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Abstract
Recently, transformer-based methods have been introduced
to estimate 3D human pose from multiple views by ag-
gregating the spatial-temporal information of human joints
to achieve the lifting of 2D to 3D. However, previous ap-
proaches cannot model the inter-frame correspondence of
each view’s joint individually, nor can they directly con-
sider all view interactions at each time, leading to insufficient
learning of multi-view associations. To address this issue, we
propose a Spatial-View-Temporal transformer (SVTformer)
to decouple spatial-view-temporal information in sequen-
tial order for correlation learning and model dependencies
between them in a local-to-global manner. SVTformer in-
cludes an attended Spatial-View-Temporal (SVT) patch em-
bedding to attentively capture the local features of the input
poses and stacked SVT encoders to extract global spatial-
view-temporal dependencies progressively. Specifically, SVT
encoders perform three reconstructions sequentially to at-
tended features with the learning through view decoupling
for temporal-enhanced spatial correlation, temporal decou-
pling for spatial-enhanced view correlation, and another view
decoupling for spatial-enhanced temporal relationship. This
decoupling-coupling-decoupling multi-view scheme enables
us to alternatively model the inter-joint spatial relationships,
cross-view dependencies, and temporal motion associations.
We evaluate the proposed SVTformer on three popular 3D
HPE datasets, and it yields state-of-the-art performance. It
effectively deals with ill-posed problems and enhances the
accuracy of 3D human pose estimation.

Code — https://github.com/Rowenazhang/SVTformer

Introduction
3D human pose estimation (HPE) is essential in computer
vision. It aims to estimate the 3D coordinates of human
joints in images or videos to reconstruct human posture. It
is widely used in many fields, such as human action recog-
nition (Rajasegaran et al. 2023), human motion prediction
(Wang et al. 2023b), person re-identification (Wang et al.
2022) and so on.

Monocular 3D HPE (Li et al. 2022; Yu et al. 2023; Li
et al. 2023a; Wang et al. 2024) refers to estimating the posi-
tions of 3D human joints from a single image or monocular
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Figure 1: Comparison between previous multi-view 3D HPE
methods and ours. (a) is the CNN/RNN/GCN-based method
with only the spatial receptive field. (b) is the transformer-
based method with spatial and adjacent view receptive fields
and the temporal receptive field after view fusion. (c) is our
SVTformer, incorporating all spatial, view, and temporal re-
ceptive fields. Since our method models richer spatial, view,
and temporal correlations sequentially in a local-to-global
manner through continuous reshaping and attended learning
of the input 2D pose, our method outperforms others.

video. However, the issues of depth ambiguity and partial
occlusion in the single-view setting hinder more accurate 3D
HPE. A natural way to solve them is to use multi-view infor-
mation for 3D HPE (Jiang, Hu, and Xia 2023; Zhang et al.
2022b; Wandt et al. 2021), which estimates human poses in
3D space by using data from multiple camera views.

The straightforward way to achieve multi-view 3D HPE
(Ma et al. 2021; Shuai, Wu, and Liu 2022; Hua et al. 2022)
is generally to first estimate the 2D pose of the human body
in each view, then use the 2D skeleton of different views as
the input of the feature extraction network for 2D-3D lift-
ing, and fuse the multi-view information at a deeper stage
to obtain the 3D pose, as shown in Fig. 1(a). Its receptive
field is mainly confined to a single view. An off-the-shelf
2D pose estimator (Chen et al. 2018) is often used to de-
tect the 2D pose of the human body. Our work mainly fo-
cuses on the progress of recovering 3D human poses from
the obtained multi-view 2D poses. This involves addressing
the correlation between joint positions corresponding to dif-
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ferent camera perspectives to fuse information from multiple
viewpoints effectively.

Many multi-view fusion methods divide multiple views
into multiple different monocular 2D to 3D HPE proce-
dures and fuse them at the final stage. Several efforts have
been made to solve the correlation issues of multiple views
through the temporal association of different views (Chu
et al. 2021), epipolar geometry (Qiu et al. 2019; Wang et al.
2023a), and multi-view consistency constraints (Rhodin
et al. 2018; Kim et al. 2022; Wan, Chen, and Zhao 2023).
However, these models almost only consider the temporal
relationship of joints under a single view or the association
across views, lacking the coherent learning of the spatial-
temporal information between joints under each view re-
spectively and the mining of spatial information across all
views at the same time. Secondly, most of these methods
only fuse cross-view features in the last step but ignore the
multi-view information in the shallow part. Furthermore,
previous work often relies on specific camera parameters
and requires complex constraints for cross-view learning,
making it difficult to implement the model in real scenarios.

Existing transformer-based methods (Shuai, Wu, and Liu
2022) directly merge the temporal input of each view into a
vector but ignore the different spatial relationships and tem-
poral correspondence of the joints in each view. In single-
view 3D HPE, researchers (Zhao et al. 2019) propose that
GCN can extract and process the joint spatial relationship.
Later, in multi-view 3D HPE, some transformer-based meth-
ods (Zhou et al. 2023; Zhang et al. 2024) introduce graph
structures into transformers to enhance the local expression
of spatial features in each view. As shown in Fig. 1(b), firstly,
the spatial relationship between the joints in each view is
fused with attention. Then, the features of the two adja-
cent views are interacted and enhanced through the cross-
view attention model. Finally, the multi-view features are
embedded through attention-based temporal feature extrac-
tion. This type of method only considers the feature fusion
between two adjacent views but does not explicitly mine
the correspondence among all views. In addition, this strat-
egy only considers the temporal relationship of the unified
sequence after the fusion process of multi-view spatial in-
formation without exploring the temporal motion of the hu-
man joints in each original view before fusion. Furthermore,
graph-based methods represent features locally and insuffi-
ciently, which limits the receptive field of the model and in-
troduces additional structural priors of the joint connection,
affecting the generalization ability of the model. Therefore,
this inspires us to further explore the associations and fusion
methods of multiple views, time, and space.

In order to improve the extraction of short-term and long-
term correlation and the fusion of spatial-temporal-view in-
formation in multiple views, we propose a Spatial-View-
Temporal transformer (SVTformer), an effective multi-view
fusion method for 3D HPE with sequential spatial-view-
temporal attention in a local-to-global manner. It merges the
rich spatial, multi-view, and temporal correlations by con-
stantly decoupling different views and frames to reshape
the input pose. SVTformer not only extracts local spatial-
view-temporal correlations in the shallow layer but also al-

ternately captures their global dependencies in deeper net-
works.

As shown in Fig. 1(c), our SVTformer considers corre-
lation learning by sequentially decoupling it into three as-
pects: space, multi-view, and time. Specifically, to capture
the spatial correlation of joints in the same view, it first
merges the input features and decouples multiple views. It
then constructs a spatial attention model enhanced with tem-
poral information to integrate the spatial correlation of dif-
ferent joints in each view. Next, considering the spatial cor-
relation among different views at each time step, we merge
and decouple the inputs again to separate each frame and
utilize the view attention enhanced by spatial information to
obtain cross-view features. Finally, considering the temporal
relationship of joints under each view, we decouple different
viewpoints again after merging and fuse the temporal corre-
lation within each view through spatially enhanced temporal
attention. By stacking the alternate learning of these three
attentions, a more complete and rich multi-view spatial-
temporal fusion is achieved. In particular, SVTformer in-
cludes an input embedding module, named Attended SVT
Patch Embedding, based on spatial-view-temporal attention
in the shallow layer to extract local features related to space,
view, and time in the original input for subsequent deeper
multi-view spatial-temporal correlation learning.

Our main contributions are as follows:
• We propose an effective SVTformer framework based

purely on transformers, which sequentially decouples the
multi-view features in 3D HPE into spatial, view, and
temporal correlations.

• By local-to-global fusion, SVTformer extracts short-
range relationships of spatial-view-temporal features
through attended patch embedding and gradually ex-
plores the long-range correlations in an alternating and
sequential manner, effectively alleviating the depth am-
biguity problem and improving the estimation accuracy
of 3D HPE without the requirement for extra camera pa-
rameters, complex constraints, and human priors.

• Extensive experimental results on three popular datasets
illustrate that our SVTformer performs better than exist-
ing 3D HPE approaches in indoor and outdoor scenes.

Related Work
Multi-view 3D HPE. Multi-view 3D HPE methods have
the potential to enhance depth perception and address issues
caused by occlusion and depth ambiguity. Existing multi-
view methods (Kadkhodamohammadi and Padoy 2021; He
et al. 2020; Qiu et al. 2019) infer 3D poses based on triangu-
lation of camera calibration and detected 2D poses, relying
heavily on accurate camera parameters with restricted gen-
eralization performance. Therefore, subsequent work (Gor-
don et al. 2022) only learns 3D rotations between skeleton
parts and bone lengths that are independent of camera posi-
tion. Besides, other approaches (Wan, Chen, and Zhao 2023;
Kim et al. 2022, 2024) take multi-view consistency as super-
vision in 3D HPE to alleviate the problem of independence
between multi-view 2D poses and refine the estimation er-
ror. Differently, we construct a transformer-based model that
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Figure 2: (a) The Overview of our SVTformer in a sequential alternating manner with (b) an attended spatial-view-temporal
patch embedding layer and (c) stacked spatial-view-temporal encoders. The vanilla transformer encoder to different inputs is
applied as our encoder. The attention maps for spatial, view, and temporal associations are visualized for each layer, with darker
colors indicating stronger attention. The attention maps in the shallow layer with attended SVT PE exhibit diagonal structures
or short-range relationships, indicating a stronger emphasis on local correlation modeling. The attention maps in the deeper
layers with the SVT encoder become sparser as the layers deepen, suggesting a greater focus on global relationship modeling.

pays attention to time, space, and view separately. By alter-
nately learning the attention in these three parts in order, we
can capture the correlation of inter-joints, multiple views,
and human temporal motions without relying on any camera
parameters and complex constraints.

Transformer-Based 3D HPE. The transformer has a strong
ability to model long sequences and capture global informa-
tion. In single-view 3D HPE, many approaches (Tang et al.
2023; Zhang et al. 2022a; Li et al. 2024; Zhai et al. 2023) use
transformers to learn spatial-temporal correlations. Multi-
view 3D HPE mainly concentrates on aggregating infor-
mation from 2D joints, frame series, and multiple views
to regress 3D poses. Only a few multi-view methods de-
ploy transformers to mine the spatial-temporal relationships.
MTF-Transformer (Shuai, Wu, and Liu 2022) applies trans-
formers to fuse multi-view and temporal information, re-
spectively, but introduces additional 2D pose confidence and
more complex loss functions as model constraints. HMV-
former (Zhou et al. 2023) and SGraFormer (Zhang et al.
2024) incorporate the prior spatial information of human
joints into the transformer with graph representation. How-
ever, they only consider the relationships between adjacent
views and the temporal dependencies of fused features. Our
method correlates the temporal and view information of hu-
man joints in all input views before the final feature fusion,
and the correlation learning is carried out in a sequential or-
der of space-view-time, which deeply mines more compre-
hensive correspondence in multiple views.

Method
For multi-view 3D HPE, our input is an image sequence
I = {Ii}B×V×T

i=1 containing T frames and V views, and
B samples, as shown in Fig. 2. We use an off-the-shelf 2D
pose estimator (Chen et al. 2018) to obtain the 2D joint co-
ordinates CT,V,J ∈ RB×T×V×J×2 of human body from T
frames across V views with J joints and 2 channels. The
obtained 2D pose is further input into the 2D-3D lifting net-
work, and regress the target 3D pose PT,J ∈ RT×J×3 corre-
sponding to the multi-view image sequence through the re-
gression head. In our SVTformer, we first propose attended
spatial-view-temporal (SVT) patch embedding to attentively
capture the local detailed information of the input poses.
Then, to investigate the global dependencies in SVT fea-
tures, a stacked SVT encoder is built for fusion sequentially.

The Fundamentals of Transformer Encoder
The transformer encoder mainly consists of a Multi-head
Self-Attention module (MSA) and a Feed-Forward Network
(FFN). By first linearly mapping the token X ∈ RN×C

containing C channels and N inputs to form three matrices
Q,K, V ∈ RN×d, representing queries, keys, and values re-
spectively, one transformer encoder can be expressed as

MSA(Q,K, V ) = Softmax(
QKT

√
d

)V,

FFN(X ′) = GeLU(X ′ ·W1) ·W2,

X ′ = MSA(LN(X)) +X,

Y = FFN(LN(X ′)) +X ′,

(1)
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where d is the key’s dimension, W1 and W2 are two projec-
tion matrices, and LN(·) means layer normalization.

Attended SVT Patch Embedding
Traditional transformers use patch embedding to convert im-
age data into a series of fixed-length vectors for subsequent
transformer processing. This part often involves dividing
the input image into small patches of uniform size, flatten-
ing each patch, and mapping it to a high-dimensional space
through a linear projection layer. Different from traditional
methods, in our model, in order to better convert the input
2D skeleton sequence into an embedded representation suit-
able for our SVTformer processing, our Attend SVT Patch
Embedding (Attended SVT PE) uses a transformer encoder
structure to sequentially pass the input 2D posture sequence
through a layer of joint point space, multi-view, and tem-
poral correlation attention, thereby mapping it to a high-
dimensional space with attention.
Attended Spatial Patch Embedding. First, in order to en-
hance the spatial association between the joints of each view,
we reshape the input, including merging the sample size and
channel number of the 2D pose sequence CT,V,J , and de-
coupling different views. Specifically, V of the B samples
are merged into BV as the new view sample size, where
BV = B · V . Meantime, the number of frames and chan-
nels is merged to obtain the new number of channels en-
hanced by temporal features, expressed as CT = C · T
with the input 2D coordinate dimension C = 2. In this
way, for the reshaped temporal enhanced features Cs ∈
RBV ×J×CT , we project the features of each joint point into
a high-dimensional feature Xs ∈ RBV ×J×dT through a lin-
ear layer, where dT = d × T . Then, we use the positional
embedding matrix to preserve the spatial location informa-
tion, represented as PEs. Our temporal-enhanced spatial
transformer encoder (TS-E) uses a vanilla transformer en-
coder layer to separate different views in the spatial joint
dimension so that all joints of each view form a spatial to-
ken o ∈ R1×J×dT , and the spatial information of joints
of different views is modeled in parallel. Specifically, the
temporal-enhanced spatial token of each view is fed into the
transformer encoder to compute spatial attention, and the
enhanced spatial patch embedding is obtained by perform-
ing layer normalization (LN) along spatial dimension and
residual connection. Our attended spatial patch embedding
Ys ∈ RBV ×J×dT is formulated as follows:

Ys = LN(TS-E(Xs + PEs)) +Xs. (2)

Attended View Patch Embedding. Then, in order to en-
hance the correspondence of joints across views at each mo-
ment, we constructed attended view patch embedding. Sim-
ilarly, the output Ys of attended spatial patch embedding is
reshaped, which merges into a new batch BT and the num-
ber of channels dJ by decoupling at different moments, and
then spatially-enhanced view features Xv are obtained, de-
noted as Ys ∈ RBV ×J×dT → Xv ∈ RBT×V×dJ , → de-
noting reshape operation, BT = B × T, dJ = d × J . We
embed the view positional matrix into the input to retain the
independent positional information of each view. Through
our spatial-enhanced view transformer encoder (SV-E), we
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Figure 3: Three variants of our SVT transformer.

separate different moments in the view dimension and use
the transformer encoder to model the correspondence be-
tween the joints of multiple views at each moment so that
we can capture the cross-view correlation. Similarly, we
perform layer normalization along the view dimension and
residual connection on the view feature dimension to ob-
tain our attended view patch embedding, expressed as Yv ∈
RBT×V×dJ :

Yv = LN(SV -E(Xv + PEv)) +Xv. (3)

Attended Temporal Patch Embedding. After obtaining the
cross-view enhanced features, we further learn the effective
temporal motion of the joints. In order to enhance the asso-
ciation between joints in different frames under each view,
we pass attended view patch embedding through batch-view
and spatial-channel merges and view decoupling to obtain
spatially-enhanced temporal features Xt, denoted as Yv ∈
RBT×V×dJ → Xt ∈ RBV ×T×dJ . Then, combined with the
temporal positional embedding to consider the positional in-
formation of each frame, we use the residual and layer nor-
malization on the temporal dimension to obtain our attended
temporal patch embedding Yt ∈ RBV ×T×dJ . The main cal-
culations of our spatially-enhanced temporal encoder (ST-E)
are as follows:

Yt = LN(ST -E(Xt + PEt)) +Xt. (4)

Spatial-View-Temporal Transformer
Attended SVT PE encodes the relationships between short-
range information in the input poses. We further explore
the global relationships between long-range spatial-view-
temporal correlations. Based on the three encoders discussed
above, i.e., TS-E, SV-E, and ST-E, we develop three variants
of the spatial-view-temporal transformer.
Sequentially Alternating Model. After attending to the
SVT patch embedding, we use a stacked SVT encoder to
further learn the spatial dependency, cross-view correspon-
dence and temporal motion of different input joints. To ef-
fectively model the multi-view 2D pose sequence in series,
we design a sequentially alternating spatial-view-temporal
transformer structure, which our SVTformer follows, as
shown in Fig. 2. Similar to attended SVT patch embed-
ding, we correspondingly propose three attention modules,
as shown in Fig. 3(a), namely spatial attention to model
the spatial relationship using temporal enhancement in each
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view, view attention to learn the association across views,
and temporal attention to model different temporal motions
in the same view. For each attention module, the input is re-
shaped through merge and decouple operations and then fed
into the encoder module for enhanced feature representation.
The difference from attended SVT patch embedding is that
our spatial, view, and temporal attentions in SVT encoders
directly connect the input and output of the transformer en-
coder with residual connections and then perform layer nor-
malization. This method can better normalize the output of
encoders and residuals and reduce the changes in the input
distribution of each attention module, which helps to stabi-
lize the gradient propagation and improve the convergence
speed of the model. Secondly, they no longer contain the po-
sitional embedding step. We express the alternating learning
process through the lth layer as:

Y l−1
t ∈ RBV ×T×dJ → X l

s ∈ RBV ×J×dT ,

Y l
s = LN(TS-E(X l

s) +X l
s),

Y l
s ∈ RBV ×J×dT → X l

v ∈ RBT×V×dJ ,

Y l
v = LN(SV -E(X l

v) +X l
v),

Y l
v ∈ RBT×V×dJ → X l

t ∈ RBV ×T×dJ ,

Y l
t = LN(ST -E(X l

t) +X l
t),

(5)

where l = 1, 2, ..., L, Y 0
t = Yt.

Parallel Weighted Model. As shown in Fig. 3(b), we first
transform the 2D skeleton joints CT,V,J ∈ RB×T×V×J×2

through our reshape operation including merge and de-
couple to form the input of spatial attention Xs ∈
RBV ×J×CT , CT = C × T , the input of view attention
Xv ∈ RBT×V×CJ , CJ = C × J and the input of tem-
poral attention Xt ∈ RBV ×T×CJ . The three branches map
the input to high dimensions through linear embedding and
embed it with positional embedding, respectively, to obtain
the input of spatial, view, and temporal transformer encoder.
Through the calculation of residual and attention, the fea-
tures containing spatial, view, and temporal attention are
obtained, which are {Y l

s , Y
l
v , Y

l
t } ∈ RB×d×T×V×J respec-

tively. We design an adaptive fusion method to weigh and
fuse the three branches. Specifically, for each attention out-
put, we reduce its feature map to B× d× 1× 1× 1 through
global max pooling along the temporal, view, and spatial di-
mensions. The three sets of features are concatenated and
fed into two fully connected layers to capture the contextual
information among d channels and three branches, respec-
tively. After a softmax normalization, the adaptive weights
of three branches are formed as αs, αv, αt. For each trans-
former layer, we aggregate the three attention outputs with
the weighted summation:

Y l
svt = Y l

s · αs + Y l
v · αv + Y l

t · αt, l = 1, 2, ..., L. (6)
Joint Sequential and Parallel Model. We also explore
combining sequential and parallel structures to learn the as-
sociations in three dimensions: time, space, and view, shown
in Fig. 3(c). We first perform sequential embedding to learn
the spatial-view-temporal associations of 2D joints and then
feed them into the parallel SVT transformer model to adap-
tively learn the effective representations of the three at the

same time. We can also pass the features through the paral-
lel SVT transformer first, after which they are fed into the
sequential transformer, expressed with *.

Experiments
Datasets and Protocols
Human3.6M. (Ionescu et al. 2013) is the most widely-used
3D HPE dataset. It contains 3.6 million 3D human poses
and images captured from 4 cameras. This dataset consists
of 11 actors performing 15 daily activities in an indoor lab-
oratory. Subjects 1,5,6,7,8 are often used for training, and
subjects 9,11 are for testing. Two standard evaluation pro-
tocols are used to verify the effectiveness: Protocol 1 (P1)
calculates the Mean Per Joint Position Error (MPJPE) be-
tween the estimated pose and ground truth, and Protocol 2
(P2) calculates the Procrustes-MPJPE using the MPJPE af-
ter rigid alignment.
MPI-INF-3DHP. (Mehta et al. 2017) is a large-scale 3D
HPE dataset containing 8 actors performing in three scenes,
i.e., green-screen, non-green screen, and outdoor, with 1.3
million frames captured by 14 cameras. We use the four
main views of subjects S1-S6 as training sets and S7 and S8
for testing. The evaluation indicators of this dataset are P1,
P2, Percentage of Correct Keypoints (PCK) with a threshold
of 150 mm, and corresponding Area Under Curve (AUC).
Ski-Pose PTZ-Camera. (Fasel et al. 2016) is a more chal-
lenging 3D HPE dataset containing outdoor competitive
alpine skiing scenes. It provides 10k frames of images of
6 subjects shot from 6 perspectives, of which subjects 1-5
are used for training and subject 6 is used for testing. P1 and
P2 are used for model evaluation.

Implementation Details
Our experiments are conducted on one NVIDIA RTX 4090
GPU. The 2D poses used in our experiments are obtained
from the pre-trained CPN (Chen et al. 2018) and ground
truth. Our network parameters are optimized for 50 epochs
by Adam optimizer (Kingma 2014) with an initial learning
rate of 0.0002 and shrunk by 0.98 after each epoch. We con-
sider the number of our SVTformer layer L and the hidden
embedding dimension d are set to 4 and 32, respectively.

Comparison with State-of-the-art Methods
Results on Human3.6M. Table 1 compares our method
with related multi-view and single-view 3D HPE methods
on Human 3.6M. SVTformer outperforms all state-of-the-art
single-view 3D HPE methods by a large margin. Second, our
method shows competitive results with multi-view methods
that require camera calibration, while our method does not
depend on any pre-provided camera parameters. Moreover,
our method outperforms the other multi-view methods that
do not depend on camera parameters and further improves
the performance using ground-truth 2D pose estimation.
Results on 3DHP. Table 2 reports the quantitative per-
formance of STVformer with other SOTA approaches on
3DHP. Although the training set of this dataset is smaller
than that of Human3.6M, it contains some outdoor scenes in
addition to indoor scenes. Therefore, we train and test our
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Methods Dir. Disc. Eat Greet Phone Photo Pose Purch Sit SitD. Smoke Wait WalkD. Walk WalkT. Avg.
Single-view methods

(Zhou, Yin, and Li 2024) 44.9 46.4 42.4 44.9 48.7 40.1 44.3 55.0 58.9 47.1 48.2 42.6 36.9 48.8 40.1 46.4
(Chen et al. 2021) 41.4 43.2 40.1 42.9 46.6 51.9 41.7 42.3 53.9 60.2 45.4 41.7 46.0 31.5 32.7 44.1
(Li et al. 2023b) 39.1 42.7 38.7 40.3 44.1 50.0 41.4 38.7 53.9 61.6 43.6 40.8 42.5 29.6 30.6 42.5
(Zhao et al. 2024) - - - - - - - - - - - - - - - 41.6
(Zhang et al. 2022a) 37.6 40.9 37.3 39.7 42.3 49.9 40.1 39.8 51.7 55.0 42.1 39.8 41.0 27.9 27.9 40.9
(Ci et al. 2023) 31.7 35.4 31.7 32.3 36.4 42.4 32.7 31.5 41.2 52.7 36.5 34.0 36.2 29.5 30.2 35.6
(Peng, Zhou, and Mok 2024) 30.1 32.1 29.1 30.6 35.4 39.3 32.8 30.9 43.1 45.5 34.7 33.2 32.7 22.1 23.0 33.0

Multi-view methods (camera parameters are given)
(Luvizon, Picard, and Tabia 2022)(+) 31.0 33.0 41.0 34.0 41.0 37.0 37.0 51.0 56.0 43.0 44.0 37.0 33.0 42.0 32.0 39.0
(Bultmann and Behnke 2021) 27.1 29.9 27.0 26.5 31.3 28.9 27.1 29.8 36.5 36.0 30.8 29.3 29.7 27.3 26.3 29.8
(Bartol et al. 2022) 27.5 28.4 29.3 27.5 30.1 28.1 27.9 30.8 32.9 32.5 30.8 29.4 28.5 30.5 30.1 29.1
(He et al. 2020) 25.7 27.7 23.7 24.8 26.9 31.4 24.9 26.5 28.8 31.7 28.2 26.4 23.6 28.3 23.5 26.9
(Qiu et al. 2019)(+) 24.0 26.7 23.2 24.3 24.8 22.8 24.1 28.6 32.1 26.9 31.0 25.6 25.0 28.1 24.4 26.2
(Iskakov et al. 2019) 19.9 20.0 18.9 18.5 20.5 19.4 18.4 22.1 22.5 28.7 21.2 20.8 19.7 22.1 20.2 20.8

Multi-view methods (camera parameters are not given)
(Luvizon, Picard, and Tabia 2022)(+) 40.0 36.0 44.0 39.0 44.0 42.0 41.0 66.0 70.0 46.0 49.0 43.0 34.0 46.0 34.0 45.0
(Huang et al. 2020) 26.8 32.0 25.6 52.1 33.3 42.3 25.8 25.9 40.5 76.6 39.1 54.5 35.9 25.1 24.2 37.5
(Iskakov et al. 2019) 27.6 30.3 29.0 29.4 33.1 36.5 27.4 34.8 39.1 54.0 34.4 30.7 36.2 26.2 28.4 33.1
(Remelli et al. 2020) 27.3 32.1 25.0 26.5 29.3 35.4 28.8 31.6 36.4 31.7 31.2 29.9 26.9 33.7 30.4 30.2
(Zhang et al. 2024) 26.5 28.3 23.0 25.9 27.2 31.0 25.4 27.2 28.6 33.8 28.6 25.6 30.1 27.1 26.5 27.6
(Zhou et al. 2023) 24.8 27.7 24.3 24.9 27.7 29.8 24.5 25.3 30.5 33.4 28.2 24.0 28.4 24.7 24.3 26.8
Ours (CPN, T=27) 24.5 27.5 23.2 24.4 25.8 28.7 23.8 26.4 30.0 32.7 26.0 23.9 27.5 22.8 23.2 26.0
(Gordon et al. 2022)(GT, T=27) - - - - - - - - - - - - - - - 22.9
(Shuai, Wu, and Liu 2022)(GT, T=27) 15.5 17.1 13.7 15.5 14.0 16.2 15.8 16.5 15.8 16.1 14.5 14.5 16.9 14.3 13.7 15.3
(Zhang et al. 2024)(GT, T=27) 11.7 13.0 10.1 12.1 10.7 13.0 12.1 10.7 10.8 11.9 11.0 11.6 12.8 11.1 12.0 11.7
Ours (GT, T=27) 11.6 12.3 11.4 12.2 10.6 12.1 12.5 11.7 10.3 10.7 10.7 12.1 10.8 10.9 11.4 11.4

Table 1: Comparison with state-of-the-art 3D HPE methods on the Human3.6M dataset with P1 (mm), using CPN as 2D pose
detector or GT for ground-truth 2D pose. Our results are given for temporal receptive fields below 27. (+) indicates the use of
additional data. The best results are in bold.

Methods PCK ↑ AUC ↑ P1 (mm) ↓ P2 (mm) ↓
(Kocabas, Karagoz, and Akbas 2019) 77.5 - 109.0 -
(Gholami et al. 2022) - - 101.5 76.5
(Wandt et al. 2021) 77.0 - 104.0 70.3
(Zhou et al. 2023) 98.7 86.8 18.0 13.1
(Zhang et al. 2024) 98.7 90.2 16.9 12.1
Ours 99.9 91.6 12.0 9.1

Table 2: Comparison results on MPI-INF-3DHP dataset.

Methods P1 (mm) P2 (mm)
(Wandt et al. 2021) 128.1 89.6
(Rhodin et al. 2018) 85.0 -
(Gordon et al. 2022) 65.5 -
(Zhang et al. 2024) 63.2 48.5
(Zhou et al. 2023) 62.6 49.4
Ours 59.9 47.6

Table 3: Comparisons on Ski-Pose dataset.

model end-to-end on the 3DHP dataset. The results depict
that our method achieves the best on all four evaluation met-
rics. This emphasizes that our method performs well on both
indoor and outdoor datasets.
Results on Ski-Pose. Table 3 shows the results of our
method trained and tested from scratch on the Ski-Pose
dataset. The results of our method surpass all other meth-
ods, demonstrating the superiority of our method on more
challenging outdoor scene datasets.
Qualitative Result. We also provide a visualization com-
paring our SVTformer, the method of (Zhang et al. 2024),
and ground truth in Fig. 4. It can be observed that our model

Input Zhang et 
al. 2024

Ours Ground-truth
View 1 View 2 View 3 View 4

Figure 4: Qualitative results on Human3.6M.

can get closer estimates to the ground truth for both easy
and difficult poses, especially those with self-occlusion. We
also visualize the attention maps of the SVT encoder and
the attended SVT PE, shown in Fig. 2. It can be seen that
the attention maps of the attended SVT PE focus more on
local joints, viewpoints, and temporal features. In contrast,
the attention maps of the SVT encoder become increasingly
sparse as the layers deepen, which is beneficial for capturing
global relationships.

Ablation Study
Effect of the variants of SVT Transformer. We first com-
pare the performance of four transformer models for learn-
ing spatial, view, and temporal relationships. As shown in
Table 4, the sequentially alternating spatial-view-temporal
transformer (our SVTformer) performs best, outperforming
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Model P1 (mm) P2 (mm)
Sequentially alternating model (SVTformer) 26.0 19.5
Parallel weighted model 28.7 22.1
Joint sequential and parallel model 26.5 19.9
Joint sequential and parallel model* 27.9 20.6

Table 4: Effect of the variants of SVT transformer.

Sequential correspondence orders P1(mm) P2(mm)
V → S → T 29.1 22.1
V → T → S 28.8 21.9
T → V → S 28.3 21.1
T → S → V 28.0 21.4
S → T → V 26.2 19.8
S → V → T 26.0 19.5

Table 5: Effect of the sequential correspondence orders in
attended SVT PE and SVT encoder. S is attended spatial
PE and spatial attention. V is attended view PE and view
attention. T is attended temporal PE and temporal attention.

the parallel structure. The parallel weighted model consid-
ers the correlation from three aspects in parallel. Since each
branch only learns one aspect of the association, the adaptive
fusion part aggregates all the associations at the end, result-
ing in insufficient learning of the three associations of the
joints, view, and time. This result verifies the effectiveness of
the sequential spatial-view-temporal attention modules in-
troduced in our SVTformer that continuously reshapes 2D
features and sequentially mines the spatial, view, and tempo-
ral relationships of 2D poses. Two joint sequential and paral-
lel models perform better than the parallel weighted model,
suggesting that sequential modeling can make up for the in-
sufficient learning of parallel relationship modeling and fur-
ther improve the performance of parallel models. It reveals
that for three aspects of correlation learning in multi-view
HPE, their modeling methods are also very important.
Effect of the sequential correspondence orders. Table 5
shows how the learning order of temporal, spatial, and multi-
view correspondences in patch embeddings and attention
modules affects the model effect in our SVTformer. From
the experimental results, we can see that the best perfor-
mance is achieved by first modeling the spatial relationship
between joints of each view, then considering the relation-
ship between joints of different views, and finally learning
the temporal motion of joints of each view. On the contrary,
the methods that first learn cross-view or temporal features
perform worse. This is because the pose information of our
model is reshaped by continuously merging and decoupling
2D pose features and then sequentially interacting with each
view spatial feature, cross-view spatial feature interaction,
and each view temporal interaction to mine the features of
joints, which gradually makes the original 2D pose features
more meaningful.
Effect of each component. To diagnose the role of each
module in SVTformer, we removed attended SVT PE and
SVT encoders, as well as their submodules, as shown in Ta-
ble 6. The results show that the performance of the model

Attended SVT PE SVT Encoder
P1 (mm) P2 (mm)

Spatial View Temporal Spatial View Temporal
× ✓ ✓ ✓ ✓ ✓ 26.8 20.6
✓ × ✓ ✓ ✓ ✓ 26.6 19.9
✓ ✓ × ✓ ✓ ✓ 26.1 19.9
✓ ✓ ✓ × ✓ ✓ 27.2 20.7
✓ ✓ ✓ ✓ × ✓ 26.5 20.1
✓ ✓ ✓ ✓ ✓ × 26.7 20.3
× × × ✓ ✓ ✓ 26.5 20.1
✓ ✓ ✓ × × × 27.5 20.5
✓ ✓ ✓ ✓ ✓ ✓ 26.0 19.5

Table 6: Effect of each component in SVTformer.

View number 1 2 3 4
P1 (mm) 35.2 30.6 29.1 26.0
P2 (mm) 26.4 24.2 22.4 19.5

Table 7: Effect of the number of fused views.

suffers a drop when any module is removed, indicating that
both the patch embeddings and encoder based on SVT atten-
tion are beneficial to the extraction of multi-view 2D pose
information. In addition, comparing the two modules of at-
tended SVT PE and SVT encoder, we can see that attended
SVT PE contributes more, giving the model a performance
improvement of 1.5mm and 1mm on P1 and P2, respectively,
indicating that SVT attention is needed to further enhance
representation learning based on the SVT-enhanced embed-
dings. In particular, we find that the spatial attention mod-
ules in both two modules play a more significant role than
the cross-view and temporal attention modules, indicating
that the joint-to-joint spatial features of each view can mine
more robust multi-view pose representations.
Effect of the number of fused views. We compare the use
of different numbers of view fusion for 3D HPE, and the re-
sults are shown in Table 7. As the number of views increases,
the performance of our model steadily increases, and it per-
forms best when it reaches 4 views. This shows that our se-
quential modeling of space, view, and time can effectively
fuse information from multiple views and compensate well
for the missing joint information in a single view.

Conclusion
In this paper, we propose SVTformer, a new transformer-
based approach for multi-view 3D HPE, by separately ex-
ploring the spatial-view-temporal correlation in a local-to-
global manner. Based on the transformer, we introduce at-
tended patch embedding to capture the local relationships
within each part of spatial, view, and temporal inputs and de-
vise the stacked spatial-view-temporal transformer encoder
to obtain the global association perception. Extensive exper-
imental results show that our model achieves state-of-the-art
performance on three 3D HPE benchmarks.
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