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Figure 1. MaskHand: a novel generative masked model for accurate and robust 3D hand mesh recovery from single RGB images, excelling
in diverse scenarios like occlusions, hand-object interactions, and varied appearances. Watch our Supplemental Video to see it in action!

Abstract

Reconstructing a 3D hand mesh from a single RGB
image is challenging due to complex articulations, self-
occlusions, and depth ambiguities. Traditional discrimina-
tive methods, which learn a deterministic mapping from a
2D image to a single 3D mesh, often struggle with the inher-
ent ambiguities in 2D-to-3D mapping. To address this chal-
lenge, we propose MaskHand, a novel generative masked
model for hand mesh recovery that synthesizes plausible
3D hand meshes by learning and sampling from the prob-
abilistic distribution of the ambiguous 2D-to-3D mapping
process. MaskHand consists of two key components: (1) a
VQ-MANO, which encodes 3D hand articulations as dis-
crete pose tokens in a latent space, and (2) a Context-
Guided Masked Transformer that randomly masks out pose
tokens and learns their joint distribution, conditioned on
corrupted token sequence, image context, and 2D pose cues.
This learned distribution facilitates confidence-guided sam-
pling during inference, producing mesh reconstructions
with low uncertainty and high precision. Extensive eval-
uations on benchmark and real-world datasets demonstrate
that MaskHand achieves state-of-the-art accuracy, robust-

ness, and realism in 3D hand mesh reconstruction. Project
website: https://m—-usamasaleem.github.io/
publication/MaskHand/MaskHand.html.

1. Introduction

Hand mesh recovery has gained significant interest in com-
puter vision due to its broad applications in fields such as
robotics, human-computer interaction [43, 57], animation,
and AR/VR [12, 31]. While previous methods have ex-
plored markerless, image-based hand understanding, most
depend on depth cameras [3, 24, 44, 50, 58] or multi-view
images [5, 25, 54, 56]. Consequently, most of these meth-
ods are not feasible for real-world applications where only
monocular RGB images are accessible. On the other hand,
monocular hand mesh recovery from a single RGB image,
especially without body context or explicit camera param-
eters, is highly challenging due to substantial variations in
hand appearance in 3D space, frequent self-occlusions, and
complex articulations.

Recent advances, especially in transformer-based meth-
ods, have shown significant promise in monocular hand
mesh recovery (HMR) by capturing intricate hand struc-
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tures and spatial relationships. For instance, METRO
[15] and MeshGraphormer [40] utilize multi-layer atten-
tion mechanisms to model both vertex-vertex and vertex-
joint interactions, thereby enhancing mesh fidelity. Later,
HaMeR [48] illustrated the scaling benefits of large vision
transformers and extensive datasets for HMR, achieving im-
proved reconstruction accuracy. However, these methods
are inherently discriminative, producing deterministic out-
puts for each image. Consequently, they face limitations in
complex, real-world scenes where ambiguities arise due to
occlusions, hand-object interactions, and challenging view-
points are prevalent.

Multiple Reconstruction Hypothes;s with Explicit Confidence Levels
r

1
10th 100th 1000th
0.1% ~0%

Vi

Input Ground Truth 1.

st 7th
76% 5%

0.1%
69% 4% 1% 0.1% ~0%
¢ N\
! !
TV E
-

Figure 2. MaskHand is a quantifiable probabilistic HMR method
that can learn 2D-to-3D mapping distributions and explicitly es-
timate confidence levels or prediction probabilities for all mesh
reconstruction hypotheses

To overcome these limitations, we introduce MaskHand,
a novel generative masked model designed for accurate 3D
hand mesh recovery. By learning and sampling from the
underlying joint distribution of hand articulations and im-
age features, our model synthesizes most probable 3D hand
meshes, mitigating ambiguities inherent in single-view re-
construction as shown in Figure 2. MaskHand consists of
two main components: a VQ-MANO and a context-guided
masked transformer, which are trained in two consecutive
stages. In the first stage, VQ-MANO is trained with Vec-
tor Quantized Variational Autoencoders (VQ-VAE) [60] to
encode continuous hand poses (e.g., joint rotations) of the
MONO parametric hand model into a sequence of discrete
pose tokens. The discretization in VQ-MANO is crucial for
generative masked modeling, allowing the model to learn
per-token probabilities conditioned on the input image. In
the second stage, the token sequence is partially masked and
the context-guided masked transformer is trained to recon-
struct the masked tokens by learning token conditional dis-
tribution, based on multiple contextual clues, including cor-
rupted token sequence, image features, and 2D pose struc-
tures. The learned distribution enables uncertainty quan-
tification at each prediction step, facilitating confidence-
guided sampling to iteratively refine mesh reconstructions.
By selectively retaining high-confidence tokens during in-
ference, MaskHand minimizes uncertainty in the 2D-to-3D
mapping, enabling high-precision hand mesh recovery, even

in occluded and ambiguous scenarios.

* MaskHand is the first to leverage generative masked
modeling for reconstructing robust 3D hand mesh. The
main idea is to explicitly learn the 2D-to-3D probabilis-
tic mapping and synthesize high-confidence, plausible 3D
meshes by sampling from learned distribution.

* We design context-guided masked transformer that effec-
tively fuses multiple contextual clues, including 2D pose,
image features, and unmasked 3D pose tokens.

* We propose differential masked training to learn hand
pose token distribution, conditioned on all contextual
clues. This learned distribution facilitates confidence-
guided sampling during inference, producing mesh recon-
structions with low uncertainty and high precision.

* We show that MaskHand is a generic framework that uni-
fies hand-mesh estimation and hand-mesh generation.

* We demonstrate through extensive experiments that
MaskHand outperforms SOTA methods on standard
datasets.

2. Related Work

2.1. Discriminative Methods

Human hand recovery has been developed in recent years,
with early approaches [23, 29, 59, 62, 71, 73] leveraging op-
timization techniques to estimate hand poses based on 2D
skeleton detections. Later, MANO [52] introduced a dif-
ferentiable parametric mesh model that capture hand shape
and articulation, allowing the model to provide a plausible
mesh with end-to-end estimation of model parameters di-
rectly from a single-view image. Boukhayma et al. [6]
presented the first fully learnable framework to directly pre-
dict the MANO hand model parameters [52] from RGB im-
ages. Similarly, several subsequent methods have leveraged
heatmaps [70] and iterative refinement techniques [4] to en-
sure 2D alignment. Kulon et al. [35, 36] proposed a differ-
ent regression approach that predicts 3D vertices instead of
MANO pose parameters, achieving notable improvements
over prior methods. Recent methods, such as METRO [49],
MeshGraphormer [40], HaMeR [48] achieve the SOTA per-
formance by modeling both vertex-vertex and vertex-joint
interactions. These existing methods, based on discrimi-
native regression, learn a deterministic mapping from the
input image to the output mesh. This deterministic ap-
proach struggles to capture the uncertainties and ambigu-
ities caused by hand self-occlusions, interactions with ob-
jects, and extreme poses or camera angles, resulting in un-
realistic hand mesh reconstructions.

2.2. Generative Methods

Our MaskHand employs a generative method that learns
a probabilistic mapping from the input image to the out-
put mesh. It utilizes this learned distribution to synthe-
size high-confidence, plausible 3D hand meshes based on
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2D visual contexts. HHMR [37] is the only other genera-
tive hand mesh recovery method in the literature. Unlike
HHMR [37] that utilizes diffusion models, MaskHand is in-
spired by the success of masked image and language models
for image and text generation tasks [8, 9, 18, 19, 72]. This
fundamental difference allows MaskHand to explicitly and
quantitatively estimate confidence levels or prediction prob-
abilities for all mesh reconstruction hypotheses, enabling
confidence-guided hypothesis selection for accurate recon-
struction, as shown in Fig. 2. In contrast, HHMR’s denois-
ing diffusion process synthesizes multiple mesh hypotheses
without associating a confidence level with each hypothesis.
Thus, it only reports the theoretically best mesh reconstruc-
tion by finding the hypothesis with minimal reconstruction
errors under the assumption that ground-truth meshes are
available.

3. Proposed Method: MaskHand

Problem Formulation. Given a single-hand image I, we
aim to learn a mapping function f(I) = {6, 5, 7} that out-
put the MANO [52] model parameters from the input im-
age. This mapping function encompasses three key compo-
nents: the hand pose parameters € R*®, shape parameters
B € R19, and camera parameters 7 € R3, enabling com-
prehensive 3D hand reconstruction.

Overview of Proposed Method. As shown in Figure 3,
MaskHand consists of two primary modules: VQ-MANO
and the Context-Guided Masked Transformer. Initially,
VQ-MANO discretizes 3D MANO pose parameters ()
into discrete tokens, enabling generative masked model-
ing and uncertainty quantification. Next, the Context-
Guided Masked Transformer leverages an encoder-decoder
structure: the encoder extracts multi-scale image features,
which, combined with 2D pose cues and unmasked tokens,
are processed by the masked decoder. The decoder em-
ploys Graph-based Anatomical Pose Refinement to capture
joint dependencies and a Context-Infused Masked Synthe-
sizer to fuse visual features and token interactions, learn-
ing the probabilistic reconstruction via differential masked
modeling. During inference, pose predictions are iteratively
refined by selectively retaining high-confidence tokens and
re-masking uncertain ones, progressively improving accu-
racy. Finally, the reconstruction is completed as the pre-
dicted pose (#) , shape (8) and camera parameters (7) are
feed into the MANO hand model.

3.1. Hand Model and VQ-MANO

Our approach employs the MANO model [52], which maps
pose 0 € R*® and shape 3 € R to a 3D hand mesh M €
R778%3 and joint locations X € R?!'*3 representing both
hand surface and pose.

VQ-MANO is a MANO hand tokenizer that employs
a 1D convolutional autoencoder to learn a discrete latent
space for 3D pose parameters § € R*® by quantizing the
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continuous pose embeddings into a learned codebook C
with discrete code entries, as depicted in Figure 3(a). A key
feature is its upsampling mechanism, expanding 16 MANO
poses into 64 discrete pose tokens, which enhances spatial
detail and improves mesh recovery accuracy (Supplemen-
tary Section C). To this end, we employ a Vector Quantized
Variational Autoencoder (VQ-VAE) [60] for pretraining the
tokenizer. Specifically, we input the MANO pose parame-
ters 6 into a convolutional encoder F/, which maps them to
a latent embedding z. Each embedding z; is then quantized
to its nearest codebook entry ¢, € C based on Euclidean
distance, defined as

& = arg min lz; — ek
The total loss function of VQ-MANO is formulated as:

qu-mano = )\reﬁrecon + >\E|| Sg[z] - CHQ + AaHZ - Sg[C]HQa

where Lyg-mano consists of a MANO reconstruction loss
Liecons @ latent embedding loss, and a commitment loss,
weighted by hyperparameters A, Ag, and A, respectively.
Here, sg[-] denotes the stop-gradient operator, which pre-
vents gradients from flowing through its argument during
backpropagation. To further enhance reconstruction qual-
ity, we incorporate an additional L1 loss:

Erecon = )\9£0 + )\V'CV + )\J'C.h

which aims to minimize the discrepancies between the pre-
dicted and ground-truth MANO parameters, including the
pose parameters #, mesh vertices V', and hand joints J. The
tokenizer is optimized using a straight-through gradient es-
timator to facilitate gradient propagation through the non-
differentiable quantization step. Additionally, the codebook
entries C' are updated via exponential moving averages and
periodic codebook resets, as described in [21, 64].

3.2. Context-Guided Masked Transformer

The context-guided masked transformer comprises two
main components: the multi-scale image encoder and the
masked graph transformer decoder.

3.2.1. Multi-scale Image Encoder

Our encoder uses a vision transformer (ViT-H/16) [2] to ex-
tract image features [48], processing 16x16 pixel patches
into feature tokens. Following ViTDet [38], we adopt a
multi-scale feature approach by upsampling the initial fea-
ture map to produce feature maps at varying resolutions.
This multi-scale representation is critical for handling com-
plex articulations and self-occlusions in hand poses. High-
resolution maps provide fine-grained joint details, while
low-resolution maps capture global hand structure, balanc-
ing precision in joint positioning with overall anatomical
coherence. Moreover, we utilize cross-attention with low-
resolution feature maps in the x-Attention head to regress
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Figure 4. Architecture of Graph-based Anatomical Pose Refine-
ment (GAPR) and Context-Infused Masked Synthesizer, illustrat-
ing fusion of anatomical pose dependencies and contextual cues
for precise mesh reconstruction.

stable shape parameters () and camera orientation (7),
making the process computationally efficient. This ap-
proach decouples shape estimation from pose modeling,
preserving morphological stability and spatial alignment,
and enhancing robustness and anatomical accuracy in 3D
hand reconstruction.

3.2.2. Masked Graph Transformer Decoder

The Masked Transformer Decoder is composed of two key
components (Figure 3 and 4): Graph-based Anatomical
Pose Refinement (GAPR) and the Context-Infused Masked
Synthesizer Module.

Graph-based Anatomical Pose Refinement (GAPR). Our
decoder employs two blocks of a lightweight graph trans-
former that process pose tokens generated by VQ-MANO,
enriched with 2D pose guidance, ensuring anatomically co-
herent hand reconstructions as shown in Figure 4. To con-
struct a hand-kinematic aware 2D pose token, we first pro-
cess OpenPose 2D keypoints [7] through a Graph Convo-
lutional Network (GCN) with a fixed hand skeleton adja-
cency matrix, capturing explicit kinematic structures. Si-
multaneously, VQ-MANO pose tokens, which inherently
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encode implicit and non-linear joint dependencies, are ex-
tracted. These two representations are then fused and re-
fined through two graph transformer block, where learn-
able adjacency matrices adaptively model complex joint re-
lationships, ensuring robust spatial and structural consis-
tency. To further enhance stability and anatomical accuracy,
we integrate a transformer encoder with a Squeeze-and-
Excitation (SE) block [30], which emphasizes joint orien-
tations and angles while ensuring spatial alignment through
a 1x1 convolution layer. Within the transformer encoder,
Multi-Head Attention (MHA) and pointwise convolution
layers refine high-resolution dependencies between joints,
producing a cohesive and anatomically aligned 3D pose rep-
resentation, denoted as Qgapr. The output Qgapr is formu-
lated as:

Q" = MHA(Norm(Qc)) + Conv(Norm(Qc)) + Qc (1)

QGAPR = SE(NOI'I’H(Q/)) (2)

where Qc € RE*P represents MANO pose tokens and 2D
pose context queries, and Qgapr is the stabilized, anatom-
ically consistent pose representation. These refined tokens
Qcapr are then processed by the Context-Infused Masked
Synthesizer to generate precise 3D hand meshes.

Context-Infused Masked Synthesizer. We leverage a
multi-layer transformer (as shown in Figure 4) whose inputs
are refined pose tokens (Qgapr and cross-attends them with
multi-scale feature maps generated by the image encoder.
To enhance computational efficiency with high-resolution
feature maps, a deformable cross-attention mechanism is
employed [75]. This allows each pose token to focus on
a selected set of sampling points around a learnable ref-
erence point, rather than the entire feature map. By con-
centrating attention on relevant areas, the model achieves a
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balance between computational efficiency and spatial preci-
sion, preserving essential information for accurate 3D hand
modeling. The deformable cross-attention is defined as:

MCDA(Qcapr: Py, {2'}) = Y _ Apy - Wa (b, + Apyr)
Ik

where Qgapr are refined manopose token queries, p, are
learnable reference points, Apy,;, are sampling offsets, {z'}
are multi-scale features, A;,) are attention weights, and
W is a learnable weight matrix. With the inclusion of
a [MASK] token in the masked transformer decoder, the
module can predict masked pose tokens during training,
while also facilitating token generation during inference.
This approach uses the [MASK] token as a placeholder for
pose predictions, enabling robust synthesis of occluded or
unobserved hand parts for coherent 3D hand reconstruction.
3.3. Training: Differential Masked Modeling

Context-conditioned Masked Modeling. We employ
masked modeling to train our model that learns the prob-
abilistic distribution of 3D hand poses, conditioned on mul-
tiple contextual cues. Given a sequence of discrete pose
tokens Y = [y;]l, from the pose tokenizer, where L is
the sequence length, we randomly mask out a subset of
m tokens with m = [v(7) - L], where v(7) is a cosine-
based masking ratio function. Here, 7 is drawn from a
uniform distribution U(0,1), and we adopt the masking
function (1) ZT), inspired by generative text-

cos

to-image modeling stra(tngies [8]. Masked tokens are re-
placed with learnable [MASK] tokens, forming a corrupted
sequence Y3y that the model must reconstruct. Each to-
ken y; is predicted based on the probabilistic distribution
P(yi|Y3g, X2D, Ximg), conditioned on corrupted token se-
quence Y3z, 2D pose embedding X5 p, and image prompt
Ximg. This approach enables the model to explicitly ac-
count for the uncertainty inherent in mapping 2D observa-
tions to a coherent 3D hand mesh. The training objective is
to minimize the negative log-likelihood of correctly predict-
ing each pose token in the sequence, formulated as follows:

Z log p(yi|Yag, X2D, Ximg)
Vi€[l,L]

cmask = _EYED

Expectation-Approximated Differential Sampling. The
training objective L,k captures stochastic uncertainty in
hand mesh reconstruction, enabling precise estimation of
pose parameters ¢ within a structured latent space. Re-
cent studies [48] show that auxiliary 3D and 2D joint losses
improve pose recovery by aligning predicted and ground-
truth 2D/3D joints. Integrating these losses requires trans-
forming latent pose tokens into 6, a process involving non-
differentiable probabilistic sampling. To address this, in-
stead of sampling the distribution p(y; |Yxz, X2D, Ximg) to
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obtain the most probable token from codebook, we imple-
ment an expectation-based differential relaxation: instead
of directly estimating discrete code indices, the model out-
puts logits L for each token. These logits undergo a softmax
operation, producing the token distribution, which are mul-
tiplied by the pretrained codebook, resulting in the mean
quantized feature representations z = [z1, 22, . . ., Zum]:

zZ = softmax(LMxK) X CBr«p

where L represents the logits matrix, CB denotes the code-
book, M is the token count, K specifies the codebook size,
and D defines the dimensionality of each codebook entry.
This mean token embeddings z are feed into the decoder
to reconstruct the pose parameter #’. Combined with shape
parameters 3 and camera parameters 7, this process recon-
structs the 3D hand mesh, enabling the computation of both
3D joint loss and 2D projection loss. Since obtaining Z is
differential, the model can be trained end-to-end using the
overall loss function .

Lioal = Lmask + Lmano + L3p + Lop

which combines the masked token prediction loss (Lask),
3D joint loss (£3p), 2D projection loss (£L,p), and MANO
parameter loss Lyano- Together, these terms collectively
minimize discrepancies within MANO space, enabling pre-
cise 3D hand reconstruction.

3.4. Inference: Confidence-Guided Sampling

Our model leverages confidence-guided sampling to
achieve precise and stable 3D hand pose predictions as
shown in Figure 5. This process begins with a fully masked
sequence Y7 of length L, with each token initialized as
[MASK]. Over T' decoding iterations, each iteration ¢ ap-
plies stochastic sampling to predict masked tokens based
on their distributions p(y;|Yy5, X2p, Ximg). Following
each sampling step, tokens with the lowest prediction confi-
dences are re-masked to be re-predicted in subsequent iter-
ations. The number of tokens re-masked is determined by a
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Figure 6. Comparison of SOTA methods: MaskHand synthesizes unobserved parts for accurate 3D reconstructions in occluded scenarios.

masking schedule [y (%) - L], where 7 is a decaying func-
tion of ¢. This schedule dynamically adjusts masking inten-
sity based on confidence, using a higher masking ratio in
earlier iterations when prediction confidence is lower. Con-
sequently, the model iteratively refines ambiguous regions,
progressively improving prediction confidence as context
builds. The masking ratio decreases with each step, sta-
bilized by the cosine decay function .

4. Experiments

Method PA-MPJPE PA-MPVPE | F@5 F@I5 | AUC; AUCy
mm({) mm(]) () ™M ™M ()]
S2HAND [13] 115 111 0.448 0932 | 0769 0.778
KPT-Transf. [28] 10.9 - - - 0.785 -
ArtiBoost [67] 10.8 10.4 0.507 0.946 | 0.785  0.792
Yu et al. [69] 10.8 10.4 - - - -
HandGCAT [63] 9.3 9.1 0.552  0.956 | 0.814 0.818
AMVUR [32] 8.7 8.3 0.593 0964 | 0.826 0.834
HMP [20] 10.1 - - - - -
SPMHand [42] 8.8 8.6 0.574  0.962 - -
MaskHand | 70 70 | 0.663 0984 0.860 0.860
Table 1. Zero-Shot 3D Mesh Reconstruction Evaluation on

HO3Dv3 [28] Benchmark: SOTA Comparison. ”-” indicates un-
reported metrics.

Training Datasets.To train the hand pose tokenizer, we em-
ployed a diverse set of datasets to capture a wide range of
hand poses and interactions. This includes DexYCB [10],
InterHand2.6M [45], MTC [65], and RHD [76]. For train-
ing MaskHand, we constructed a comprehensive dataset fol-
lowing a similar setup as [48] to ensure fair comparison.
Specifically, for evaluations on HO3Dv3 [28] and HInt [48],
MaskHand was trained on a diverse mix of datasets, includ-
ing FreiHAND [77], HODv2 [27], MTC [65], RHD [76],
InterHand2.6M [45], H203D [27], DexYCB [10], COCO-
Wholebody [33], Halpe [22], and MPII NZSL [54]. How-
ever, for FreiHAND and DexYCB, MaskHand was trained
specifically on their respective training datasets.
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Methods ‘ PA-MPJPE  PA-MPVPE ‘ F@5 F@l5
mm (]) mm () () ()

MeshGraphormer! [40] 5.9 6.0 0.764  0.986
FastMETRO [16] 6.5 7.1 0.687 0.983
FastViT [61] 6.6 6.7 0722 0.981
AMVUR [32] 6.2 6.1 0.767  0.987
Deformer [68] 6.2 6.4 0.743  0.984
PointHMR [34] 6.1 6.6 0.720  0.984
Zhou et al. [74] 5.7 6.0 0772 0.986
HaMeR [48] 6.0 5.7 0.785  0.990
HHMRS [37] 5.8 5.8 - -

MaskHandj | 55 54 | 0801 0991

Table 2. 3D Mesh Reconstruction Accuracy on FreiHAND [77]:
SOTA Comparison. ' Denotes Test-Time Augmentation. PA-
MPJPE/PA-MPVPE in mm. ”-” indicates unreported metrics.

1 MaskHand produces confident mesh reconstruction, guided by the
learned 2D-to-3D distribution without assuming GT meshes.

§ HHMR reports best hypothesis mesh reconstruction with minimum
MPIJPE and MPVPE, with the assumption of available GT meshes.

PA-MPJPE  PA-MPVPE | MPJPE MPVPE

Method

etho o o o o
METRO [70] 7.0 - - -
Spurr et al. [55] 6.8 - - -
Liuetal. [41] 6.6 - - -
HandOccNet [46] 58 55 14.0 13.1
MobRecon [11] 6.4 5.6 14.2 13.1
H20ONet [66] 57 55 14.0 13.0
Zhou et al. [74] 55 55 12.4 12.1
Ours | 50 49 | 17 112

Table 3. 3D Mesh Reconstruction Accuracy on DexYCB [10]:
SOTA Comparison. ”-” indicates unreported metrics.

Evaluation Metrics. We follow standard protocols [48] to
assess 3D joint reconstruction using PA-MPJPE and AUC ;.
For 3D mesh evaluation, we use PA-MPVPE, AUCy,, and
F@5mm/F@ 15mm to measure vertex precision. Moreover,
PCK evaluates 2D reconstruction by reprojecting 3D joints
into 2D space. The computational efficiency is measured by
Average Inference Time per Image (AITI) in seconds [7],
where lower values indicate better performance.
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Method Venue | NewDays | VISOR | EgodD
‘ @0.05(1) @0.1 () @0.15(1) \ @0.05 (1) @0.1(1) @0.15(T) ‘ @0.05(1) @0.1() @0.15(1)
Occluded Joints Evaluation
FrankMocap [53] ICCVW 2021 9.2 28.0 46.9 11.0 33.0 55.0 8.4 26.9 45.1
METRO [39] CVPR 2021 7.0 23.6 42.4 10.2 324 53.9 8.0 26.2 447
MeshGraphormer [40] ICCV 2021 7.9 25.7 443 10.9 33.3 54.1 9.3 32.6 51.7
HandOccNet (param) [47] CVPR 2022 7.2 235 424 7.4 26.1 46.7 7.2 26.1 45.7
HandOccNet (no param) [47] CVPR 2022 9.8 31.2 50.8 9.9 33.7 55.4 9.6 31.1 52.7
HaMeR [48] CVPR 2024 272 60.8 78.9 259 60.8 80.7 23.0 56.9 76.3
MaskHand Ours 29.4 64.1 80.3 \ 314 64.2 83.6 \ 29.4 65.3 80.1
Occluded Joints Evaluation with 80% Masked Hand
HaMeR [48] CVPR 2024 8.7 284 489 | 71 244 417 | 11 234 402
MaskHand Ours 10.5 31.6 52.0 ‘ 8.2 25.0 41.9 ‘ 8.2 26.2 4.1
Occluded Joints Evaluation with 90% Masked Hand
HaMeR [48] CVPR2024 | 87 27.4 481 | 71 24.3 422 | 11 23.4 40.2
MaskHand Ours 10.4 31.0 51.1 \ 9.1 27.3 4.3 \ 8.0 25.1 43.2

Table 4. Zero-shot evaluation on the HInt Benchmark [48] for occluded joint reconstruction using the PCK metric, comparing MaskHand
to SOTA methods. MaskHand demonstrates superior robustness and resilience to missing hand structures under severe occlusions, main-
taining strong performance even with 80% and 90% masked hand regionsNone of the models were trained on the HInt dataset.

Reconstruction Evaluation. We evaluate MaskHand’s
joint and mesh reconstruction on HO3Dv3 [28], DexYCB
[10], FreiHAND [77], and HInt [48] benchmarks.

Zero-Shot Generalization Evaluation: The HO3Dv3
dataset, with 20K annotated images, serves as a bench-
mark for evaluating generalization in complex hand-object
interactions. MaskHand is tested on HO3Dv3 without
prior training to assess its capability in handling unseen
data, occlusions, dataset biases, and diverse hand articu-
lations in real-world scenarios. Additionally, we evalu-
ate MaskHand’s zero-shot performance on the HInt bench-
mark [48], which presents challenges such as varied light-
ing, extreme viewpoints, and complex hand-object interac-
tions. Using the PCK metric, MaskHand is tested on HInt-
NewDays [14], HInt-EpicKitchensVISOR [17], and HInt-
Ego4D [26], demonstrating its ability to operate in diverse
and occlusion-heavy environments.

Supervised Evaluation: We evaluated MaskHand on
FreiHAND [77], which consists of 4K images captured in
controlled environments, and DexYCB [10], a large-scale
dataset containing 78K images of hands interacting with ob-
jects. For a fair comparison, we trained MaskHand exclu-
sively on FreiHAND, following the evaluation protocols of
MeshGraphormer [40] and HHMR [37]. Similarly, aligning
with recent work [74], we trained MaskHand on DexYCB
and conducted evaluations under the same conditions, en-
suring a direct and consistent comparison.

4.1. Comparison to State-of-the-art Approaches

We evaluate MaskHand on HO3Dv3, FreiHAND,
DexYCB, and HInt (Tables 1-4), where it outperforms
SOTA methods, demonstrating strong zero-shot generaliza-
tion and in-the-wild robustness. Unlike prior approaches,
MaskHand leverages confidence-aware masked modeling
to effectively handle uncertainty, occlusions, and complex
hand poses. In zero-shot evaluation on HO3Dv3 (Table 1),
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MaskHand reduces PA-MPJPE by 19.5% and PA-MPVPE
by 15.7%, demonstrating superior dataset-agnostic re-
construction. On FreiHAND (Table 2), it achieves 3.5%
lower PA-MPJPE and 5.3% lower PA-MPVPE, with the
highest F@5mm (0.801) and F@15mm (0.991), ensuring
precise, high-fidelity hand recovery. In DexYCB (Table
3), MaskHand reduces MPJPE by 9.1% and MPVPE by
10.9%, confirming its robustness in real-world hand-object
interactions. In zero-shot evaluation on HlInt (Table 4),
which includes challenging egocentric, heavily occluded
hand poses, MaskHand achieves state-of-the-art occluded
joint reconstruction, improving PCK@0.05 by 8.1% on
HInt-NewDays, 21.2% on HInt-VISOR, and 27.8% on
HInt-Ego4D. Qualitatively, Figure 6 shows MaskHand’s
superior synthesis of occluded regions compared to prior
methods, while Figure 7 demonstrates its robustness
under extreme masking. These results highlight Mask-
Hand’s strong generalization and practical effectiveness in
challenging real-world conditions.

4.2. Ablation Study

The key to MaskHand’s effectiveness lies in its generative
masked modeling and uncertainty quantification, enabling
robust reconstruction in occluded regions. Its iterative de-
coding strategy refines predictions, progressively enhanc-
ing accuracy in challenging scenarios. This ablation study
explores iterative refinement and MaskHand’s versatility in
text-conditioned 3D hand synthesis.

Further analyses, experimental details, and qualitative
visualizations in the Supplementary Material explore key
aspects, including the influence of architectural choices
(e.g., VQ-MANO tokenizer, proposed modules, multi-scale
feature resolutions, deformable attention layers), training
strategies (masking ratios, regularization losses via dif-
ferential sampling), and advanced MaskHand capabilities
such as unconditional mesh generation and robust recon-
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Figure 7. SOTA Comparison: Qualitative zero-shot evaluation on
HInt Benchmark [48] for heavily masked hand images. MaskHand
reconstructs occluded hand poses, demonstrating robustness to se-
vere occlusions and generalizability to unseen masked regions.

struction under severe real-world occlusions.

Impact of Iterative Confidence-Guided Sampling. In
confidence-guided sampling, we iteratively refines predic-
tions by retaining high-confidence tokens and re-masking
low-confidence ones, progressively enhancing stability and
accuracy. As shown in Table 5, increasing iterations from
1 to 5 reduces PA-MPVPE (7.2 — 7.0 on HO3Dv3, 5.6
— 5.4 on FreiHAND). These improvements result from
confidence-guided masking of uncertain regions during de-
coding, enhancing reconstruction accuracy.

HO3Dv3 FreiHAND AITI (s)
#ofiter. PA-MPJPE PA-MPVPE PA-MPJPE PA-MPVPE )
1 72 72 5.6 5.6 0.04
3 7.1 7.1 5.6 55 0.08
5 7.0 7.0 55 54 0.12

Table 5. Iterations in Iterative Confidence-Guided Sampling. AITI
is obtained on a single mid-grade GPU (NVIDIA RTX A5000).

4.3. Application: Text-to-Mesh Generation

MaskHand’s modular design extends beyond hand mesh re-
construction to text-conditioned 3D hand synthesis. By re-
placing the image encoder with a CLIP-based text encoder
[51], MaskHand can generate 3D hand meshes from text in-
puts, as shown in Figure 8. Using the ASL dataset [1], we
trained MaskHand with pseudo-ground-truth annotations
generated by MaskHand. During testing, a top-5% prob-
abilistic sampling strategy ensured diverse yet plausible
mesh outputs, evaluated using Hausdorff Distance, Chamfer
Distance, and PA-MPVPE. Results (Table 6) demonstrate
high fidelity and consistency in text-driven reconstruction,
with qualitative examples shown in Figure 9. More details
are provided in Supplementary Section B.

Metric Mean Standard Deviation
Hausdorff Distance 0.0221 0.0073
Chamfer Distance ~ 9.73 x 10~° 5.47 x 107°
PA-MPVPE (mm) 12.2 3.1

Table 6. Quantitative evaluation of text-to-mesh generation us-
ing MaskHand’s Masked Synthesizer, reporting mean and stan-
dard deviation across all generated meshes per text prompt.

Text Encoder i.e
CLIP

Context Guided- Masked T

Transfromer

Text Input: V

Context-Guided Masked Transformer
for Text-to-Mesh Generation

Figure 8. Repurposed MaskHand for Text-to-Mesh Generation

SR A
o B Q@ Y
XY
wi Yy W& b

Text-to-Mesh Generation

Figure 9. Text-to-mesh generation results on the ASL dataset,
demonstrating MaskHand’s Masked Synthesizer’s ability to gen-
erate structurally accurate and diverse meshes from text inputs.

5. Conclusion

We introduced MaskHand, a generative masked model for
accurate and robust 3D hand mesh reconstruction, partic-
ularly in occluded and ambiguous regions. By explic-
itly learning and sampling from the probabilistic 2D-to-3D
mapping, MaskHand effectively handles self-occlusions,
depth ambiguities, and missing hand parts. At its core,
VQ-MANO encodes 3D hand articulations as discrete pose
tokens, enabling structured latent representations. The
Context-Guided Masked Transformer models joint token
dependencies by incorporating image context, 2D pose
cues, and masked token distributions. Through confidence-
guided iterative sampling, MaskHand progressively refines
reconstructions, selectively updating uncertain regions to
produce anatomically coherent and high-precision hand
meshes. MaskHand outperforms state-of-the-art methods
in occlusion-heavy scenarios, setting a new benchmark for
3D hand modeling in HCI, AR, and VR.
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