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Abstract

Hand mesh reconstruction has attracted growing attention
in recent years. Despite significant progress, existing meth-
ods often struggle to balance reconstruction quality and in-
ference efficiency. In this work, we propose TokenHand, a
novel framework for single-view 3D hand mesh reconstruc-
tion that achieves both high accuracy and real-time infer-
ence. Our method represents a 3D hand model using M
discrete tokens, each describing a specific sub-structure of
the hand. This compositional representation enables effi-
cient modeling with minimal reconstruction error. Further-
more, we reformulate hand mesh reconstruction as a clas-
sification problem rather than a regression task. Specifi-
cally, a classifier predicts the categories of the M tokens
from an input image, and a pre-trained decoder network
subsequently reconstructs the 3D hand mesh from the pre-
dicted tokens without any post-processing. Extensive ex-
periments demonstrate that TokenHand achieves compa-
rable or superior performance to existing methods across
standard benchmarks, while maintaining high efficiency in
practical scenarios.

1. Introduction

Single-view hand mesh reconstruction has been extensively
studied due to its broad applicability in areas such as aug-
mented reality [16, 40], behavior understanding [22, 35],
imitation-based robotic learning [17, 26], etc. These appli-
cations require the reconstruction to be accurate, robust, and
computationally efficient for real-time operation. Although
recent approaches have achieved remarkable progress, it re-
mains challenging to satisfy all these requirements simulta-
neously, especially in the presence of occlusions.

Existing image-based 3D hand reconstruction methods
can be broadly categorized into two groups. The first group
leverages a parametric hand model, such as MANO [38], as
a strong prior [30, 36, 43, 53, 54]. These methods extract
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Figure 1. Our approach represents a hand model using M discrete
tokens, each corresponding to an index in the learned codebook
(top). Each token encodes a specific sub-structure of the hand. In
each row, changing the value of a single token consistently modi-
fies the same sub-structure (bottom).

image features through deep neural networks and regress
the corresponding shape and pose parameters of the MANO
model. Benefiting from the incorporated prior, this cate-
gory can generate visually plausible 3D hand meshes. How-
ever, due to the kinematic chain structure of MANO, errors
in pose parameters tend to accumulate hierarchically along
the chain. As a result, even a minor inaccuracy in the wrist
joint may lead to a significant displacement at the fingertips,
making the overall reconstruction highly sensitive to local
errors. The second group directly regresses the 3D hand
mesh or point cloud from the input image [8, 9, 14, 25].
Typically, these methods first extract localized image fea-
tures guided by hand joints or keypoints and then perform
2D-to-3D lifting to progressively recover the mesh from a
coarse representation to the original resolution. Such di-
rect regression approaches are computationally efficient and
allow each vertex to be predicted independently, avoiding
inter-joint dependency. Nevertheless, the absence of a para-
metric prior often results in incomplete geometries or arti-
facts such as finger fusion and surface discontinuities.

We aim to combine the advantages of the two aforemen-



tioned paradigms by designing a framework that incorpo-
rates a strong prior to ensure a plausible hand shape, while
maintaining structural independence among local compo-
nents. To this end, we propose TokenHand, whose core idea
is to learn the dependency among hand point cloud distribu-
tions in the representation stage.

A straightforward approach would be to collect a large
set of realistic 3D hand model prototypes and regress the
hand mesh by matching the most similar prototype. Al-
though this can guarantee the realism of the reconstructed
hands, it requires an impractically large number of proto-
types to cover the entire pose space, which makes it compu-
tationally infeasible. Inspired by VQ-VAE [42], we instead
introduce a discrete representation to model the space of 3D
hand configurations.

Our representation consists of two stages. In the first
stage, we employ a Point Transformer as the encoder to map
a 3D hand point cloud into M token features, each encod-
ing a specific sub-structure of the hand model. These tokens
are then quantized using a shared codebook, enabling each
hand instance to be represented compactly by M discrete
indices. Finally, the quantized features are decoded to re-
construct the 3D hand point cloud. The space spanned by
the learned codebook is sufficiently expressive to represent
diverse hand geometries and poses. During this stage, the
encoder, codebook, and decoder are jointly optimized by
minimizing the reconstruction loss, allowing the model to
effectively learn a compact and structured latent representa-
tion of 3D hands.

In the second stage, we cast 3D hand reconstruction as
a classification problem. Given an input image, the net-
work predicts the category of each of the M tokens, which
are then decoded to reconstruct the 3D hand. The de-
coder can be directly adopted from the first stage with-
out additional training, making the overall reconstruction
process lightweight and suitable for real-time applications.
By representing hand models with discrete tokens, our ap-
proach introduces a strong prior over the full pose space,
which effectively prevents unrealistic or incomplete recon-
structions commonly observed in direct regression meth-
ods. Moreover, since each token corresponds to a specific
sub-structure of the hand, the reconstruction maintains lo-
cal independence without affecting the global consistency.
In addition, this discrete representation has the potential to
facilitate integration with other discrete modalities, such as
text-based hand modeling, although this direction is beyond
the scope of this work.

Extensive experiments verify the effectiveness of our
approach across multiple benchmarks. On both the Frei-
HAND and DexYCB datasets, our method consistently
achieves superior reconstruction accuracy compared with
existing techniques. In addition, the proposed framework
runs in real time at 65 FPS and delivers a 14% accuracy
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improvement over the best real-time baselines, highlighting
its efficiency and scalability for practical deployment. Our
main contributions can be summarized as follows:

* We introduce a token-based representation for 3D hand
modeling, which effectively captures structural depen-
dencies among local hand components through discrete
tokens.

We propose a new reconstruction pipeline that reformu-
lates the conventional regression-based 3D hand recon-
struction task as a token classification problem, enabling
real-time inference while preserving high reconstruction
fidelity.

Our method achieves state-of-the-art performance on
multiple public benchmarks, demonstrating both strong
accuracy and efficiency.

2. Related Work

Hand Mesh Reconstruction Hand reconstruction from
monocular images can be broadly divided into two major
categories. The first category integrates parametric hand
models [2-5, 10, 18, 21, 30, 31, 36, 44, 46, 50-54], typi-
cally employing MANO [38], and uses neural networks to
regress shape and pose coefficients to infer the hand mesh.
The pioneering work of [18] first incorporated MANO into
a deep network for end-to-end parameter estimation. Other
approaches explore an alternative direction by estimating
2.5D heatmaps to localize joints and subsequently regress-
ing the corresponding MANO parameters [20, 32, 33, 45].

The second category follows a vertex regression
paradigm, directly estimating the 3D coordinates of mesh
vertices [8, 9, 14, 25]. With the rapid development of trans-
former architectures, several works [13, 23, 28, 29, 37, 48,
55] employ transformer-based designs to enhance the rep-
resentation capacity and reconstruction accuracy. METRO
[51] extracts a global image feature using a CNN. It con-
structs input tokens by repeatedly concatenating this feature
with the 3D coordinates of a template mesh. A multi-layer
transformer encoder with progressive dimensionality reduc-
tion then regresses the mesh vertex positions. Graph Con-
volutional Neural Networks (GCNNSs) [24] are well-suited
for modeling local vertex interactions, making them highly
effective for mesh reconstruction. Pose2Mesh [12] employs
a cascaded GCNN architecture to regress 3D vertices from
2D pose inputs. MeshGraphormer [29] combines trans-
former and GCNN modules to jointly capture global depen-
dencies and local structural relationships. PointHMR [23]
argues that sampling backbone features guided by vertex-
relevant points enables better correspondence between fea-
tures and spatial positions.

Our approach differs from prior work by introducing a
discrete token representation that captures local hand sub-
structures within a quantized latent space. This formulation
enables us to transform mesh reconstruction into a classifi-
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Figure 2. Two stages of the TokenHand representation (a, b). In Stage I, a compositional encoder maps the hand point cloud to M tokens,
which are quantized using a codebook. Thus, each hand model is represented as a set of discrete codebook indices. In Stage II, hand
reconstruction is formulated as a classification task by predicting the categories of the M tokens, corresponding to the codebook entries.
The predicted tokens are then decoded by a decoder network to produce the final hand model.

cation task, supported by a lightweight decoder, resulting in
an efficient and scalable solution.

Lightweight Networks Achieving real-time hand mesh
reconstruction has motivated the development of various
lightweight architectures. FastViT [1] introduces a hybrid
vision transformer that attains a strong balance between la-
tency and accuracy by combining structural reparameteriza-
tion with train-time overparameterization techniques. Mo-
bRecon [9] improves efficiency through several specialized
components, including a stacked two-dimensional encod-
ing pipeline, a map-based position regression module for
two-dimensional to three-dimensional lifting, and a graph
operator built on spiral sampling [27]. FastMETRO [11]
identifies that the main performance bottleneck in encoder-
based transformers arises from the design of input tokens.
It adopts an encoder—decoder architecture that separates to-
ken interactions, which reduces the overall parameter count.
Our method approaches real-time reconstruction from a dis-
tinct perspective by reformulating hand mesh estimation as
a classification problem over discrete tokens, enabling fast
inference and a lightweight architecture.

3. Method

Our method, TokenHand, takes a single-view RGB im-
age as input and reconstructs the corresponding 3D hand
mesh. The reconstructed mesh consists of 778 vertices in

3D space, and its topology follows the MANO model. As
illustrated in Fig. 2, the proposed framework is composed
of two stages. The first stage constructs a token-based rep-
resentation of 3D hand models, serving as a compact and
structured latent prior. The second stage utilizes this learned
prior to predict the token categories from the input image,
which are then decoded to generate the 3D hand mesh.

3.1. Tokenization

We represent the original 3D hand model as a point cloud
H < R7*3. An encoder is then trained to transform H
into M token features using a Point Transformer architec-
ture.

T = (t1,t2, -, tm) = fo(H) (1)

where each token feature t; approximately corresponds to
a specific sub-structure of the 3D hand model. Figure 1|
illustrates several examples of the learned token represen-
tations. It is worth noting that the learned tokens exhibit a
certain degree of redundancy, as different tokens may cor-
respond to overlapping sub-structures. Such redundancy,
however, enhances the representational capacity of the to-
ken space, allowing for a more comprehensive coverage of
diverse hand geometries.

Following [42], we define a latent embedding space rep-
resented by a codebook
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where K denotes the number of discrete codebook entries
(i.e., the size of the categorical latent space) and D is the
dimensionality of each embedding vector c,. Each token
feature t; is quantized by performing a nearest-neighbor
lookup within this embedding space, as formulated below:

1
0 otherwise.

if k = argmin; ||t; — c;j]|2,

qmzﬂmz{ 3)

Note that all tokens share a common embedding space C,
which facilitates more stable and efficient training.

We slightly abuse the notation ¢(t;) to denote the in-
dex of the corresponding entry in the codebook. The de-
coder then takes the quantized token embeddings Z =
(Cq(t1)» Cq(ta), " "+ »Cq(tar)) as input to reconstruct the 3D
hand model:

H = f4(2). &)

Previous regression-based approaches adopt a multi-stage
approximation strategy to model the topological relation-
ship between hand joints and vertices [9, 25]. Inspired
by these methods, we construct a cascading upsampling
mesh decoder composed of a sequence of regressor lay-
ers R,,. Each regressor layer consists of a dimension re-
duction layer, a MetaFormer block [49], and an upsam-
pling layer. The upsampling layers U,, and dimension re-
duction layers P,, are both implemented as single-layer
MLPs. The upsampling layer progressively increases the
number of tokens until it matches the total number of hand
mesh vertices, while the dimension reduction layer adjusts
the feature channel size to the 3D spatial dimension. The
MetaFormer block MF,, serves as the core transformer unit
within each stage, where the token mixer is realized using a
multi-head self-attention mechanism.

The encoder, codebook, and decoder are jointly opti-
mized by minimizing the following objective function over
the training dataset:

M
Z:ujrec‘cl(]::]:aH)_|_6z:Hti _Sg[cq(ti)mgv )

i=1

where sg denotes the stop-gradient operation. Here, w.. is
the weight for the reconstruction loss, and the hyperparame-
ters are set to w,.. = 10 and 3 = 5. We adopt the optimiza-
tion strategy proposed in [42] to address the broken gradient
problem that arises during the quantization process. Never-
theless, this approach still suffers from codebook collapse,
where only a limited subset of codebook entries is effec-
tively utilized. To mitigate this issue, we employ exponen-
tial moving average (EMA) updates and a codebook reset
(Code Reset) mechanism to ensure more stable training and
better codebook utilization.
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3.2. 3D HAND Reconstruction

With the learned codebook and decoder, we formulate 3D
hand reconstruction as a classification task. As illustrated in
Fig. 2, given a cropped input image I, our model first em-
ploys a backbone network to extract image features X;. A
token generator then takes X; as input and produces tok-
enized mesh features X,,, € RV*C where N denotes the
number of sampled points and C'is the feature dimension.
These tokenized features are subsequently passed to a clas-
sification head, which predicts the discrete categories of the
M tokens. The predicted tokens are finally decoded to re-
construct the 3D hand mesh.

Token Generator. Inspired by MobRecon [9], we
adopt a keypoint-guided point sampling strategy to ex-
tract spatially aligned features from the backbone outputs.
Specifically, the backbone network first extracts image fea-
tures, which are fed into a global pooling layer to predict
the 2D hand joint locations. For token generation, the back-
bone feature maps are upsampled by a factor of 4, and
the predicted 2D joint coordinates are used to sample the
corresponding spatial positions in the upsampled feature
space. The sampled features serve as token features X,,
for the subsequent classification and 3D hand reconstruc-
tion stages.

Classification head.  We begin by applying two resid-
ual convolutional blocks [19] to refine the token features.
The resulting features are then flattened and linearly pro-
jected to adjust their dimensionality:

Xy = L(Flatten(C(X.,,))), (6)

where C and £ denote the feature refinement module and the
linear projection layer, respectively. The one-dimensional
feature vector is subsequently reshaped into a matrix Xy €
RM>*D 'which is processed by four MLP-Mixer blocks [41]
to capture inter-token dependencies and output the classifi-
cation logits:

L = M(Xy), ()

where L € RM %K represents the predicted token logits.

Training. We employ two loss terms to optimize the
classification head. The first is the cross-entropy loss, for-
mulated as

les = CE(L, L), (8)

where L represents the ground-truth token labels, which are
derived by encoding the ground-truth 3D hand model using
the pretrained encoder.

We further introduce a hand reconstruction loss to min-
imize the discrepancy between the predicted and ground-
truth hand models. To enable gradient propagation from the
decoder back to the classification head, we replace the hard
token selection with a soft inference scheme defined as

S=LxC, )



where S € RM*PD denotes the linearly interpolated token
features. These features are subsequently fed into the pre-
trained decoder to obtain the predicted hand mesh H.

The reconstruction loss ;... supervises the prediction of
vertices, 3D joints, and 2D joints. Both the 2D joint coordi-
nates, denoted as Jo4, and the 3D vertices, denoted as Vg4,
are directly obtained from the model outputs. The 3D joint
locations J34 are computed from the vertices using a fixed
regression matrix J:

Jgd =J x ng. (10)
Each of these components is optimized using the L1 loss
to measure the discrepancy between predictions and ground
truth. The individual loss terms for the vertices, 3D joints,
and 2D joints, denoted as Lyert, L j,,, and Lz, ,, are defined
as follows:

Ly, = L£1(T34, T34), (11)
Ly, = £1(Jag, Jaa), (12)
Lyert = £1(V3g, Vaa). (13)

Here, the variables without hats represent the ground-truth
values, while those with hats denote the predicted results.
The overall reconstruction objective is formulated as

érec = w3dLJ3d + w2dLJgd + wvertLvert7 (14)
where the weights wsg, waq, and wy,.,+ are empirically set
to 10, 1, and 10, respectively. Since the main focus of our
framework is mesh reconstruction, the 2D keypoints pri-
marily serve as auxiliary supervision for point sampling and
thus do not require high precision. The final objective func-
tion is defined as

Zall = gcls + greca (15)

Note that the decoder network is kept frozen during train-
ing.

4. Experiments

4.1. Implementation Details

Our method is implemented in PyTorch and trained on a
single NVIDIA RTX A5000 GPU. For the tokenization
network, the encoder adopts a Point Transformer module,
while the decoder consists of four regressor layers. Each re-
gressor layer contains a MetaFormer block with attention-
based token mixers. The corresponding numbers of input
tokens are [48, 97,194, 389], and the output token numbers
are [97,194,389,778]. The feature dimensions for these
layers are set to [256, 128, 64, 32], where the output from
the final layer is processed by a fully connected layer to
map the features into 3D spatial coordinates. The codebook
used for quantization has a size of 512 x 512. The network
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is trained using the AdamW optimizer with a base learning
rate of 6e-3, a weight decay of 0.05, and a batch size of 128
for 200 epochs.

For the 3D hand reconstruction network, we em-
ploy FastViT-MA36 [1] as the backbone, initialized with
ImageNet-pretrained weights. The model is trained for 300
epochs using the AdamW optimizer with a batch size of 64.
The learning rate is initialized to 5e-4 and reduced to 5e-5
after 50 epochs. Data augmentation includes random noise,
flipping, rotation, and scaling to improve generalization.

4.2. Datasets

For tokenization training, we utilize multiple datasets, in-
cluding FreiHAND [56], DexYCB [6], InterHand2.6M
[33], Oaklnk [47], HO3D [15], and RelnterHand [34]. For
each dataset, we use the provided MANO parameters to
generate corresponding 3D hand point clouds. Since many
datasets contain multi-view images of the same hand pose,
we retain only one view of each pose for training to avoid
redundancy.

For 3D hand reconstruction, our main experiments and
analyses are conducted on the FreiHAND dataset. The
FreiHAND dataset is used under its official training—testing
split, containing 130,240 training samples and 3,960 testing
samples. To further evaluate the generalization ability of
our method, we also perform experiments on the large-scale
DexYCB dataset, following its official SO splitting protocol,
which includes 406,888 training samples and 78,768 testing
samples.

4.3. Evaluation Metrics

To evaluate the accuracy of 3D hand reconstruction, we
adopt five commonly used metrics: Procrustes-Aligned
Mean Per Joint Position Error (PA-MPJPE), Procrustes-
Aligned Mean Per Vertex Position Error (PA-MPVPE),
Mean Per Joint Position Error (MPJPE), Mean Per Vertex
Position Error (MPVPE), and F-Score. The PA-MPJPE and
PA-MPVPE are obtained after applying Procrustes align-
ment between the predicted and ground-truth hand meshes.

4.4. Results

Evaluation on FreiHAND To validate the effectiveness of
our proposed method, we follow the experimental settings
of previous works [11, 29]. For a fair comparison, we re-
port all performance metrics without Test-Time Augmen-
tation (TTA) and measure the inference speed (FPS) with-
out TensorRT optimization. As shown in Tab. 1, compared
with methods that are not designed for real-time perfor-
mance, such as METRO [51] and MeshGraphormer [29],
our approach achieves a substantial improvement in infer-
ence speed, with at least a 35 FPS increase, while simulta-
neously delivering higher accuracy, improving PA-MPJPE
by 0.5 mm. For methods that emphasize real-time execu-



Table 1. Comparison with state-of-the-art methods on the FreiHAND dataset. ”—” indicates results not reported. The best performance is

highlighted in bold. Second best performance is underlined.

Method Backbone PA-MPJPE | PA-MPVPE| F@051t F@151 FPS
12L-MeshNet [32] ResNet50 7.4 7.6 0.681 0.973 72
CMR [8] ResNet50 6.9 7.0 0.715 0.977 -
120V [7] ResNet50 7.2 7.4 0.682 0.973 -
Tang et al. [40] ResNet50 6.7 6.7 0.724 0.981 47
MobRecon [9] DenseStack 6.9 7.2 0.694 0.979 80
METRO [51] HRNet 6.7 6.8 0.717 0.981 27
MeshGraphomer [29] HRNet 6.3 6.5 0.738 0.983 24
FastMETRO [11] HRNet 6.5 7.1 0.687 0.983 28
Deformer [48] HRNet 6.2 6.4 0.743 0.984 33
PointHMR [23] HRNet 6.1 6.6 0.720 0.984 33
FastViT [1] FastViT-MA36 6.6 6.7 0.722 0.981 84
Zhou et al. [55] HRNet 5.8 6.1 0.766 0.986 33
Ours FastViT-MA36 5.7 5.9 0.768 0.986 65
Table 2. Comparison of transformer-based approaches. |
7 @21 Meshiet
Method #Params PA-MPJPE | PA-MPVPE |
METRO [51] 102M 6.7 6.8 7.0
MeshGraphormer [29] 98M 6.3 6.5 % QMObRecon
FastMETRO [11] 25M 6.5 7.1 f:) @"ETRO
Ours 3.0M 5.7 5.9 N R @t
. . ;T ‘MeshGraphormer
Table 3. Comparison with state-of-the-art methods on the p
DexYCB dataset. - indicates results not reported. The best 6o
performance is highlighted in bold. Second best performance is '
underlined. %urs
Method PA-MPJPE | PA-MPVPE| MPJPE| MPVPE | - 30 20 50 60 70 80 %
FPS on NVIDIA RTX2080Ti-GPU
METRO [51] 7.0 - - -
Spurr et al. [39] 6.8 - - -
Liuetal. [31] 6.6 - - - Figure 3. Trade-off between accuracy and inference speed. Our
HalLdOCcNet [36] 243 22 ljg lil method exceeds non-real-time approaches (< 40 FPS) in both
MobRecon [9] . 5.6 14. 13.1 . . . .
H2ONet [43] 57 T 140 130 speed ?nd precision. Comparjcd with real-time metths (; ‘60
Zhou et al. [55] 5.5 5.5 124 12.1 FPS), it achieves noticeably higher accuracy while maintaining
Ours 5.4 55 123 12.0 comparable inference speed.

tion, our model attains a stronger accuracy—efficiency bal-
ance. Although slightly slower than FastViT [1], Token-
Hand achieves a notably better accuracy, surpassing it by
0.9 mm in PA-MPJPE. Furthermore, Fig. 3 provides a vi-
sual comparison of inference speed. All methods are evalu-
ated on an NVIDIA 2080 Ti GPU with a batch size of one
to ensure fairness. Across both real-time and non—real-time
approaches, our method consistently delivers the best over-
all performance. These results demonstrate that our method
provides a favorable trade-off between precision and speed.

We also compare the parameter efficiency of our ap-
proach with transformer-based methods, as summarized in
Tab. 2. The reported parameter counts exclude the backbone
components for a fair comparison. Existing transformer-
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based pipelines typically rely on large decoder modules to
recover detailed hand geometry. In contrast, our method
leverages a learned codebook that provides a strong struc-
tural prior, which allows the decoder to remain lightweight.
As aresult, TokenHand uses only about 10% of the param-
eters required by prior transformer-based designs, while si-
multaneously improving accuracy and inference efficiency.
The qualitative comparison is presented in Fig. 4. Com-
pared with previous approaches, our method generates more
accurate and visually consistent 3D hand models.
Evaluation on DexYCB We evaluate our method on
the large-scale hand—object interaction dataset DexYCB to
assess its effectiveness and generalization capability. As
shown in Tab. 3, our model consistently outperforms ex-
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Figure 4. Qualitative comparison between our method and other state-of-the-art approaches on the FreiHAND dataset.

Table 4. Effect of codebook size on reconstruction accuracy.

Codebook PA-MPJPE | PA-MPVPE |

384 x 512 4.9 52
512 x 512 4.9 51
640 x 512 5.1 54

isting single-image-based approaches across all evaluation
metrics. In particular, it achieves improvements of 1.7 mm
in MPJPE and 1.0 mm in MPVPE over H2ONet [43], es-
tablishing a new benchmark and demonstrating the strong
generalizability of our approach.

4.5. Ablation Study

To comprehensively evaluate the impact of different design
choices, we conduct ablation studies here. Each compo-
nent of the proposed framework is systematically examined
under multiple parameter configurations to assess its contri-
bution to overall performance. All ablation experiments are
performed on the FreiHAND test set to ensure consistency
and comparability across settings.

Ablation on Codebook size. The effect of codebook
size is evaluated in Stage I of TokenHand, as summarized
in Tab. 4. For the selected codebook sizes, the reconstruc-
tion results remain consistently stable across all configura-
tions. This indicates that the chosen codebook sizes are suf-
ficiently expressive to capture the range of hand shapes and
poses present in the datasets.

Ablation on the Core Structure of the Mesh Regres-
sor. To assess the impact of the decoder architecture, we
evaluate several variants of the regressor layer, including
different numbers of regressor blocks, varying token counts
within each block, and changes in feature dimensionality.

As shown in Tab. 5, using a single regressor layer pro-
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Table 5. Effect of regressor layers and token counts.

Layer Nums Token Nums PA-MPJPE | PA-MPVPE |

1 [48] 6.4 6.8
2 [48, 194] 6.1 6.4
2 [48, 389] 6.1 6.3
3 [48, 97, 389] 6.0 6.3
3 [48, 194, 389] 5.9 6.2
4 [48, 97, 194, 389] 5.7 59
4 [48, 128, 256, 512] 59 6.1
Table 6. Ablation on feature dimensions and the number of

MetaFormer blocks in the regressor layer.

Dimensions  PA-MPJPE | PA-MPVPE |
256, 128, 64, 32 57 59
256, 128, 64, 16 59 6.2
256, 128, 32, 16 59 6.3
256, 64, 32, 16 6.0 6.4

Block Nums _ PA-MPJPE | PA-MPVPE |
L1,1,1 57 59
2,2,2,2 5.8 6.0
3,3,3,3 5.8 6.1

s s

vides limited modeling capacity, and adding even one ad-
ditional layer leads to a noticeable improvement, reduc-
ing PA-MPJPE by approximately 0.3 mm. A consistent
trend can be observed as the number of regressor layers in-
creases: performance gradually improves with deeper re-
gressor stacks. The optimal configuration consists of four
regressor layers, where the token counts increase progres-
sively by a factor of two at each subsequent layer. We
further verify alternative token-number configurations and
find that deviating from the progressive x2 scaling results
in slightly degraded performance, indicating that this hier-
archical expansion strategy provides a more effective struc-
ture for feature aggregation and mesh refinement.



Table 7. Ablation on backbone selection and its impact on recon-
struction performance.

Backbone PA-MPJPE | PA-MPVPE |
ResNet50 6.7 6.8
DenseStack 6.7 7.0
HRNet 6.1 6.4
FastViT-MA36 5.7 59

The influence of feature dimensionality is evaluated by
fixing the token numbers and varying the feature dimen-
sions across regressor layers. As shown in Tab. 6, the con-
figuration that progressively reduces the feature dimensions
to 32 yields the best reconstruction performance, while de-
viations from this setting lead to noticeable degradation.
With respect to the number of MetaFormer blocks in each
regressor layer, increasing the block count or the computa-
tional complexity has minimal impact on performance and
can even result in slight deterioration.

Ablation on Backbone Selection. Table 7 summarizes
the results obtained with different backbone architectures.
Across all tested options, the codebook-based token rep-
resentation remains consistently effective, producing stable
reconstruction quality. When compared with prior methods
using the same backbones, TokenHand delivers comparable
or better performance, with FastViT-MA36 achieving the
strongest overall results.

Ablation on the Core Structure of the Token Gener-
ator. To investigate how to most effectively extract token
features from the backbone, we evaluate several sampling
strategies within the token generator, as illustrated in Fig. 5.
Method A applies spatial pooling directly on the backbone
feature map to obtain a single global descriptor used as
the token feature. Method B partitions the backbone fea-
tures using grid sampling and assigns each partition as a
token feature. Method C adopts the strategy of MobRe-
con [9] by sampling features at the predicted 2D keypoint
locations. Method D increases the spatial resolution of the
backbone features through a four-fold upsampling step be-
fore performing keypoint-guided sampling. Method E ad-
ditionally enhances the upsampled features using convolu-
tional layers prior to keypoint-guided sampling. Method
F follows the coarse-mesh sampling strategy introduced in
FastMETRO [11], sampling features from the upsampled
backbone map according to the coarse mesh topology.

The results are summarized in Tab. 8. Using only a
global feature yields the lowest performance. At low res-
olutions, grid sampling and keypoint-based sampling pro-
duce comparable results. Increasing the feature-map reso-
lution to 28 x 28 through a single four-fold upsampling step
leads to a noticeable improvement. However, adding addi-
tional convolutional layers to the upsampled features does
not provide further gains. Similarly, replacing keypoint-
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Figure 5. An illustration demonstrates various designs of token
generators.

Table 8. Ablation study of sampling strategies and resolution set-
tings used in the token generator.

Sample Method Resolution PA-MPJPE | PA-MPVPE |
A I1x1 6.2 6.5
B Tx7 6.0 6.3
C Tx7 6.0 6.3
D 28x28 5.7 5.9
E 28 %28 enhanced 5.7 5.9
F 28x28 5.8 5.9

based sampling with coarse-mesh sampling offers no im-
provement. Based on these observations, we adopt the con-
figuration in Method D, which applies upsampling followed
by keypoint-guided sampling, as our default design.

5. Conclusion

In this work, we introduced TokenHand, a novel frame-
work that reformulates single-view 3D hand mesh recon-
struction through a discrete token representation. By en-
coding a hand mesh into a compact set of structural tokens
learned in a quantized latent space, TokenHand provides
an efficient and expressive representation of hand geome-
try. This compositional design allows reconstruction to be
posed as a classification task, with a pre-trained decoder re-
covering high-quality meshes without post-processing. The
proposed design offers a principled way to combine strong
geometric priors with efficient inference, substantially re-
ducing model complexity while preserving detailed struc-
tural cues. This token-based perspective offers a promising
direction for scalable hand modeling and supports real-time
AR/VR and future multimodal applications.
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