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Abstract— Interactive hand mesh reconstruction from single-
view images poses a significant challenge with the severe occlu-
sion and depth ambiguity inherent in interactive hand gestures.
Recent approaches that employ probabilistic models and token-
pruned techniques have shown decent results in multi-view
human body reconstruction. Nevertheless, these methods have
not fully utilized multi-scale semantic information from multi-
view images and are not applicable in scenarios involving
severe occlusion during dual-hand interactions. Simultaneously,
current single-view methods independently reconstruct the
left and right hands, which are ineffective in enhancing the
interaction between both hands. To address these challenges, we
propose CAMInterHand, a cooperative attention-based method
for multi-view interactive hand pose and mesh reconstruction.
Specifically, CAMInterHand extracts local pyramid features
and global vertex features from multi-scale feature maps of
multi-view images, enabling the exploration of rich local se-
mantic information and facilitating effective feature alignment.
Furthermore, CAMInterHand employs the cooperative atten-
tion fusion module to fuse all features from multi-view images,
enhancing interactions among vertices of dual hands within
global and local contexts. We conduct extensive experiments on
the large-scale multi-view dataset InterHand2.6M and CAM-
InterHand achieves a substantial performance improvement
over existing methods for multi-view and single-view interactive
hand reconstruction.

I. INTRODUCTION

Interactive hand pose and mesh reconstruction is a funda-
mental task in many robotic applications, including human-
robot interaction [1], [2], XR technologies, and robot grasp-
ing [3] and manipulation. With the development of deep
learning [4], [5] and the proposing of large-scale datasets [6],
[7], interacting hand pose and mesh reconstruction [8]—
[11] has made significant advancements. Most prevailing
approaches [11], [12] leverage single-view images as input.
However, the performance of reconstruction using a single
image is still limited by the challenges of substantial oc-
clusions and depth ambiguity posed in interactive hand sce-
narios. Therefore, fusing multi-view images from different
viewpoints is essential to achieve promising interactive hand
reconstruction.

Recent work on multi-view human body reconstruction
[13]-[17] has yielded exciting results. However, these meth-
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ods have not fully leveraged multi-level semantic informa-
tion from multi-view images in feature fusion. Additionally,
due to the discrepancy between the human body and hand
reconstruction, the direct application of these multi-view
human body reconstruction methods to interactive hands will
lead to undesirable results. Besides, adopting the strategy of
extracting features separately for the right and left hands
without interaction, current single-view methods struggle to
accurately reconstruct the relative positions of both hands,
resulting in the recovery of collisions and incorrect hand
shapes.

To address these challenges, in this paper, we present
CAMlInterHand, a novel framework based on Cooperative
Attention for Multi-view Interactive Hand pose and mesh
reconstruction without calibration. In our framework, differ-
ent from previous multi-view methods fusing features from
a single layer [14], we resort to leveraging local pyramidal
features extracted from multi-scale feature maps of multi-
view images to fully explore the local semantic information
from each perspective and to address the issue of interactive
hand occlusion. In addition to local features, CAMInterHand
also extracts global features from various viewpoint images
to reinforce the feature alignment and the interaction between
global and local contexts. Furthermore, to allow our fusion
framework to effectively fuse these multi-scale features from
different feature maps and different viewpoints, we formulate
our fusion problem into the attention framework by integrat-
ing local pyramidal and global vertex-level features using a
Transformer-based fusion module. Additionally, in contrast
to existing single-view methods that individually reconstruct
the left and right hand [12], our framework leverages cooper-
ative attention to interactively fuse features from both hands,
further enhancing the reconstruction performance.

We conduct extensive experiments on the large-scale
multi-view dataset Interhand2.6M [7]. Our CAMInterHand
exhibits favorable reconstruction results and outperforms
traditional single-view interactive hand reconstruction meth-
ods by a large margin. Additionally, it also significantly
outperforms multi-view fusion methods for human body
reconstruction. The main contributions of this paper can be
summarized as follows:

« We propose CAMInterHand, a novel fusion framework
for multi-view interactive hand pose and mesh recon-
struction based on the cooperative attention mechanism.
The network can effectively utilize the image contextual
features from each perspective to handle occlusions and
depth ambiguity without camera calibration.

¢ Our novel notion of integrating local pyramid features
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and global vertex features extracted from multi-level
feature maps fully leverages multi-scale semantic in-
formation while also facilitating an effective feature
alignment.

« We propose a progressive interactive hand coopera-
tive attention mechanism by employing fusion among
vertex-level features of interacting hands, enabling ex-
tensive interactions between vertices of different hands.

¢ CAMInterHand demonstrates excellent performance on
the multi-view interactive hand dataset and significantly
outperforms state-of-the-art methods.

II. RELATED WORKS
A. Interactive Hand Pose and Mesh Reconstruction

Hand reconstruction is one of the key challenges in
human motion reconstruction. Rapid progress has been made
in interactive hand pose and shape reconstruction from
monocular images, thanks to the development of 3D hand
parametric models (e.g., MANO [8] and DeepHandMesh [9])
and the emergence of large hand pose and shape datasets
(e.g., InterHand2.6M [7]). The simplest way to handle the
reconstruction of both hands is to crop out each hand
image and then use the single-hand reconstruction method to
reconstruct each hand separately and then stitch them back
to the human body model [18], [19]. Obviously, this cannot
solve the problem of interactions with severe occlusions
between interacting hands. In early monocular interactive
mesh recovery methods mainly based on depth sensor fusion,
Mueller et al. [20] proposed embedding parameterized hand
pose and shape models and deep neural network-based dense
correspondence predictors into a suitable energy minimiza-
tion framework for shape fitting. Smith et al. [21] present
the first algorithm capable of tracking high-fidelity hand
deformations through highly self-contact and self-occlusion
gestures.

Recently, due to the application of deep neural networks
such as transformers [22], hand reconstruction based on
a single RGB camera has made great progress. Zhang et
al. [11] proposed to exploit the interactive context presented
by the interacting hands to propose a context-aware cascaded
refinement network. Li et al. [12] utilize pyramid image
features and self-attention modules to directly regress the
vertices of interacting hands. Yu et al. [23] used interactive
hand context collaborative attention to predict MANO [8]
parameter models. These methods do not utilize global
attention between interacting hands, which leads to depth
ambiguities between interacting hands and an inability to
correctly reconstruct their relative positions, including colli-
sions and incorrect shapes.

B. Multi-View Human Pose and Mesh Restoration

For camera calibration to be available, it is usu-
ally achieved by enforcing consistency in the estimated
poses across multiple viewpoints to reconstruct the human
body [24], [25]. For example, Iskakov et al. [26] pro-
posed two multi-view 3D humans pose estimation solutions
based on learnable triangulation methods, which combine

3D information from multiple 2D views. He et al. [27]
proposed a differentiable core-polar transformer that enables
2D detectors to exploit 3D perceptual features to improve 2D
pose estimation. These methods ignore the feature semantic
information in multi-view images.

For camera calibration not available, the reconstruction
of the human body is typically performed by fusing the
features extracted from multiple viewpoints [15], [17]. For
example, Xie et al. [28] proposed a pre-trained cross-view
fusion model that can strictly adapt to unknown camera
poses with only a small amount of labeled training data.
Li et al [13] proposed a modified multi-view optimization
method (MV-SMPLify) based on the SMPLify method to
simultaneously fit SMPL models to multi-view images. Kolo-
touros et al. [14] proposed probabilistic modeling of 3D
human mesh recovery. Ma et al. [29] proposed token-Pruned
Pose Transformer. To block unimportant image tokens. Jia
et al. [16] proposed pixel alignment feedback fusion for
accurate and efficient human mesh recovery from multi-view
images. However, these methods do not exploit the multi-
level semantic features of multi-view images in the fusion
of image features.

III. METHODOLOGY
A. Problem Statement and Method Overview

In this section, we present the technical details of our
proposed method, CAMInterHand, for multi-view image in-
teractive hand pose and mesh reconstruction. Fig. 1 illustrates
the framework of CAMInterHand. Multi-view images are
initially processed through encoders and decoders to extract
both global and local features. Multi-view global features are
concatenated into a single vector Gr € R3¢, while local
features are fed into a multi-view image pyramid feature
extractor, generating multi-view image pyramid features.
These global features are then combined with local pyramid
features and utilized in a progressive interactive hand coop-
erative attention fusion module to reconstruct both left-hand
and right-hand meshes.

We use non-parametric methods to reconstruct the left-
hand mesh M; € R77®3 and the right-hand mesh My €
R778%3  with 778 vertices in the left and right hands re-
spectively. Subsequently, the 3D joint J3p = R(M) can be
regressed from the output mesh using the trained MANO

parameters, where R is the pre-trained linear regressor, M €
R778><3.

B. Multi-View Image Pyramid Feature and Global Feature
Extraction

To better leverage the multi-view image semantic in-
formation, we introduce the concept of multi-view image
pyramid features and global feature extraction. This inno-
vative strategy involves extracting local pyramid features
and global vertex features from multi-level feature maps,
enabling comprehensive utilization of multi-scale semantic
information and facilitating effective feature alignment.

Multi-View Image Encoder-Decoder: We utilize the
Swin Transformer [30] encoder to take multiple views as
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Overview of our proposed CAMInterHand pipeline. Initially, multi-view images are independently input into encoders and decoders to facilitate

the extraction of global and local image features. Subsequently, the global features originating from the multi-view images are merged into a global vector
denoted as Gr. In parallel, the local features extracted from the multi-view images are directed into the multi-view image pyramid feature extractor, which
captures the multi-view image pyramid feature. Finally, the global features are concatenated with the local pyramid features and input into the progressive
interactive hand cooperative attention, facilitating the fusion of local and global features to reconstruct the meshes for the left and right hands.

input and encode them into features. These features are then
fed to a simple decoder composed of several deconvolution
layers to recover high-resolution feature maps. The final layer
of the decoder is responsible for reconstructing dense maps,
heatmaps, and 2D mask information, which are used for 2D
supervised pretrain.

Multi-View Image Pyramid Features and Global Fea-
tures Extraction: As shown in Fig. 1, we concatenate the
feature maps of the same scale from the image encoder
outputs £ and decoder outputs D from four views. These
feature maps are then separately input into convolution
(Conv) layers and self-attention (SA) layers, further output
the attention features C,; for each view v, where v represents
the view id totaling 4 perspectives, and i indicates the
different scale features, ranging from 1 to 3. This process
is formulated as shown in (1). Then, we concatenate the
attention features C,; of the same scale from the four views
and output pyramid attention features P; (B, € R8*8x2%6,
P € RI6X16x256 p,  [R32x32%256 ot three different scales, as
shown in (2). As a result, the bottom-level pyramid attention
features capture coarse-grained texture semantic information
from multiple views, while the top-level pyramid attention
features capture fine-grained semantic context from multiple
views.

Cyi = SA(Conv(concat (E,;,D,;))), (D

P, = concat(Cy;,C1,i,C2,4,C3). 2

For global feature extraction, as depicted in Fig. 1, we
extract multi-view features Eog, E10, Erp, E30 from the

last layer of the encoder. These features are individually fed
into pooling layers fp() to generate global feature vectors
for each perspective: Gy, G, G, and G3. These perspective
global feature vectors are then integrated to generate a single
global feature Gr, as shown in (3).

Gr = sum(fp(Eop), fP(E10),fP(E20), [P(E30)). ()

C. Progressive Interactive Hand Cooperative Attention

Handling the relative depth ambiguity between interacting
hands is a challenging task, which requires an efficient
fusion of features between interacting hands. Excitingly,
the multi-head self-attention (MHSA) module [22] is good
at modeling relationships between information tokens and
handling disordered, heterogeneous, and variable-length data
structures effectively. Therefore, we propose a progressive
interactive hand cooperative attention method to solve the
above challenge. We ingeniously devise a fusion module
to merge the vertex features of both hands with multi-view
image features.

Firstly, the global feature Gr is input to a linear layer
to reduce its dimensions. Subsequently, position encoding
(PE) is applied separately using the left-hand and right-
hand MANO templates, developing the left-hand feature
G € R%8%256 and right-hand feature G € R%*>%_ Next, the
left-hand vertex features Gp, right-hand vertex features Gg,
and multi-view image pyramid features Py are concatenated
and fed into the multi-head self-attention module to output
enhanced vertex features G/L and G;e using equation (4). The
MHSA enables the fusion of vertex features with multi-
level semantic information from local features at multi-view,
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facilitating the fusion of vertex features from arbitrary points
between both hands.

G, ,Gr = MHSA(Gy, Flatten(Py),Gg). 4)

We utilize graph convolution layers (GCN) [31] within
each hand to enhance feature fusion among single-hand ver-
tices. Each graph convolutional block consists of two layers
of spiral convolution, and the feature dimension remains
unchanged after the GCN. To accelerate convergence, we
employ a progressive vertex regression approach to estimate
vertex positions from coarse to fine. In specific, we employ
the approach in Mesh Autoencoder [32] to upsample the
number of vertices. The number of vertices of the three-layer
interactive hand cooperative attention are Vo= 98, V=195,
V>=389 respectively. Through multiple dimension-reduction
layers of MHSA and GCN, the last MLP layer directly
regresses the coordinates of the interactive hand vertices.

B
]
ol
<l

Fig. 2. Single-hand attention method framework: Unlike the interactive
hand cooperative attention, the single-hand attention method connects the
vertex features of the left and right hands with image features separately
and then applies attention to each of them.

o

Compared to the IntagHand [12] approach, of which the
framework is shown in Fig. 2, single-hand vertex features are
independently fused with image features for attention. De-
spite incorporating cross-hand attention, it primarily focuses
on local interactions within individual hands while over-
looking interactive hand interactions. Our approach employs
cooperative attention between interacting hands and multi-
view pyramid features, which strengthens global interactions
among different hand vertices, thereby implicitly improving
the capacity to learn ambiguous relative depth between
interacting hands.

D. Loss Functions

We train the multi-view method CAMInterhand with 2D
loss function and 3D loss function. Concretely, to train the
image encoder-decoder, we use L1 loss to supervise the 2D
dense map and use the mean square error loss to supervise
2D heatmaps and masks. To train 3D regression vertices, we
utilize vertex loss, joint loss, mesh normal loss, and edge
length loss.

Vertex Loss. We use the L1 loss function to supervise the
3D coordinates of the interacting hand vertices.

n
LVZZHVh,i*VZ;Hh )

where Vj,; is the vertex i, h € {left,right} indicating the
left or right hand. * represents the ground truth.

Joint Loss. The predicted hand vertices V are multiplied
by the pre-trained linear joint regressor J to obtain the re-
gressed hand joints. Our joint loss function error is computed
as follows:

L= Y

he{left,right}

Vi — IV il (6)

Normal Loss. To make the prediction mesh smoother,
we use normal loss by aligning the predicted mesh surface
normal with the ground truth mesh normal direction.

F 3
L= Y ) llegin-njull, (7)
f=le=1

where f is the face of the reconstructed mesh, e represents
the edge vector of each face, and each face is composed
of three edge vectors. n* denotes the normal vector of the
ground truth mesh.

Edge Loss. We use edge length loss to keep the predicted
edge lengths consistent with the ground truth edge lengths.

F E
Le= Y Y llerin=epanllr (®)
f=le=1
where E=3 represents the number of edges on each face.

IV. EXPERIMENTS
A. Experimental Settings

Dataset. InterHand2.6M [7] is a large-scale real-captured
dataset with human(H) and machine(M) 3D pose and mesh
annotations. The dataset is divided into two subsets, the inter-
active hands (IH) and the single hands (SH). Since we focus
on multi-view interactive hand reconstruction, four camera
views (400009, 400018, 400031, 400053) are selected from
the 5 FPS IH subset with H+M annotations as the multi-
view dataset. Invalid labels are discarded based on valid
annotations of hand_type_valid. In total, 20,132 training
samples and 1,356 testing samples from InterHand2.6M were
used. Evaluation Metrics. To evaluate the pose and shape
accuracy of the reconstructed hands, we compare the Mean
Per Joint Position Error (MPJPE) and the Mean Per Vertex
Position Error (MPVPE) in millimeters. We scaled the mid-
metacarpal length of each hand to 9.5cm during training,
aligned the root joint of each hand during evaluation, and
rescaled back to true skeletal length.

Implementation Details. For the backbone network, we
employ the Swin Transformer [30] pre-trained on ImageNet
[5] as the image encoder. We use the Adam optimizer to train
the model with an initial learning rate of le-4 and multiply
the learning rate by 0.1 after every 200 epochs.

B. Experimental Results

Comparison to State-of-the-art Methods. We com-
pare our CAMInterHand with state-of-the-art monocular and
multi-view reconstruction methods, as shown in Table I.
Interhand2.6m comprises over 70 camera viewpoints, while
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Comparison with ground truth on InterHand 2.6M [7] test dataset. Our method produces good results in hand reconstruction in challenging

situations such as truncation (1-2), severely occluded hands (3-4), and severely bent fingers (6).

Input view0 Input view1 Input view2 Input view3

GT

MVSPINNEW IntagHand Ours

Fig. 4. Qualitative comparison with state-of-the-art monocular and multi-view reconstruction methods on the InterHand2.6M dataset. The four columns on
the left are four input images for multi-view reconstruction and input view 3 for monocular reconstruction. We show the reconstruction results of view 3.
Our method yields superior reconstruction results in various challenging interaction situations, while the MVSPINNEW [13] and IntagHand [12] methods
exhibit severe collisions and significant deviations in hand shapes and the relative distance between the hands.

TABLE 1. Comparison with state-of-the-art methods on interhand2.6m [7].
(-) indicates monocular reconstruction.

[ MPJPE MPVPE

(-) IntagHand [11] 8.76 9.04
(-) IntagHand [11] (all view) 6.63 6.86
MVSPINNEW [13] 11.22 11.49
ours(w/o pre-trained) 6.58 6.79
ours(w/ pre-trained) 5.65 5.87

we select a subset of four camera viewpoints, as detailed in
the experimental settings. In Table 1, except for our CAM-
Interhand with pre-trained and IntagHand (all view) methods,
which were trained on the all viewpoints interhand2.6m
dataset, all other methods were trained on the subset of data
from four camera viewpoints. All methods were tested on
the subset dataset.

Compared to monocular reconstruction methods, our
model achieves 6.58 MPJPE and 6.79 MPVPE when trained

on the Interhand2.6M sub-dataset from four camera view-
points. These results represent a significant improvement
of 24.9% over the previous best method (IntagHand). Ad-
ditionally, while compared to IntagHand trained using all
camera viewpoints from the Interhand2.6M dataset, our
CAMInterHand is pre-trained on all camera viewpoints and
fine-tunes on a subset of four camera viewpoints, achieving
5.65 MPJPE and 5.87 MPVPE, which is significantly better
than intaghand’s 6.63 MPJPE and 6.86 MPVPE.

We further compare our method to the state-of-the-art
multi-view reconstruction approach, MVSPINNEW [13],
which is an improved multi-view optimization method based
on the SMPLify framework, allowing the fitting of the
SMPL model to multiple-view images simultaneously. To
ensure a fair comparison, we run the code published by
MVSPINNEW on the multi-view InterHand dataset to obtain
test results. Our method achieves the lowest MPJPE of
5.65 and MPVPE of 5.87 on the Multi-View InterHand
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dataset, significantly outperforming the recent multi-view
reconstruction methods.

Qualitative Evaluation. Our qualitative results on Inter-
Hand2.6M are shown in Fig. 3 and Fig. 4. Notably, in chal-
lenging situations such as truncated hands, severe occlusions,
and heavily bent fingers, our method consistently produces
reconstructions that are close to the ground truth. Fig. 3
provides examples of such cases. Furthermore, compared to
previous state-of-the-art methods, our approach accurately
reconstructs various occlusions and interactive actions in
the input images, avoiding collisions between the hands, as
shown in Fig. 4.

C. Ablation Study

TABLE II. Ablation study on the selection of pyramid feature scales for
image pyramid features (IPF).

[ MPJPE  MPVPE

Ours(w/o IPF) 7.74 7.59
Ours + IPF-8 6.73 6.98
Ours + IPF-32 6.46 6.66
Ours + IPF 5.65 5.87

TABLE III. Ablation study on view number selection of image pyramid

feature(IPF).IPF, represents the number of viewpoints.

[ MPJPE  MPVPE

Ours(IPF, =1) 6.62 6.87
Ours(IPF, =2) 6.13 6.31
Ours(/PF, =3) 5.83 6.09
Ours(IPF, = 4) 5.65 5.87

TABLE IV. Analysis of interactive hand cooperative attention (interactive)

and single hand attention method (single).

[ MPJPE  MPVPE

5.97 6.19
5.65 5.87

single
interactive

interactive

Input image GT

single

Fig. 5. Qualitative analysis of interactive hand cooperative attention
(interactive) and single-hand attention methods (single), interactive hand
cooperative attention can avoid collisions and align with images.

Effectiveness of the Multi-View Image Pyramid Fea-
ture Extraction: We compare four experimental settings

of pyramid feature structures: removal of multi-view image
pyramid features (w/o IPF), only using multi-view image
pyramid features at one resolution (8*8 or 32*32), and using
complete multi-scale Multi-view image pyramid features.
The above four pyramid structures are independently input
to the interactive hand cooperative attention fusion module,
as shown in Table II. It is evident that the removal of
the image pyramid feature structure leads to a significant
decline in reconstruction accuracy, thereby underscoring the
effectiveness of the multi-view image pyramid feature ex-
traction. Additionally, the complete multi-scale multi-view
image pyramid feature setting, results in the highest attain-
able reconstruction accuracy, providing compelling evidence
for the efficacy of multi-scale pyramid feature extraction.
The multi-view image pyramid feature extractor effectively
captures low-level coarse-grained texture features as well as
high-level fine-grained semantic attributes within the image.

Effectiveness of the Number of Views in the Image
Pyramid Feature: We concatenate different numbers of
image pyramid features for interactive hand cooperative
attention fusion, as shown in Table III, it is evident that as
the number of views in the image pyramid feature increases,
the reconstruction error continually decreases, our interactive
hand cooperative attention fusion module effectively inte-
grates image semantic information from different numbers
of perspectives.

Effectiveness of Progressive Interactive Hand Coop-
erative Attention: In the Methods section, we analyze the
distinctions between the interactive hand cooperative atten-
tion and single-hand attention methodologies. The specific
network structure is shown in Fig. 1 and Fig. 2. Quantitative
experiments are shown in Table IV. The experimental re-
sults demonstrate that interactive hand cooperative attention
leads to lower reconstruction errors compared to single-
hand attention. This implies that progressive interactive hand
cooperative attention can capture global interactions between
arbitrary vertices of both hands, effectively improving the
relative depth estimation between interacting hands. Qualita-
tive analysis is shown in Fig. 5. Interactive hand cooperative
attention can prevent collisions between both hands and align
them with the image.

V. DISCUSSION

In this paper, we propose CAMInterHand for reconstruct-
ing the interactive hand mesh from multi-view images.
Specifically, we introduced a multi-view image pyramid
feature extraction to fully exploit multi-level semantic fea-
tures from multiple viewpoints. Additionally, we presented
progressive interactive hand cooperative attention, allowing
attention interaction between arbitrary two vertex features of
both hands to capture global information. This method is
dedicated to interactive hand reconstruction using calibrated
fixed-position cameras. In future work, we will explore
multi-view reconstruction using uncalibrated cameras placed
at arbitrary positions.
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