults vividly demonstrate that our method improves the ac-
curacy of 3D hand reconstruction. More qualitative results
are provided in the Supplementary Material.

5. Conclusion

This work presents UST-Hand, a self-supervised framework
for 3D hand pose estimation from synchronized multi-view
video sequences, effectively eliminating costly 3D anno-
tations. To overcome training instability caused by noisy
pseudo-labels, UST-Hand employs conditional normalizing
flows to explicitly model pose uncertainty. Diverse 2D
hypotheses are lifted into a unified probabilistic 3D point
cloud space, where a Spatiotemporal Point Transformer
(STPT) iteratively refines poses. Extensive experiments on
three challenging benchmarks demonstrate state-of-the-art
performance. Our efficient model supports real-time multi-
view and monocular inference, maintaining striking supe-
riority across varying camera densities and pseudo-label
qualities. Ultimately, this uncertainty-aware probabilistic
paradigm offers a promising solution for general articulated
object reconstruction under noisy supervision.
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6. Video Demo

We provide sequential visualizations in the attached video
to illustrate our method’s performance.

7. Additional Ablation Study

To further validate our approach, we conduct fine-grained
ablation studies on the individual components within the
Confidence-aware feature interaction module and the Spa-
tiotemporal Point Transformer (STPT). As shown in Tab. 4,
in the Confidence-aware feature interaction module, remov-
ing the adaptive-GCN or CASA mechanism leads to per-
formance degradation, demonstrating that both structural
topology modeling and confidence-aware feature aggrega-
tion contribute to robust cross-view feature interaction. For
the STPT module, temporal attention shows the largest im-
pact, highlighting the importance of exploiting temporal
consistency for video-based hand pose estimation. These
results confirm that each component plays an indispensable
role in achieving accurate pose refinement.

Table 4. Additional Ablation Study of UST-Hand on DexYCB-
MYV dataset. We report the MPVPE (mm), PA-V (mm), MPJPE
(mm), PA-J (mm).

Method MPVPE PA-V  MPIPE PA-J
UST-Hand 8.16 4.81 7.84 5.31
w/o GCN 8.22 4.83 7.90 541
w/o CASA 8.28 4.87 7.95 543

w/o Spatial Attn 8.46 5.02 8.18 5.58
w/o Temporal Attn 8.55 5.09 8.20 5.64
w/o CrossAttn 8.50 4.99 8.15 5.59

8. Model Analysis

Different Temporal Length. We examine the performance
of UST-Hand with varying temporal lengths in the video se-
quence. The results on HanCo dataset are shown in Tab. 5
rows t1-t7. We find that using 5 frames achieves the best
performance. Increasing temporal length from 1 to 5 frames
enables the model to capture hand motion patterns and re-
duce frame-wise jittering. However, extending to 7 frames
shows marginal degradation, suggesting that excessively
long temporal windows may introduce optimization chal-
lenges. We use a temporal length of 5 to balance modeling
capacity and computational efficiency.

Table 5. Performance of UST-Hand on varying temporal length,
the number of STPT blocks and cameras in the multi-view setting.
The best results are highlighted in bold.

Exp | MPVPE PA-V MPJPE PAJ]
tl | 594 415 538 355
B3 | 591 410 527 353
o 5| 58 413 519 350
Q| 7 | 587 407 525 351
S bl | 601 419 545 362
b2 | 595 417 540 355
b3 | 588 413 534 351
bd | 582 413 519 350
m | c2 | 1090 7.06 1048 7.12
S|4 | 963 602 933 619
g | c6 841 516 817 561
218 | 816 481 784 531

Different Number of STPT Blocks. We evaluate the per-
formance of UST-Hand on varying the number of STPT
blocks. The results on HanCo dataset are shown in Tab. 5
rows bl-b4. The results show that stacking more STPT
blocks consistently improves performance. This validates
that iterative refinement through multiple blocks enables the
model to progressively correct pose errors by repeatedly in-
tegrating spatiotemporal information and distributional un-
certainty. We use 4 STPT blocks in our final model to
achieve optimal performance.

Different Number of Cameras. We evaluate UST-Hand
across varying numbers of cameras in the multi-view set-
ting. The results on the DexYCB dataset are shown in Tab. 5
rows c2-c8, where ’c2” indicates the use of two cameras.
The results demonstrate that UST-Hand effectively fuses
complementary features from diverse viewpoints, boosting
overall performance as the number of cameras increases.

9. More Qualitative Results

We provide comprehensive qualitative results across all
three evaluation datasets to further validate our method’s su-
periority. Specifically, Figs. 6 to 8 compare our method with
the SOTA approach HaMuCo, where both models utilize 2D
keypoints generated by Wilor for self-supervision. Further-
more, Figs. 9 to 11 explicitly highlight the robustness of
UST-Hand in maintaining strict multi-view geometric con-
sistency, even when encountering highly diverse hand poses
and complex camera view configurations.



Figure 7. 2D joints prediction and 3D mesh prediction between ground-truth, Wilor, HaMuCo, and ours on DexYCB-MV dataset.

Wilor HaMuCo

Figure 8. 2D joints prediction and 3D mesh prediction between ground-truth, Wilor, HaMuCo, and ours on OakInk-MV dataset.
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Figure 11. Qualitative results of each view on OakInk-MYV dataset.
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