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HIGHLIGHTS

«+ A novel Dual-Domain Cross Enhanced Transformer is proposed for 3D human pose estimation.

« Our EMA mechanism balances global and local features via variable dimensions and CNNs.

+ A Cross Enhanced Transformer Block achieves deep fusion of spatial and temporal features.

» The method excels at estimating poses with large limb motions and demonstrates superior generalization.
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ABSTRACT

Estimating 3D human poses from monocular videos remains challenging, especially under large limb move-
ments, due to depth ambiguity and self-occlusion. Existing methods often struggle to simultaneously capture
global dependencies and local structural details during spatio-temporal feature modeling, limiting pose esti-
mation accuracy. To address this, we propose a Dual-Domain Cross Enhanced Transformer (DDCEFormer) that
enhances spatio-temporal representation by jointly modeling spatial and temporal domain features. Specifically,
we design an Enhanced Multi-head Attention (EMA) mechanism that integrates variable-dimensional multi-head
attention with convolutional layers to capture long-range global dependencies while reinforcing local structural
features among joints. Based on EMA, we construct a Spatial Enhanced Transformer Block (S-ETB) and a Temporal
Enhanced Transformer Block (T-ETB) to meticulously model spatial structural relationships and temporal dynamic
evolution, respectively. Furthermore, we introduce an Enhanced Multi-head Cross-Attention (EMCA) module and
build a Cross Enhanced Transformer Block (C-ETB) to achieve cross-enhancement and deep fusion of spatial and
temporal features, thereby balancing global spatio-temporal correlations with local motion details. The model
is optimized using a composite loss function consisting of three error components to improve estimation accu-
racy and robustness. Experimental results show that DDCEFormer achieves MPJPE and P-MPJPE of 39.1mm and
30.8mm on the Human3.6M dataset, and PCK, AUC, and MPJPE of 99.3%, 88.8%, and 13.4mm on the MPI-INF-
3DHP dataset, significantly improving overall pose estimation performance and demonstrating superior accuracy,
especially for upper-body joints, and exhibits strong generalization capability. The code and model are available
at: https://github.com/yangdl8/DDCEFormer.

1. Introduction

Monocular 3D Human Pose Estimation

video sequences captures rich spatio-temporal information about human
motion, enabling a deeper understanding of actions and interactions.

(3D HPE) from video is a Current mainstream methods typically follow a pipeline for lifting 2D

fundamental task in computer vision [1-3], with wide applications
in action recognition [4], human-computer interaction [5], and aug-
mented/virtual reality [6]. Recovering accurate 3D joint locations from
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poses to 3D space. However, the inherent depth ambiguity and self-
occlusion in monocular 2D observations pose a core challenge for
efficient and accurate 3D reconstruction from 2D sequences.

Received 15 January 2026; Received in revised form 24 February 2026; Accepted 10 March 2026

Available online 11 March 2026

0925-2312/© 2026 Elsevier B.V. All rights are reserved, including those for text and data mining, Al training, and similar technologies.


http://www.sciencedirect.com/science/journal/0925-2312
https://www.elsevier.com/locate/NEUCOM

$R^{n \times m \times p}$


$n \times m \times p$


$\cdot $


$\cdot $


$\cdot $


$\cdot $


$\cdot $


$\cdot $


$X \in R^{T \times N \times 2}$


$X_{\text {I}} \in R^{T \times N \times d_m}$


$L$


$X_{\text {O}} \in R^{T \times N \times d_m}$


$X_{\text {OS}} \in R^{T \times N \times d_m}$


$X_{\text {OT}} \in R^{N \times T \times d_m}$


$X_{\text {OC}} \in R^{N \times T \times d_m}$


$\tilde {X} \in R^{T \times N \times 3}$


$T$


$N$


$d_m$


$X_{\text {I}}$


\begin {equation}\label {my_ex1} X_{\text {I}} = \text {FC}(X)+E_{\text {S-POS}}+\text {RESHAPE}(E_{\text {T-POS}})\end {equation}


$X \in R^{T \times N \times 2}$


$X_{\text {I}} \in R^{T \times N \times d_m}$


$E_{\text {S-POS}} \in R^{T \times N \times d_m}$


$E_{\text {T-POS}} \in R^{N \times T \times d_m}$


$Q$


$K$


$V$


$V$


$V$


$V$


$Q$


$K$


$V$


$Q$


$K$


$M{\times }kd_m$


$V$


$M{\times }gd_m$


$M$


$d_m$


$k$


$g$


$k$


$Q$


$K$


$k$


$Q$


$K$


$QK^{\text {T}}$


$Q$


$K$


$g$


$V$


$g$


$V$


$Q$


$K$


$V$


$V$


$Q$


$K$


$V$


$k$


$g$


$k<1$


$Q$


$K$


$>1$


$V$


$k$


$g$


$Z_{\text {S}}$


$Q$


$K$


$V$


$Q_{\text {S}} \in R^{N \times kd_m}$


$K_{\text {S}} \in R^{N \times kd_m}$


$V_{\text {S}} \in R^{N \times gd_m}$


\begin {equation}\label {my_ex2} Q_{\text {S}} = Z_{\text {S}}W_{\text {QS}}, K_{\text {S}} = Z_{\text {S}}W_{\text {KS}}, V_{\text {S}} = Z_{\text {S}}W_{\text {VS}}\end {equation}


$W_{\text {QS}} \in R^{d_m \times kd_m}$


$W_{\text {KS}} \in R^{d_m \times kd_m}$


$W_{\text {VS}} \in R^{d_m \times gd_m}$


$Z_{\text {S}}={\text {LN}}(X_{\text {IS}})$


\begin {equation}\label {my_ex3} X^{{'}}_{\text {S}} = [\text {Softmax}(Q_{\text {S}}K_{\text {S}}^{\text {T}}/\sqrt {kd_m})V_{\text {S}} +\text {Conv2d}(V_{\text {S}})]W_{\text {OS}}\end {equation}


$k$


$Q_{\text {S}} \in R^{T \times N \times kd_m}$


$K_{\text {S}} \in R^{T \times N \times kd_m}$


$V_{\text {S}} \in R^{T \times N \times gd_m}$


$W_{\text {OS}} \in R^{gd_m \times d_m}$


\begin {align}\label {my_ex4} X^{{'}}_{\text {S}} = \text {S-EMSA}(Z_{\text {S}})\end {align}


$Z_{\text {S}} \in R^{T \times N \times d_m}$


$X^{{'}}_{\text {S}} \in R^{T \times N \times d_m}$


$\cdot $


$M=N{\times }T$


\begin {equation}\label {my_ex5} X^{{'}}_{\text {T}} = \text {T-EMSA}(Z_{\text {T}})\end {equation}


$Z_{\text {T}} \in R^{N \times T \times d_m}$


$X^{{'}}_{\text {T}} \in R^{N \times T \times d_m}$


$Z_{\text {T}}={\text {LN}}(X_{\text {IT}})$


$\cdot $


\begin {equation}\label {my_ex6} H_{\text {MLP}} = \sigma (HW_1+b_1)W_2+b_2\end {equation}


$H \in R^{M \times d_m}$


$H_{\text {MLP}} \in R^{M \times d_m}$


$\sigma $


$W_1 \in R^{d_m \times d}$


$W_2 \in R^{d \times d_m}$


$b_1 \in R^{d}$


$b_2 \in R^{d_m}$


\begin {equation}\label {my_ex7} \begin {aligned} &H_{\text {S}} = \text {S-EMSA}(\text {LN}(X_{\text {IS}}))+X_{\text {IS}}, \\ &X_{\text {OS}} = \text {MLP}(\text {LN}(H_{\text {S}}))+H_{\text {S}}. \end {aligned}\end {equation}


$X_{\text {IS}} \in R^{T \times N \times d_m}$


$H_{\text {S}} \in R^{T \times N \times d_m}$


$X_{\text {OS}} \in R^{T \times N \times d_m}$


\begin {equation}\label {my_ex8} \begin {aligned} &H_{\text {T}} = \text {T-EMSA}(\text {LN}(X_{\text {IT}}))+X_{\text {IT}}, \\ &X_{\text {OT}} = \text {MLP}(\text {LN}(H_{\text {T}}))+H_{\text {T}}. \end {aligned}\end {equation}


$X_{\text {IT}} \in R^{N \times T \times d_m}$


$H_{\text {T}} \in R^{N \times T \times d_m}$


$X_{\text {OT}} \in R^{N \times T \times d_m}$


$X_{\text {OT}}$


$X_{\text {OS}}$


$X_{\text {OT}}$


$Q$


$K$


$X_{\text {OS}}$


$V$


$V$


$X_{\text {OT}}$


$X_{\text {OS}}$


$X^{{'}}_{\text {OS}}$


$X^{{'}}_{\text {OS}}$


$X_{\text {OT}}$


$X_{\text {OT}}$


$X_{\text {OS}}$


$Q$


$K$


$M{\times }kd_m$


$V$


$M{\times }gd_m$


$k$


$g$


$M=N{\times }T$


\begin {equation}\label {my_ex9} \begin {aligned} &Q_{\text {C}} = \text {LN}(X_{\text {OT}})W_{\text {QC}}, \\ &K_{\text {C}} = \text {LN}(X_{\text {OT}})W_{\text {KC}}, \\ &V_{\text {C}} =\text {RESHAPE} (\text {LN}(X_{\text {OS}}))W_{\text {VC}}. \end {aligned}\end {equation}


$W_{\text {QC}} \in R^{d_m{\times }kd_m}$


$W_{\text {KC}} \in R^{d_m{\times }kd_m}$


$W_{\text {VC}} \in R^{d_m{\times }gd_m}$


$X_{\text {OT}}$


$X_{\text {OS}}$


\begin {equation}\label {my_ex10} \begin {aligned} X^{'}_{\text {OS}} = [\text {Softmax}(Q_{\text {C}}K_{\text {C}}^{\text {T}}/\sqrt {kd_m})V_{\text {C}} +\text {Conv2d}(V_{\text {C}})]W_{\text {OC}} \end {aligned}\end {equation}


$k$


$Q_{\text {C}} \in R^{N \times T \times kd_m}$


$K_{\text {C}} \in R^{N \times T \times kd_m}$


$V_{\text {C}} \in R^{N \times T \times gd_m}$


$W_{\text {OC}} \in R^{gd_m \times d_m}$


$X^{'}_{\text {OS}}$


$X_{\text {OS}}$


$X^{{'}}_{\text {OS}}=\alpha X_{\text {OS}}$


$\alpha $


$X^{'}_{\text {OS}}$


$X_{\text {OT}}$


$X_{\text {OT}}$


$X_{\text {OS}}$


$H_{\text {C}}$


\begin {equation}\label {my_ex11} H_{\text {C}} = X^{'}_{\text {OS}}+X_{\text {OT}} = \alpha X_{\text {OS}}+X_{\text {OT}}\end {equation}


$H_{\text {C}}$


\begin {equation}\label {my_ex12} X_{\text {OC}} = \text {MLP}(\text {LN}(H_{\text {C}}))+H_{\text {C}}.\end {equation}


$H_{\text {C}} \in R^{N \times T \times d_m}$


$X_{\text {OC}} \in R^{N \times T \times d_m}$


$X_{\text {O}}$


$\tilde {X}$


\begin {equation}\label {my_ex13} \tilde {X} = \text {FC}(\text {LN}(X_{\text {O}}))\end {equation}


$X_{\text {O}} \in R^{T \times N \times d_m}$


$\tilde {X} \in R^{T \times N \times 3}$


$L_p$


$L_s$


$L_v$


$L_p$


$L_s$


$L_v$


\begin {equation}\label {my_ex14} L = L_p + \lambda _{s}L_s + \lambda _{v}L_v\end {equation}


$\lambda _s$


$\lambda _v$


$L_p$


$L_s$


$L_v$


\begin {align}&L_p = \frac {1}{T}\sum _{t=1}^{T}(\frac {1}{N}\sum _{n=1}^{N} \Vert Y_{n}^{t} - \tilde {X}_{n}^{t} \Vert _{2})\label {my_ex15}\\ &L_s = \frac {1}{T}\sum _{t=1}^{T}(\frac {1}{N}\sum _{n=1}^{N} \Vert Y_{n}^{t} - s(t)\tilde {X}_{n}^{t} \Vert _{2})\label {my_ex16}\end {align}


\begin {align}&L_p = \frac {1}{T}\sum _{t=1}^{T}(\frac {1}{N}\sum _{n=1}^{N} \Vert Y_{n}^{t} - \tilde {X}_{n}^{t} \Vert _{2})\label {my_ex15}\\ &L_s = \frac {1}{T}\sum _{t=1}^{T}(\frac {1}{N}\sum _{n=1}^{N} \Vert Y_{n}^{t} - s(t)\tilde {X}_{n}^{t} \Vert _{2})\label {my_ex16}\end {align}


$s(t) = (\frac {1}{N}\sum _{n=1}^{N}(Y_{n}^{t} \cdot \tilde {X}_{n}^{t}))/ (\frac {1}{N}\sum _{n=1}^{N} \Vert \tilde {X}_{n}^{t} \Vert _{2}^{2})$


$s(t)$


$t$


$\cdot $


\begin {equation}\label {my_ex17} L_v = \frac {1}{T-1}\sum _{t=1}^{T-1}(\frac {1}{N}\sum _{n=1}^{N} \Vert (Y_{n}^{t+1}-Y_{n}^{t}) - (\tilde {X}_{n}^{t+1}-\tilde {X}_{n}^{t}) \Vert _{2})\end {equation}


$Y \in R^{T \times N \times 3}$


$\tilde {X} \in R^{T \times N \times 3}$


$Y_n^t$


$\tilde {X}_n^t$


$n$


$t$


$Y_n^{t+1}$


$\tilde {X}_n^{t+1}$


$n$


$t+1$


$T$


$d_m$


$L$


$h$


$\lambda _s$


$\lambda _v$


$3{\times }3$


$k$


$g$


$T$


$T$


$\uparrow $


$\uparrow $


$\downarrow $


$T$


$T$


$k$


$g$


$Q$


$K$


$V$


$k$


$g$


$g$


$k$


$k$


$k$


$Q$


$K$


$k$


$Q$


$K$


$k$


$g$


$g$


$k$


$g$


$k$


$g$


$V$


$k$


$g$


$3{\times }3$


$5{\times }5$


$7{\times }7$


$3{\times }3$


$5{\times }5$


$7{\times }7$


$3{\times }3$


$3{\times }3$


$k$


$g$


$\times $


$\times $


$\times $


$\checkmark $


$\checkmark $


$\times $


$\checkmark $


$\checkmark $


$\checkmark $


$\times $


$\times $


$\times $


$\times $


$\times $


$\checkmark $


$\times $


$\times $


$\times $


$\checkmark $


$\checkmark $


$\checkmark $


$\times $


$\times $


$\checkmark $


$\checkmark $


$\times $


$\checkmark $


$\times $


$\checkmark $


$\checkmark $


$\times $


$\times $


$\checkmark $


$L$


$L$


$L$


$T$


$L_p$


$L_s$


$L_v$


$L_p/L_s$


$L_p/L_v$


$L_p/L_s$


$L_p/L_v$


$L_p/L_s$


$L_p/L_v$


$L_p/L_s$


$\lambda _s$


$L_p/L_v$


$\lambda _v$


$\lambda _s$


$\lambda _v$


$L_s$


$L_v$


$L_v$


$L_s$


$\lambda _s$


$\lambda _v$


$\lambda _v$


$\lambda _v$


$\lambda _s$


$\lambda _s$


$\lambda _s$


$\lambda _v$

https://orcid.org/0000-0002-7569-9894
https://github.com/yangdl8/DDCEFormer
mailto:geyr@hebtu.edu.cn
https://doi.org/10.1016/j.neucom.2026.133333
https://doi.org/10.1016/j.neucom.2026.133333

D. Yang, Y. Ge, N. Xu et al.

To overcome the limitations of single-frame estimation [7], many
studies leverage temporal information in videos to enhance prediction
stability [8-18]. Early works employed temporal Convolutional Neural
Networks (CNNs) to capture motion patterns within fixed receptive
fields [8-10]. Other methods utilized Graph Convolutional Networks
(GCNs) for feature propagation on spatio-temporal graphs constructed
from human skeletons [11,12]. Long Short-Term Memory networks
(LSTMs) were also introduced to estimate 3D poses from 2D keypoint
sequences [13,14], though their sequence modeling efficiency is limited.
Recently, the self-attention mechanism in Transformers has demon-
strated strong performance in various vision tasks [19] and has been
rapidly applied to 3D HPE, improving estimation accuracy by modeling
long-range spatio-temporal dependencies [15-18]. In the context of 3D
HPE, Transformer-based models directly model joint sequences and pose
representations, capturing global dependencies across joints and time,
which effectively alleviates depth ambiguity and temporal inconsistency
in human motion.

These video-based methods can be broadly categorized into two ar-
chitectural types: sequence-to-frame (seq2frame) methods [8-11,14-17]
predict the central frame of an input clip to suppress noise and obtain
robust outputs, but often introduce redundancy through per-frame com-
putation; in contrast, sequence-to-sequence (seq2seq) methods [12,13,
18] reconstruct the entire sequence at once, improving computational
efficiency while maintaining pose coherence. Different network archi-
tectures exhibit distinct characteristics: LSTMs and Transformers excel
at capturing long-term dependencies, while CNNs and GCNs are better at
extracting local features. Human motion inherently combines structured
local details with global spatio-temporal correlations, making the fusion
of multiple architectural advantages a recent research trend [20-25].

However, existing fusion methods still exhibit notable shortcomings:
Firstly, inadequate extraction and fusion of spatio-temporal features.
Some methods focus on local and global modeling in the tempo-
ral dimension while underperforming in spatial feature representation
[20,21,25], or they model both global and local spatio-temporal features
but fail to fuse them effectively [23]. Secondly, redundant computation.
For instance, certain seq2frame methods incur larger estimation errors
due to structural design [20,22]. Thirdly, high model complexity, such
as models combining multi-head attention and graph convolutions [24].
These issues become especially pronounced under large-amplitude hu-
man motions, where inaccurate local modeling or ineffective fusion can
significantly degrade pose estimation performance.

In summary, although existing methods have made significant
progress in spatio-temporal feature modeling, most fail to balance and
effectively fuse global and local information [20,21,23], leading to de-
creased estimation accuracy during large human motions. This indicates
that effective 3D HPE requires not only strong global dependency mod-
eling, as provided by Transformers, but also precise preservation of local
joint structures and their coordinated fusion across spatial and temporal
domains.

To address these challenges, we introduce a novel Dual-Domain
Cross Enhanced Transformer Block (DDC-ETB) to jointly and thor-
oughly model spatial and temporal domain features in human motion.
This module consists of three core sub-modules: The Spatial Enhanced
Transformer Block (S-ETB) focuses on learning spatial structural rela-
tionships among joints within a single frame; the Temporal Enhanced
Transformer Block (T-ETB) models the motion trajectory of the same
joint across consecutive frames; and the Cross Enhanced Transformer
Block (C-ETB) performs deep fusion of the aforementioned spatio-
temporal features. By explicitly decomposing pose modeling into spatial-
domain, temporal-domain, and cross-domain enhancement, the pro-
posed design directly addresses the aforementioned limitations of exist-
ing Transformer-based approaches. By stacking multiple DDC-ETB mod-
ules, we construct an efficient seq2seq architecture—the Dual-Domain
Cross Enhanced Transformer (DDCEFormer)—that reduces redundant
computation while effectively preserving the temporal coherence of the
pose sequence.
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To more balancedly represent both global and local spatio-temporal
dependencies of human motion, we design an Enhanced Multi-head
Attention (EMA) mechanism. EMA innovatively combines variable-
dimensional multi-head attention with Convolutional Neural Networks
(CNNs). The former adaptively captures long-range global context and
controls computational cost, while the latter precisely extracts dynamic
structural features within local windows. This design is specifically
motivated by the need to enhance joint-level local structures while re-
taining the global modeling capability of Transformers in 3D HPE. Based
on EMA, we build Enhanced Multi-head Self-Attention (EMSA) and
Enhanced Multi-head Cross-Attention (EMCA) modules, enabling com-
prehensive modeling and efficient fusion of spatio-temporal features.

Our contributions are summarized as follows:

(1) DDCEFormer Model Architecture: We present a novel 3D
HPE architecture, DDCEFormer. This architecture employs S-
ETB and T-ETB to learn spatial and temporal features of joint
motion, respectively, and leverages C-ETB for cross-fusion of
spatio-temporal information, thereby thoroughly modeling the
spatio-temporal correlations of joint movements.

Enhanced Multi-head Attention Mechanism: We design an

Enhanced Multi-head Attention (EMA) mechanism and construct

EMSA and EMCA modules based on it. This mechanism combines

variable-dimensional multi-head attention with CNNs, employing

EMSA to jointly model global and local features, and using EMCA

to achieve efficient fusion of spatio-temporal context. It achieves

a good balance between model complexity and estimation perfor-

mance while ensuring representational capacity.

(3) Experiments and Performance Validation: A composite loss
function comprising three error terms is adopted as the optimiza-
tion objective to improve estimation accuracy and robustness.
Extensive experiments and comparative analyses are conducted
on two large-scale datasets, Human3.6M [26] and MPI-INF-3DHP
[27]. The results demonstrate that the proposed DDCEFormer
method achieves improved accuracy and robustness in 3D HPE.

(2

—

Notations. The following notations are used in this paper. The super-
script T denotes the transpose of a matrix. R™"*? stands for the real vec-
tor space of size n x m X p. FC(-), LN(-), RESHAPE(-), MLP(-), Softmax(-),
and Conv2d(-) denote linear transformation, layer normalization, di-
mension reshaping, multi-layer perceptron, Softmax normalization, and
2D convolution operations, respectively.

2. Related work
2.1. 3D human pose estimation

In monocular video/images, 3D HPE can be categorized into di-
rect estimation methods [28-30] and 2D-to-3D lifting methods [31-33].
Direct estimation methods infer 3D pose directly from 2D images. 2D-
to-3D lifting methods first obtain 2D joint locations using a pre-trained
2D pose detector, then feed these locations into a 2D-to-3D lifting net-
work to complete 3D pose estimation. Benefiting from rapidly developed
2D human pose estimation algorithms such as SHN [34], CPN [35],
AlphaPose [36], and HRNet [37], 2D-to-3D lifting methods can perform
3D pose estimation efficiently and accurately. This paper uses monocular
video as input and follows the 2D-to-3D lifting paradigm.

2.2. Traditional neural network-based methods

Zhou et al. [38] first trained a deep fully convolutional network to
predict uncertainty maps for 2D joint locations, then used a proposed
Expectation-Maximization algorithm to complete 2D pose estimation.
Pavlakos et al. [39] used a CNN for end-to-end training, taking color im-
ages as input and directly outputting 3D pose information. For 3D pose
estimation from a single RGB image, temporal information from consec-
utive video frames helps improve accuracy and robustness. To effectively
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utilize temporal information in videos, Pavllo et al. [10] employed tem-
poral CNNs to capture global dependencies between adjacent frames.
Liu et al. [9] introduced attention mechanisms focusing on temporal
context to adaptively identify key frames and the tensor output of each
DNN layer for more accurate estimation. Existing CNN-based methods
primarily rely on convolution operations to model temporal informa-
tion, which has limitations in capturing global relationships in human
motion. To obtain richer semantic features, stacking multiple convolu-
tional layers is needed to enlarge the CNN’s receptive field. Although
dilated temporal CNNs can capture global dependencies, their internal
connectivity is still somewhat limited.

To address spatial dependencies and temporal consistency, Dabral
et al. [40] introduced bone length constraints in temporal networks.
Chen et al. [8] constrained human structure via bone orientation and
length to ensure the temporal consistency of human anatomy in videos.
Cai et al. [11] incorporated human structural priors into graph convolu-
tional networks (GCNs). Xu et al. [41] proposed graph-stacked hourglass
networks for multi-scale human skeleton representation. Wang et al.
[12] proposed a U-shaped graph convolutional network (UGCN) to
capture both short-term and long-term motion information. Hu et al.
[42] further proposed a spatial-temporal conditional directed graph
convolution, constructing a U-shaped conditional directed graph con-
volutional network. Hossain et al. [13] proposed a seq2seq network
composed of layer-normalized LSTM units. These traditional neural
network-based methods still have limitations in capturing long-term de-
pendencies. This paper uses the Transformer model to better capture
global temporal correlations due to its stronger global relational ca-
pacity. Additionally, we design an enhanced multi-head self-attention
block that fuses variable-dimensional multi-head self-attention with
CNN convolutions, facilitating simultaneous focus on global and local
spatio-temporal correlations.

2.3. Transformer-based methods

The Transformer model, with its powerful self-attention mechanism,
has been introduced to 3D HPE [43]. Zheng et al. proposed PoseFormer
[15], first using separate spatial and temporal Transformers to model
joint correlations in different dimensions. However, this method over-
looks motion differences among joints, leading to insufficient spatio-
temporal correlation learning. Li et al. proposed StridedFormer [16],
which replaces fully connected layers in the Transformer encoder’s
feed-forward network with strided convolutions to gradually shorten
sequence length, simply and effectively mapping long sequences of 2D
joint positions to a single 3D pose. Einfalt et al. [44] used masked token
modeling in Transformers for upsampling temporal sequence represen-
tations, decoupling the sampling rate of input 2D poses from the video’s
target frame rate to reduce overall computational complexity.

Since motion patterns of different body parts are inconsistent, Xue
et al. [21] proposed a part-aware temporal attention module to ex-
tract temporal dependencies for each part separately. Shan et al. [45]
proposed a pre-trained spatial-temporal many-to-one model to reduce
the difficulty of capturing spatial and temporal information. To address
ambiguity and occlusion, Li et al. proposed MHFormer [46], learn-
ing multiple plausible pose hypotheses to synthesize more accurate
3D poses. Li et al. further improved MHFormer+ + [17], replacing
the standard Transformer encoder in the original MHG module with
a graph Transformer encoder to better constrain the spatial structure
of human joints. These seq2frame methods require the repeated input
of large, overlapping 2D keypoint sequences to obtain 3D poses for
all frames. Zhang et al. proposed the seq2seq MixSTE method [18],
which employs a Transformer-based mixed spatio-temporal encoder to
alternately obtain spatial and temporal feature encodings for joints,
improving 3D pose reconstruction accuracy. Wang et al. proposed a
DBSCAN-based clustering module [47] to detect noisy temporal features
and designed an adjacency matrix masking mechanism to suppress their
influence.
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To simultaneously focus on local spatio-temporal correlations for
each joint, Wang et al. proposed a global-local spatio-temporal encoder
[20]. Li et al. proposed GraphMLP [22], integrating the graph structure
of the human skeleton into an MLP model to allow local and global spa-
tial interactions. Tang et al. proposed STCFormer [23], decoupling space
and time to build parallel spatio-temporal criss-cross attention blocks,
while embedding spatio-temporal convolutions of adjacent joints and
joint grouping information into the attention blocks. Liu et al. proposed
STGFormer [24] based on a spatio-temporal interlaced graph attention
mechanism, directly integrating graph information into corresponding
attention layers to learn long-range dependencies across time and space.
Zhong et al. proposed FMFormer [25], which includes a frame padding
preprocessing step and a multi-scale temporal transformer backbone to
effectively establish temporal dependencies. Diaz-Arias et al. proposed
ConvFormer [48], which leverages a dynamic multi-head convolutional
self-attention mechanism to achieve 3D human pose estimation of the
central frame from monocular videos. Li et al. proposed UniFormer [49],
which integrates the advantages of convolution and self-attention for
image and video recognition and classification.

Existing Transformer methods excel at capturing global dependen-
cies among joints but still have limitations in precisely modeling local
dependencies. Moreover, these methods lack an in-depth consideration
of fusing global and local spatio-temporal features, leading to signifi-
cant deviations between estimates and ground truth. To address this,
this paper introduces a novel architecture where parallel S-ETB and T-
ETB extract spatial and temporal features of joints, respectively, and
fuse them via C-ETB, enabling cross-focus on local and global spatio-
temporal information, effectively improving pose estimation accuracy
and robustness.

3. DDCEFormer method for 3D HPE

We present the proposed DDCEFormer model, which is designed to
reconstruct 3D human poses from input 2D pose sequences. First, the
overall framework is reviewed, followed by detailed descriptions of key
modules.

3.1. Overall architecture

The overall architecture of DDCEFormer is illustrated in Fig. 1(a).
It takes a 2D pose sequence as input, performs spatio-temporal fea-
ture extraction and fusion, and finally outputs a 3D pose sequence.
The DDCEFormer consists of the following components: (i) Backbone
Module: A DDC-ETB, which is composed of three sub-modules: S-ETB,
T-ETB, and C-ETB. (ii) Auxiliary Modules: Linear Mapping, Spatial
Position Embedding (SPE), Temporal Position Embedding (TPE), and a
Regression Head. (iii) Dimension Transformation: A RESHAPE opera-
tion.

The specific workflow is as follows. First, the Linear Mapping module
projects the original 2D pose sequence X & RT*N*2 into a high-
dimensional feature space. Next, the SPE and TPE modules embed spatial
position information of joints and temporal position information per
frame into the high-dimensional features, generating the initial feature
representation X; € RT*N*dn_ This feature is then fed into L stacked lay-
ers of DDC-ETB modules for deep feature extraction and fusion, yielding
the output feature representation Xy € RT*N*4n, The DDC-ETB module
is constructed by the parallel connection of S-ETB and T-ETB, followed
by a serial connection with C-ETB.

Here, the S-ETB module encodes correlations among joints within
the spatial domain, producing spatial features X,5 € RT*N*dm. The
T-ETB module captures temporal correlations in the time domain, pro-
ducing temporal features Xy € RY*T*4m, The C-ETB module fuses these
spatio-temporal features, generating a unified spatio-temporal feature
representation Xoc € RVXT*4u, The RESHAPE operation is used for ten-
sor dimension transformation during processing. This stacked parallel
architecture aims to enhance the coherence of spatio-temporal feature
encoding. Finally, the Regression Head module performs regression on
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Fig. 1. Overall framework of DDCEFormer and flowcharts of DDC-ETB. (a) Overall framework of DDCEFormer. (b), (c), (d) Flowcharts of S-ETB, T-ETB, and C-ETB,

respectively.

the refined features to predict the final 3D pose sequence X € RT*NX3,
In the model, T denotes sequence length, N denotes the number of body
joints, and 2, d,,, and 3 denote the channel numbers of input, internal
features, and output, respectively.

Figs. 1(b)-(d) further illustrate the internal structures of the three
core sub-modules. Each follows an enhanced Transformer design with
residual connections, containing an Enhanced Multi-head Attention
(EMA) module and a Multi-Layer Perceptron (MLP), with features be-
ing Layer Normalized (LN) before input. The three sub-modules achieve
functional differentiation through different attention mechanisms: S-
ETB employs Spatial Enhanced Multi-head Self-Attention (S-EMSA),
T-ETB adopts Temporal Enhanced Multi-head Self-Attention (T-EMSA),
and C-ETB utilizes Enhanced Multi-head Cross-Attention (EMCA) to
promote spatio-temporal feature interaction.

3.2. Feature mapping and position embedding

The modeling approach considers joints from both spatial and tem-
poral dimensions: the spatial dimension captures structural relationships
among joints within each frame, while the temporal dimension captures
the motion trajectory of individual joints across consecutive frames.
The DDCEFormer takes 2D keypoints as input, first maps them to high-
dimensional features via a linear embedding layer, then introduces
learnable SPE and TPE to fuse spatial and temporal position information,
obtaining the initial features X;, as shown in Eq. (1).

X1 =FC(X) + Eg pgs + RESHAPE(Et pgs) (@9)]

where X € RT*N*2 is the input continuous 2D pose sequence, X; €
RT*Nxdy g the output high-dimensional feature after feature mapping
and position embedding. Eg pos € RTN*m and Eppog € RV*T>n are
the spatial position embedded feature and temporal position embedded
feature, respectively.

3.3. S-ETB and T-ETB modules

Within the DDC-ETB module, spatial motion relationships among
joints and temporal motion relationships of joints are effectively mod-
eled by the parallel-connected S-ETB and T-ETB. To fully extract global

and local spatial and temporal features, the EMSA mechanism is pro-
posed, based on conventional MSA and CNN. This mechanism is applied
in S-ETB and T-ETB as S-EMSA and T-EMSA, respectively.

3.3.1. Enhanced multi-head self-attention (EMSA)

The architecture of conventional MSA is illustrated in Fig. 2(a). The
MSA employs a multi-head joint mechanism to precisely model infor-
mation from different representation subspaces. First, input vectors are
linearly mapped to generate the query matrix Q, the key matrix K and
the value matrix V adapted for multiple heads. For each attention head,
scaled dot-product attention computes attention scores, which are multi-
plied by the corresponding V' to obtain the single head’s output. Finally,
outputs from all heads are concatenated and linearly transformed to pro-
duce a vector with the same dimension as the original input. The core
of MSA is the dynamic weighting of V' via attention scores, which fuses
multi-dimensional information for global feature representation.

Unlike the conventional MSA, we propose an EMSA, shown in
Fig. 2(b). EMSA employs two parallel operations: one is variable-
dimensional scaled dot-product multi-head self-attention, focusing on
global information while reducing redundancy. The other is a convo-
lution operation, treating V' as a 2D feature map in space and time,
applying a 2D convolution over adjacent joints to focus on local spatial
and temporal motion relationships contained in the skeleton sequence.
The fusion of variable-dimensional scaled dot-product multi-head self-
attention with convolution allows the model to more effectively balance
the integration of local and global information, improving prediction
accuracy.

The attention operation in EMSA uses O, K, and V matrices of het-
erogeneous dimensions. Specifically, the dimensions of Q and K are set
to M xkd,,, and V to Mxgd,,, where M is the sequence length, d,, is the
feature dimension, and k, g are independent scaling factors.

The scaling factor k is designed to control the degree of dimension-
ality reduction applied to Q and K. Its specific functions include:

(1) Dimensionality Reduction: By reducing k, the dimensions of
Q and K are effectively compressed, thereby decreasing the



D. Yang, Y. Ge, N. Xu et al.

S-MSA: M=TxN

T-MSA: M=N<T 4§ apcq,

Linear

M~ dm

| MatMul |

(@)

Neurocomputing 681 (2026) 133333

S-EMSA: M=TxN
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Fig. 2. Multi-head self-attention architectures. (a) Conventional Multi-head Self-Attention (MSA). (b) Enhanced Multi-head Self-Attention (EMSA), adopted in S-ETB
and T-ETB as S-EMSA and T-EMSA, respectively. The fusion of variable-dimensional multi-head self-attention and convolution enables the model to focus on both

global and local spatial and temporal information.

computational cost of the attention matrix QK" and reducing the
overall computational complexity of the model.

(2) Redundancy Elimination: The compressed Q and K mitigate re-
dundant features while retaining the most critical information for
global attention. This enables the model to focus on more infor-
mative dimensions, thereby improving the effectiveness of global
information modeling.

The scaling factor g is designed to regulate the information capacity of
V. Its primary roles include:

(1) Enhanced Feature Capacity: Increasing g results in a higher di-
mensionality for V' compared to Q and K, allowing it to carry
richer information and strengthen the expressive power of output
features, which benefits subsequent tasks.

(2) Support for Convolutional Information Fusion: In the EMSA
mechanism, a parallel branch performs convolution operations
on V. A higher-dimensional V facilitates the capture of local dy-
namic features in both spatial and temporal domains, thereby
improving the extraction of effective local information via con-
volution.

(3) Dimensional Decoupling: By separately controlling the dimen-
sions of O/K and V through the scaling factors k and g, the
modeling of attention weights and the optimization of output
representations are decoupled. This enhances the flexibility and
representational capacity of the model.

In designing the local feature extraction path, only a convolution layer is
introduced, omitting the activation, pooling, and fully connected layers
commonly found in CNNs. This is because the MLP module within the
Transformer already provides nonlinear mapping and fully connected
operations; thus, retaining only the convolution layer can effectively fuse
local information without reducing feature dimensionality.

In summary, the proposed EMSA achieves a good balance be-
tween global-local information integration and computational -effi-
ciency. Setting k < 1 compresses the Q and K dimensions, significantly

improving computational efficiency while maintaining global modeling
capability. Setting > 1 expands the V' dimension combined with convolu-
tion, enhancing the expression of local dynamic features. Independently
adjusting k& and g allows the module to adapt to different task re-
quirements, improving modeling capability for complex spatio-temporal
sequences.

Taking S-EMSA in S-ETB as an example, the EMSA computation is ex-
plained. Input features Zg for S-EMSA are linearly mapped to obtain the
0, K, V matrices of different dimensions: Qg € RN*kn K € RN*kdn
Vs € RNV*84n  as in Eq. (2).

Og = ZsWs, Ks = ZsWks, Vs = ZgWyg 2)

where Wos € Réwkdn, Wieg € R¥kdn, and Wyg € R*&4n are linear
transformation matrices, and Zg = LN(X|g) is the layer-normalized input
feature of S-ETB.

S-EMSA uses variable-dimensional multi-head self-attention to ex-
tract global features and convolution to extract local features. The two
outputs are linearly combined and transformed to produce the S-EMSA
output, achieving a fusion of spatial global and local features. The
process is shown in Eq. (3).

Xy = [Softmax(Qs K3 /v/kd,,)Vs + Conv2d(Ve)|Wos 3)

where k is the scaling factor, Qg € RT*N*kdn Ko e RT*NXkdu and Vg €
RT*Nxgdn are the query, key, and value matrices, and Wyg € R8%m*dn is
a linear transformation matrix.

For simplicity, the S-EMSA computation is denoted as Eq. (4).

Xg = S-EMSA(Zs) “

where Zg € RT*N*dn and X; € RTNXdu are the input and output

features of S-EMSA, and S-EMSA(-) denotes the operation function.
The analysis for T-EMSA is similar to that of S-EMSA and is omit-

ted for brevity.The difference is that variables in Fig. 2(b) are marked
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with the subscript ‘T’, M = NXT. The T-EMSA computation is denoted
as Eq. (5).

X, = T-EMSA(Zy) (5)

where Zp € RVT>4n and X, /T € RVNXTxdu are the input and output fea-
tures of T-EMSA, Z; = LN(X;¢) is the layer-normalized input feature of
T-ETB, and T-EMSA(-) denotes the operation function.

3.3.2. Multi-layer perceptron (MLP)
The MLP consists of two linear layers for non-linear transformation
and feature mapping, as shown in Eq. (6).

Hypp=c(HW| +b)W5 + b, (6)

where H € RM*dn is the MLP input feature, Hyyp € RM*%n is the
output. ¢ denotes the GELU activation function for nonlinearity. W, €
R%*4 and W, € R¥*4n are the weights of the two linear fully connected
layers, and b, € R?, b, € R are the bias terms.

3.3.3. Computation of S-ETB and T-ETB

As shown in Fig. 1(b), S-ETB consists of a multi-head self-attention
module and an MLP module. The LN is applied before each module. The
S-ETB computation is shown in Eq. (7).

Hg = S-EMSA(LN(X[s)) + Xs.
Xos = MLP(LN(Hy)) + H.

)

where X;g € RTNXdn [ € RPN*dn and Xog € RT*N*dm are the
input, intermediate, and output features of S-ETB, respectively.
T-ETB, shown in Fig. 1(c), is computed as in Eq. (8).
Hy = T-EMSA(LN(X17)) + Xit,
Xor = MLP(LN(Hy)) + Hr.

®

where X;p € RVXTXdn [ € RNXTXdn and Xop € RVXT%4n are the
input, intermediate, and output features of T-ETB, respectively.

3.4. Enhanced multi-head cross-attention (EMCA) and C-ETB

The S-ETB and T-ETB modules are designed to achieve compre-
hensive representations of spatial and temporal features, respectively.
Existing studies typically fuse these two types of features through
strategies such as feature concatenation [18], simple addition [23], or
adaptive weighting [50]. However, these approaches treat spatial and
temporal features equally without interactive refinement, failing to cap-
ture the deep dependencies between the two domains and thus limiting
the context-aware capability of the fused representations.

To address this limitation, we propose the C-ETB module based on
an enhanced attention mechanism. The core of this module lies in the
introduction of the EMCA mechanism to achieve dynamic and deep fu-
sion of spatial and temporal features. The fundamental concept can be
summarized as cross-domain modulation: temporal features Xy serve
as dynamic filters to reweight and selectively enhance spatial features
Xos- Through this process, the temporal context adaptively modulates
the spatial features, enabling the fused results to be more coherent and
context-aware under the guidance of temporal information.

The specific architecture of EMCA is illustrated in the dashed box
of Fig. 3, with a design that balances global interaction and local
detail preservation. Specifically, EMCA employs a variable-dimension
multi-head attention mechanism to achieve global cross-attention: the
temporal features X, are projected into the query matrix Q and the
key matrix K, while the spatial features X,g serve as the value matrix
V in the attention computation. This design enables temporal informa-
tion to guide the weighting of spatial features from a global perspective.
Simultaneously, to preserve local structural information within the spa-
tial features, EMCA introduces a parallel convolutional path on the
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Fig. 3. Spatio-temporal information fusion. The dashed box shows the EMCA.
The input of EMCA comes from X, and X, and its output is X;)S, which
realizes the weighting of spatial features. X, ;)S and X are summed, achieving
weighted fusion of Xy and Xg.

V, capturing local details through convolution operations. Finally, the
outputs from the attention mechanism and the convolutional path are
combined through linear addition and transformation to produce the fi-
nal EMCA output, thereby achieving dynamic weighted optimization of
the spatial features. This mechanism effectively enhances the representa-
tion capability of cross-domain fusion by integrating global modulation
with local feature preservation.

The Q and K matrices of EMCA have the same dimension Mxkd,,,
and the V' matrix has the dimension MXxgd,,, with k and g as scaling
factors, M = NXT. As shown in Eq. (9).

Oc= LN(XOT)WQCs
Kc = LN(Xop)Wkces 9
Ve = RESHAPE(LN(X )Wy

where Woc € Rkdn, Wy € RIw*¥n, and Wyc € RIn*84n are linear
transformation matrices; LN(X 1) and RESHAPE(LN(Xg)) are derived
from the output features of T-ETB and S-ETB respectively.

EMCA computation is shown in Eq. (10).

Xé)s = [Softmax(Qch/\/kdm)Vc + Conv2d(Vo)IWo e (10)

where k is the scaling factor; Q. € RN*T>kdu K. € RNXTxkdy y. e
RNXTxgdn and Wy € R&m*m denote the query, key, value, and output
transformation matrices in EMCA, respectively.

From Egs. (9) and (10), X, é)s is the weighted feature of X, denoted
as X é)s = aXqg, Where a is the weighting coefficient.

The output X é)s is summed with temporal correlation features Xqr,
achieving weighted fusion of spatio-temporal features Xor and Xgg.
Therefore, the fused feature H. of C-ETB is given by Eq. (11).

’
He = Xog + Xor = aXos + Xor an

In Fig. 1(d), the fused feature H- undergoes MLP feature extrac-
tion to effectively capture joint spatio-temporal motion relationships,
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yielding the C-ETB output features, as in Eq. (12).
Xoc = MLP(LN(H()) + Hc. (12)

where He € RV*T>dn and Xy € RV*T4n are the intermediate and
output features of C-ETB.

3.5. Regression head

As illustrated in Fig. 1(a), the output X of DDC-ETB passes through
a linear regression head to obtain the 3D estimated pose sequence X.
The regression head computation is shown in Eq. (13).

X = FC(LN(Xp)) 13)

where X, € RPV*dm and X € RT*N*3 are the inputs and outputs of the
linear regression head.

3.6. Loss function

The entire model is trained using an end-to-end approach. The loss
function is designed to consider both positional accuracy and veloc-
ity accuracy, aiming to enhance the model’s predictive capability in
dynamic environments, generate smoother and more natural motion tra-
jectories, improve its responsiveness to rapid changes, and strengthen
overall robustness.

The defined loss function consists of three parts: L, L, and L,
where L, is the Mean Per Joint Position Error (MPJPE), L, is the
Normalized MPJPE (N-MPJPE) after normalizing the predicted posi-
tion by scale, and L, is the Mean Per Joint Velocity Error (MPJVE).
Specifically, it is shown in Eq. (14).

L=1L,+AL+,L, a4

where 4; and 4, are the weighting coefficients. L,, L,, and L, are given
in Egs. (15-17).

T N
_ g1 _
L= Z‘(N ; IY! = X!l (15)
1 < 1 J =
L= 5 2% X IV = s0X]l) (16)

n

where s(t) = (% E;V:l(Y’f . X’;))/(% Z}'Ll ||)?,’1||§), s(t) denotes the coeffi-
cients of the predicted position at frame ¢ normalized by scale, and the
operator (-) denotes the inner product of the two vectors.

T-1 N
— 1 1 1+1 t o141 ot
L” - T-1 ;(F;”(Yn _Yn)_(Xn _X,,)”z) (17)

where Y € RT3, X ¢ RT*NX3_y! and X! are the 3D pose ground
truth and predicted values of the nth joint at frame ¢, respectively. Y,{“
and X'*! are the 3D pose ground truth and predicted values of the nth
joint at frame ¢ + 1, respectively.

4. Experimental results and analysis
4.1. Datasets and evaluation metrics

The effectiveness of DDCEFormer is validated through experiments
on two large-scale datasets, Human3.6M and MPI-INF-3DHP, and com-
parative analysis against other methods.

Human3.6M contains 3.6 million video frames, capturing 11 pro-
fessional subjects performing 15 daily activities. Data is recorded by
4 synchronized cameras at 50Hz, making it the most common indoor
dataset for 3D HPE. Following the same protocol as compared methods
[18,23-25], we employ the widely-adopted 2D pose estimator CPN to
extract 17 2D joints. Data from 5 subjects (S1, S5, S6, S7, S8) are used
for training and 2 subjects (S9, S11) for testing.
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Two common evaluation protocols are used [18,23-25]. Protocol
1 (P1) is Mean Per Joint Position Error (MPJPE) after aligning the
root joint (pelvis), computing the average Euclidean distance be-
tween estimated and ground truth 3D joints. Protocol 2 (P2) is
Reconstruction MPJPE (P-MPJPE), the average position error after per-
forming Procrustes alignment (rigid transformation) between estimates
and ground truth. Both metrics are in mm; lower values indicate smaller
errors and higher accuracy.

MPI-INF-3DHP contains over 1.3 million frames captured from 14
camera views, involving 8 subjects performing 8 activities in both in-
door and outdoor environments. Although smaller than Human3.6M,
its diverse scenes, viewpoints, and actions make it more challenging.
The dataset includes complex outdoor scenarios and frequent occlu-
sions, partially simulating in-the-wild conditions and thereby providing
a robust test of model generalization. Following prior work [18,23-25],
ground truth 2D poses are used as input. Performance is evaluated using
MPJPE, Percentage of Correct Keypoints within 150mm (PCK), and Area
Under the Curve (AUC), where higher PCK and AUC indicate better gen-
eralization and robustness, and lower MPJPE reflects higher prediction
accuracy.

4.2. Experimental environment and parameter settings

Experiments are conducted on a hardware platform with an Intel
Core 19-9900k CPU@3.60GHz, NVIDIA GeForce RTX 3090 GPU, 64GB
DDR4 2666 MHz RAM, implemented based on PyTorch.

Settings for Human3.6M: Optimized with Adam, trained for 180
epochs, initial learning rate 4e-5, decay factor 0.99 per epoch.
Parameters: input sequence length 7'=243, joint feature dimension
d,, =512, number of layers L =8, number of attention heads h =38, loss
weights 1,=0.5, 1,=20, convolutional kernel size 3x3, and scaling
factors k=0.75, g=1.5 for EMSA and EMCA.

Settings for MPI-INF-3DHP: Sequence lengths are shorter, so
T =27 and T =81 are selected; other parameters are consistent with
Human3.6M.

4.3. Analysis of experimental results

This section validates the method’s effectiveness through compar-
isons and detailed analysis.

4.3.1. Comparative analysis on human3.6M

On Human3.6M, DDCEFormer is compared with state-of-the-art
methods using P1 and P2 metrics. Detailed results are in Tables 1 and 2.
These tables cover the evaluation of 15 daily activity actions, with the
best values highlighted in bold and the second-best values underlined.
The last row of the table shows the difference between our method’s es-
timates and the best-performing estimates from other methods. The unit
of the data is millimeters (mm).

The comparative results in Table 1 (Protocol 1, MPJPE) indicate
that our method achieves an average MPJPE of 39.1mm across all ac-
tions, obtaining the best MPJPE for 11 actions and the second-best for
3. Similarly, as detailed in Table 2 (Protocol 2, P-MPJPE), our method
attains an average P-MPJPE of 30.8mm, with the best for 11 actions
and the second-best for 4. The last rows show that our method performs
particularly well in actions with large limb movements like Eat, Photo,
Sit, and Smoke. MPJPE reductions are 1.4mm (4.0%), 3.3mm (7.3%),
2.1mm (4.3%), and 1.2mm (3.0%) compared to the second-best, and
P-MPJPE reductions are 1.1mm (3.8%), 2.5mm (7.1%), 2.5mm (6.5%),
and 1.0mm (3.1%).

These results indicate that by fully fusing global and local spatio-
temporal features, our method achieves higher accuracy and stronger
robustness for poses with large limb movements. To evaluate the statis-
tical stability of our results, we conducted each experiment five times
with different random seeds. Our method attained a mean MPJPE of
39.1mm with a standard deviation of 0.2mm.
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Table 1
Comparative analysis of MPJPE for P1 on the Human3.6M dataset in millimeters.
Method T Publication  Dir. Disc.  Eat. Greet Phone Photo Pose Purch. Sit SitD. Smoke Wait WalkD. Walk WalkT. Avg
GraphMLP[22] 243 PR’25 40.0 442 399 434 465 52.2 42.3 409 55,8 59.5 451 42.1 452 29.5 303 43.8
StridedFormer[16] 243 TMM’22 40.3 433 40.2 423 456 52.3 41.8 40.5 559 60.6 44.2 43.0 44.2 30.0 30.2 43.7
ConvFormer[48] 243 VC24 41.0 432 390 424 445 52.2 41.7  40.8 53.0 60.6 44.8 41.3 437 29.6 309 43.2
PATA[21] 243 TIP’22 39.9 427 403 423 450 528 404 393 569 612 441 413 4238 28.4 293 43.1
MHFormer([46] 351 CVPR’22 39.2 431 40.1 409 449 51.2 40.6 41.3 53.5 60.3 437 41.1 438 29.8 30.6 43.0
MHFormer ++[17] 351 PR’23 39.1 427 387 403 441 50.0 41.4 387 539 616 43.6 40.8 425 296 30.6 42.5
P-STMO[45] 243 ECCV’22 38.9 427 404 411 456 497 409 399 555 594 449 422 427 29.4  29.4 42.8
GLSTE[20] 243 TMM’24 39.2 423 396 41.0 44.0 49.6 41.0 399 53.2 59.2 432 41.2 421 29.0 29.2 42.2
MixSTE[18] 243 CVPR’22 376 409 373 39.7 423 49.9 40.1 398 51.7 55.0 421 39.8 41.0 279 279 40.9
STCFormer[23] 243 CVPR23 384 412 36.8 38.0 427 50.5 38.7 38.2 52.5 56.8 41.8 38.4 40.2 26.2 27.7 40.5
STGFormer[24] 243 PR’26 384 407 37.1 381 427 49.9 39.0 393 504 56.0 414 38.3 39.1 269 281 40.3
FMFormer[25] 243 TMM’24 36.9 396 369 393 418 48.3 384 387 51.1 53.7 419 38.7 404 27.7 279 40.1
Ours(k=0.75, g=1.5) 243 37.6 394 354 377 41.2 450 379 385 483 533 402 37.6 399 27.1  27.7 39.1
+0.7 -02 -14 -03 -06 -33 -05 +0.3 -21 -04 -12 -0.7 +0.8 +09 +0.0 -1.0
Table 2
Comparative analysis of P-MPJPE for P2 on the Human3.6M dataset in millimeters.
Method T Publication  Dir. Disc.  Eat. Greet Phone Photo Pose Purch. Sit SitD. Smoke Wait WalkD. Walk WalkT. Avg
GraphMLP[22] 243 PR25 321 349 324 357 362 415 332 314 444 477 369 328 355 239 25.0 34.9
StridedFormer[16] 243 TMM’22 327 355 325 354 359 41.6 33.0 319 451 50.1 36.3 335 351 239 25.0 35.2
ConvFormer[48] 243 VC24 314 342 320 352 340 40.3 32.7 313 42.6 49.0 36.2 31.3 348 234 249 34.2
PATA[21] 243 TIP’22 31.2 341 319 338 339 395 31.6 300 454 481 350 311 335 22.4  23.6 33.7
MHFormer([46] 351 CVPR’22 315 349 328 336 353 39.6 320 322 43.5 48.7 36.4 326 343 239 251 34.4
MHFormer ++[17] 351 PR’23 316 348 322 332 347 39.7 33.0 31.0 435 496 36.1 324 338 239 247 34.2
P-STMO[45] 243 ECCV’22 31.3 352 329 339 354 393 325 315 446 482 363 329 344 23.8 239 34.4
GLSTE[20] 243 TMM’24 308 346 324 329 340 39.5 315 31.0 44.2 48.7 352 324 335 23.1 235 33.8
MixSTE[18] 243 CVPR’22 308 331 303 31.8 331 39.1 31.1 305 425 445 340 30.8 327 221 229 32.6
STCFormer[23] 243 CVPR23 29.3 330 307 306 327 38.2 29.7 28.8 42.2 450 333 294 315 20.9 223 31.8
STGFormer[24] 243 PR26 29.3 33.0 299 306 325 375 303 296 41.0 441 332 291 30.9 21.7 228 317
FMFormer[25] 243 TMM’24 301 324 302 319 324 37.8 304 299 41.2 43.4 340 29.8 323 21.5 224 32.0
Ours(k=0.75, g=1.5) 243 29.3 31.7 288 297 315 350 288 292 385 435 322 287 315 211 222 30.8
+00 -07 -11 -09 -09 -25 -09 +04 -25 +01 -1.0 -04 +0.6 +0.2 -0.1 -0.9
4 Table 3
GT+N(0, 20) . . . - -
55 Comparison of computational complexity and efficiency with state-of-the-art
methods.
] Method Param FLOPs FPS GPU Memory  Training Time  MPJPE
50 1 M) (©)] (©)] (min/epoch) (mm)
E 1 MixSTE[18] 33.8 139 9856 11.7 22.5 40.9
545 4 GT+N(@, 15) FMFormer[25] 42.3 193 7297 15.3 28.3 40.1
H_J Ours 53.8 222 4858 19.5 36.2 39.1
o
[
S 40 CPN
°
1 GT+N(0/10)
35 As shown in Table 3, DDCEFormer achieves the best MPJPE. This
GT  GT+N(@ performance gain is primarily attributed to its enhanced multi-head
attention mechanism and spatio-temporal cross-augmentation fusion
30 ; : 1 15 A strategy. However, this improvement in accuracy comes with increased

Standard Deviation

Fig. 4. Adding Gaussian noise to evaluate the robustness of DDCEFormer model.

Furthermore, we evaluated the robustness of our method to different
noise levels by adding Gaussian noise with varying standard deviations
to the 2D ground-truth joint coordinates during testing. The experimen-
tal results are presented in Fig. 4. It can be observed that the MPJPE of
3D pose estimation is positively correlated with the noise level of the 2D
input, with a relatively gentle increase under low-noise conditions. This
indicates that the proposed method exhibits a certain capacity to sup-
press input noise. These results validate the effectiveness and robustness
of our method under noisy conditions.

We also systematically evaluate DDCEFormer against two represen-
tative seq2seq Transformer baselines across four aspects: computational
complexity, inference efficiency, training resource consumption, and
estimation accuracy. The results are presented in Table 3.

computational cost. Compared to the baselines, our model exhibits
higher parameter counts and FLOPs, leading to greater GPU memory
usage and longer training time per epoch, as well as a reduced inference
speed. These results indicate a trade-off between performance and effi-
ciency in the current model, suggesting that its deployment in real-time
or resource-constrained scenarios requires further optimization.

4.3.2. Comparative analysis on MPI-INF-3DHP

Table 4 compares our method with others on MPI-INF-3DHP. For
T =81, our method’s PCK, AUC, and MPJPE improve by 0.6%, 4.9%,
and reduce by 9.7mm compared to STCFormer, and by 0.5%, 4.7%, and
reduce by 5.8mm compared to the second-best STGFormer. For T =27,
compared to MixSTE, improvements are 4.8% in PCK, 21.7% in AUC,
and a reduction of 40.4mm in MPJPE. By enhancing multi-head self-
attention and cross-attention mechanisms, our method effectively fuses
global and local spatio-temporal features. The results demonstrate the
strong generalization ability of DDCEFormer.
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Table 4

Results on MPI-INF-3DHP under three evaluation metrics.
Method T Publication PCK? (%) AUC?t (%) MPJPE| (mm)
PoseFormer[15] 9 Iccv’2l 88.6 56.4 77.1
MHFormer[46] 9 CVPR’22 93.8 63.3 58.0
MixSTE[18] 27 CVPR’22 94.4 66.5 54.9
P-STMO[45] 81 ECCV’22 97.9 75.8 32.2
STCFormer[23] 81 CVPR’23 98.7 83.9 23.1
STGFormer[24] 81 PR’26 98.8 84.1 19.2
FMFormer[25] 81 TMM’24 98.6 71.5 39.4
Ours(k=0.75,¢g=1.5) 27 99.2 88.2 14.5

81 99.3 88.8 13.4

4.3.3. Detailed analysis

The core challenge of 3D human pose estimation lies in the accurate
reconstruction of distal joints. Upper-body joints such as the wrists and
elbows possess high degrees of freedom and are prone to self-occlusion
and depth ambiguity during complex motions, which generally lead to
significant estimation errors in existing methods. In contrast, although
lower-body joints also exhibit high degrees of freedom, their movement
patterns are relatively regular and they are less affected by occlusions.
Therefore, conducting a fine-grained analysis of estimation performance
across different body parts, particularly investigating the accuracy dis-
crepancy between upper and lower limbs, is essential for gaining a
deeper understanding of model behavior.

Accordingly, we perform a detailed analysis of MPJPE for all 17 joints
on the Human3.6M dataset to comprehensively evaluate the per-joint
estimation performance of our method, comparing it against FMFormer,
MixSTE, and MHFormer. The results are presented in Fig. 5.

As observed in Fig. 5, the estimation errors for the ankles (joints
4 and 7) and wrists (joints 14 and 17) are consistently higher than
those for other joints across all compared methods. This phenomenon
aligns with the inherently high degrees of freedom of distal joints, fur-
ther confirming the universality of the aforementioned challenge. Our
method achieves the best overall average accuracy, with a mean MPJPE
of 39.13mm, outperforming FMFormer (40.09mm), MixSTE (40.94mm),
and MHFormer (42.95mm). Further analysis reveals that the advantages
of our method are predominantly observed in the upper-body joints.
Notably, it achieves the best estimates on the four most challenging
upper-body distal joints: the right elbow (13), right wrist (14), left elbow
(16), and left wrist (17). For lower-body joints, our method generally
performs better than MixSTE and MHFormer, while achieving results

Table 5
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Fig. 5. Comparison of MPJPE for 17 human body joints.

comparable to FMFormer, with each method demonstrating strengths
on different joints.

Building on this observation, we conducted a detailed analysis of the
four key upper limb joints to further quantify the improvement achieved
by our method on upper-body joints, with the results reported in Table 5.

Table 5 demonstrates that our method achieves the best estimation
accuracy across all four upper-body joints. Compared to the second-best
method, FMFormer, our approach reduces the error by 2.4mm (right el-
bow), 3.4mm (right wrist), 3.1mm (left elbow), and 4.2mm (left wrist),
corresponding to relative improvements ranging from 5.0% to 6.5%. The
improvement is even more pronounced when compared to MHFormer,
achieving a maximum reduction of 19.8%. These results robustly vali-
date the effectiveness of our method in modeling complex upper-body
motions. Notably, our method exhibits superior performance in ac-
tions involving substantial limb movement, such as Direction (joint 17),
Eating (joints 13 and 14), Greeting (joints 13, 14 and 17), Photo (joints
13, 14, 16 and 17), Posing (joint 17), Purchases (joint 17), Smoking
(joint 13), Sitting (joints 14, 16 and 17), and Waiting (joint 14). This
further demonstrates its effectiveness in enhancing both the accuracy
and robustness of 3D human pose estimation.

The above fine-grained analysis reveals the core strengths of our
method. For the complex and varied motions of the upper-body joints,

Detailed MPJPE analysis for four upper-body joints on the Human3.6M dataset in millimeters.

Joint Method Dir. Disc.  Eat. Phone

Greet Photo  Pose  Purch. Sit SitD.  Smoke Wait  WalkD. Walk WalkT. Avg
right elbow (13) MHFormer[46] 47.8 523 525 53.8 57.9 79.9 49.8 538 624 67.1 553 539 54.0 359 420 54.6
MixSTE[18] 47.0 52.9 51.1 49.4 52.5 75.9 49.5 55.3 66.6 61.3 53.4 52.2 49.7 30.1 34.1 52.1
FMFormer[25] 45.7 50.2 485 49.1 538 70.6 46.4 50.2 69.4 587 51.6 49.1  47.6 30.3 352 50.4
Ours 473  49.0 433 451 495 64.9 484 51.2 61.0 55.3 46.8 48.6 489 27.3  33.9 48.0
+16 -12 -52 —-40 -3.0 -5.7 +2.0 +1.0 -1.4 -34 -48 -05 +1.3 -28 -0.2 —-2.4
right wrist (14) ~ MHFormer[46] 67.7 67.4 77.3 77.6  86.3 97.4 66.4  72.0 859 843 788 66.5  69.9 41.8 56.7 73.1
MixSTE[18] 63.0 64.8 67.5 67.5 73.2 91.1 63.2 72.4 83.3 78.7 68.6 62.5 63.4 35.0 43.0 66.5
FMFormer[25] 59.5 624 66.2 67.6 721 85.8 59.8 67.7 81.6 749 702 59.4 61.4 344 427 64.4
Ours 58.3 60.4 605 60.6 71.6 78.4 59.1 63.8 75.9 72.0 65.9 549 618 32,5 39.6 61.0
-12 -20 -57 -69 -05 -74 -07 -39 -57 -29 =27 -45 +04 -19 -31 -3.4
left elbow (16) MHFormer[46] 55.4 52.0 59.2 647 59.3 83.9 61.5 56.2 755 69.5 55.9 55.0 59.3 39.8 374 59.0
MixSTE[18] 509 51.0 556 57.3 56.9 87.8 58.9 545 701 646 523 52.4 57.2 352 324 55.8
FMFormer[25] 51.3 49.2 53.7 583 587 81.5 57.5  50.8 70.2 604 55.2 50.4 56.4 34.6 332 54.7
Ours 50.5 48.1 51.5 543 559 73.6 54.0 49.3 61.8 59.5 50.7 50.0 53.1 32.1  30.0 51.6
-04 -11 -22 -30 -10 -79 -35 -15 -83 -09 -16 -0.4 -33 -25 -24 -31
left wrist (17) MHFormer[46] 84.6 686 769 91.2 719 101.4 716 765 90.6 879 758 65.7  84.0 427 481 75.8
MixSTE[18] 783 643 684 816 698 103.2 67.8 757 80.8 756 67.9 63.0 748 354 382 69.7
FMFormer[25] 76.2 621 68.0 80.1 668 986 663 742 8.1 719 705 585 769 35.7 384  68.7
Ours 71.2 61.6 648 73.2 66.5 87.1 60.3 68.1 72.0 720 66.4 58.4 735 33.8 381 64.5
-50 -05 -32 -69 -03 -115 -60 -6.1 -88 +01 -15 -01 -13 -1.6 -0.1 —4.2
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our method effectively captures the movement characteristics of high
degree of freedom joints through its efficient local feature extraction
and spatio-temporal cross-fusion mechanism, significantly mitigating
the large errors typically associated with distal upper limbs. For lower-
body joints, which exhibit more regular movement patterns, our method
maintains performance comparable to leading approaches. These results
indicate that our method possesses a distinct advantage in handling
joints with high degrees of freedom and large ranges of motion.

4.4. Parameter sensitivity analysis

The proposed EMSA and EMCA are variable-dimensional multi-head
attention mechanisms, with the scaling factors k and g controlling di-
mension expansion for the O, K and V matrices. Table 6 examines the
impact of varying k with fixed g=1.5. Table 7 analyzes the impact of
varying g with fixed k=0.75.

As shown in Table 6, increasing k leads to a higher number of pa-
rameters and greater storage requirements; however, the corresponding
MPJPE and P-MPJPE do not exhibit a monotonically decreasing trend.
When  is small (e.g., 0.25, 0.5), the feature extraction capability of the
Q and K matrices in the attention mechanism is insufficient, preventing
optimal performance. When k is large (e.g., 1.00, 1.25), the feature re-
dundancy in the Q and K matrices also prevents optimal performance.
At k=0.75, MPJPE and P-MPJPE reach their best values, indicating opti-
mal feature selection. For g, Table 7 shows a similar trend, with optimal
performance at g =1.5.

For comparison, using conventional fixed-dimension multi-head at-
tention (k=1.0, g=1.0) yields MPJPE and P-MPJPE of 39.65mm and
31.15mm. From the sensitivity analysis, at k=0.75, g=1.5, MPJPE
and P-MPJPE reduce to 39.13mm (reduction of 0.52mm, 1.33%)
and 30.77mm (reduction of 0.38mm, 1.23%). This indicates that the
variable-dimension method achieves a better balance between model
complexity and accuracy.

Although the heterogeneous dimension scaling in EMA balances ca-
pacity and efficiency, it suffers from inherent limitations. The scaling
factors rely on empirical tuning; excessive compression may create an
information bottleneck, while expanding the V' dimension directly in-
creases the parameter count. Furthermore, the scaling factors k and g
currently require manual selection, rendering the model sensitive to
these two hyperparameters.

4.5. Ablation studies

All ablation studies are conducted on the Human3.6M dataset, using
the typical 2D pose estimator CPN to extract 17 joint points of the 2D
human body as inputs to the model.

Table 6
Experiments on the scaling factor k with g=1.5.

Scaling Factor k ~ Params (M)  Storage (M) MPJPE (mm)  P-MPJPE (mm)
1.25 60.11 229 39.34 31.09
1.00 56.96 217 39.58 31.00
0.75 53.81 205 39.13 30.77
0.50 50.66 193 39.37 31.26
0.25 47.50 181 39.49 31.06
Table 7

Experiments on the scaling factor g with k=0.75.

Scaling Factor g Params (M) Storage (M) MPJPE (mm) P-MPJPE (mm)
2.00 60.17 230 40.10 31.59
1.75 56.99 218 39.99 31.33
1.50 53.81 205 39.13 30.77
1.25 50.63 193 39.69 31.13
1.00 47.45 181 39.53 31.53
0.75 44.27 169 39.34 31.38

Neurocomputing 681 (2026) 133333

Notations. In the ablation study results tables presented in the
following sections, the best values are highlighted in bold, and the
second-best values are underlined.

4.5.1. C-ETB module and CNN convolution in EMA

We incorporate convolutional operations into the EMA module to en-
hance local feature extraction. To determine the optimal kernel size, we
conduct an ablation study comparing three different kernel sizes: 3x3,
5x5, and 7x7. The results demonstrate that the 3x3 kernel achieves the
lowest MPJPE (39.13mm), outperforming the 5x5 (39.88mm) and 7x7
(39.71mm) kernels. This indicates that a 3x3 kernel is sufficient for ef-
fective local feature extraction, whereas larger kernels lead to degraded
performance.

Building on this, we further evaluate the individual contributions of
two key components: the C-ETB and the convolution in the EMA. The
C-ETB is specifically designed for spatio-temporal fusion, whereas the
convolution in the EMA aims to strengthen local information. Under
the fixed settings of a 3x3 kernel, k=0.75, and g=1.5, we perform an
ablation study by toggling the presence of the C-ETB and the EMA convo-
lution. The results, also summarized in Table 8, confirm the effectiveness
of both components.

The ablation results presented in Table 8 confirm that introduc-
ing CNN convolution or C-ETB improves accuracy. Adding CNN (G-2
vs. G-1) reduces MPJPE/P-MPJPE by 0.55mm/0.51mm, indicating that
CNN extracts key local features. Adding C-ETB (G-3 vs. G-1) reduces by
0.81mm/ 1.12mm, showing C-ETB’s advantage in fusing global and local
spatio-temporal features. G-4 with both CNN and C-ETB further reduces
by 2.44mm/2.47mm, indicating that their combination yields optimal
feature fusion and significant performance gain.

4.5.2. Different network structures

The DDCEFormer parallelizes S-ETB and T-ETB, then cascades them
with C-ETB for cross-fusion, improving accuracy. Different structures
can be built by selecting modules within DDCE-ETB. Ablation results for
different structures are in Table 9.

From Table 9, using only S-ETB or T-ETB yields weaker perfor-
mance, with S-ETB better than T-ETB. The last three rows show that
the parallel connection of S-ETB and T-ETB with feature fusion signif-
icantly improves performance. Comparing three fusion strategies, our
C-ETB weighted fusion outperforms direct concatenation fusion [23]
and adaptive fusion [50], verifying the effectiveness of the EMCA cross
mechanism in fusing global and local spatio-temporal features.

Tables 8 and 9 reveal that the performance improvement stems from
the synergistic effect of the EMA mechanism and the overall architec-
ture, with the latter contributing more significantly. The heterogeneous
dimension scaling and the local modeling capability of the convolutional
branch in EMA, combined with the dynamic weighting-based spatio-
temporal feature modulation in C-ETB, form the core foundation for

Table 8
Ablation study on the C-ETB module and CNN convolution in EMA.

Serial Number C-ETB Module CNN Convolution MPJPE (mm) P-MPJPE (mm)
G-1 X X 41.57 33.24
G-2 X v 41.02 32.73
G-3 v X 40.76 32.12
G-4 v v 39.13 30.77
Table 9

Ablation study of different network structure models.

S-ETB T-ETB Direct Fusion Adaptive Fusion C-ETB MPJPE (mm) P-MPJPE (mm)

v X X X X 47.72 37.07
X v X X X 49.51 38.85
v v v X X 41.02 32.73
v v X v X 40.09 32.06
v v X X v 39.13 30.77

10
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Table 10
Ablation study for varying layer numbers L.

Layer Numbers L Params (M) Storage (M) MPJPE (mm) P-MPJPE (mm)
10 67.26 257 39.55 31.07
9 60.53 231 39.54 31.38
8 53.81 205 39.13 30.77
7 47.08 180 39.91 31.36
6 40.36 154 39.67 31.53
5 33.63 128 40.84 31.98

32+
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Fig. 6. Variation curves of the ratios L,/L; and L,/L, with epoch in the loss
function.

the performance gain. In other words, EMA provides powerful feature
representations, while the dual-domain cross-enhancement architecture
establishes an efficient feature fusion framework. The combination of
these two elements culminates in the final accuracy breakthrough.

4.5.3. Model layers and input sequence length

Table 10 presents ablation results for varying layer numbers L. As L
increases, the number of parameters and the storage also increase, but
MPJPE and P-MPJPE do not consistently decrease. Optimal performance
is achieved at L=8.

Further experiments on the Human3.6M dataset demonstrate that as
the input sequence length 7' decreases from 243 to 81 and 27, the MPJPE
increases from 39.13mm to 42.52mm and 45.47mm, respectively, con-
firming the effectiveness of longer temporal contexts in improving pose
estimation accuracy.

4.5.4. Weight coefficients in loss function

During the model training process for 180 epochs, the values of L,,
L, and L, in the loss function are recorded separately. The variation
curves of the ratios L,/L, and L,/L, are shown in Fig. 6.

Based on the variation curves of the ratios L,,/L, and L,/ L, in Fig. 6,
the ratio L,/ L, fluctuates around 1. Therefore, the weight coefficient 4;
in the loss function is selected to be 0, 0.5, 1, and 1.5. Similarly, the ratio
L,/L, varies between 9 and 32, so the weight coefficient 4, in the loss
function is selected to be 0, 10, 15, 20, 25, and 30. The ablation study
results are shown in Table 11.

As illustrated in Table 11, incorporating either L, or L, effectively
reduces MPJPE and P-MPJPE. Using only L, is more effective than using
only L,, indicating that the velocity constraints play a more signifi-
cant role in optimization. Analyzing different weight combinations: with
fixed A, =0.5, adjusting 4, from 0 to 30 gives the best performance at
A, =20; with fixed 4, =20, adjusting 4, gives the best result at A;=0.5.

11
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Table 11
Ablation study for weight coefficients in the loss function.

Serial Number Ag Ay MPJPE (mm) P-MPJPE (mm)
1 0.0 0.0 41.18 32.41
2 0.5 0.0 41.00 32.07
3 0.0 20.0 39.53 31.16
4 0.5 10.0 39.52 31.27
5 0.5 15.0  39.17 30.87
6 0.5 20.0 39.13 30.77
7 0.5 25.0 39.25 30.78
8 0.5 30.0 39.37 31.02
9 1.0 20.0 39.31 31.06
10 1.5 20.0 39.41 30.99

In summary, proper loss weighting significantly improves accuracy, with
optimal MPJPE and P-MPJPE at 4,=0.5, 4,=20.

4.6. Visualization

The effectiveness of our proposed method is qualitatively demon-
strated by comparing DDCEFormer with state-of-the-art approaches,
including MHFormer, MixSTE, and FMFormer, on the Human3.6M
dataset. The comparative results are presented in Fig. 7. In this figure, (a)
shows the input 2D pose estimates, (b)-(e) illustrate the 3D pose estima-
tions generated by the four methods, and (f) displays the corresponding
ground-truth 3D poses. In the 3D estimation visualizations, the green,
blue, and red lines represent the torso, lower limbs, and upper limbs,
respectively.

A comparative analysis reveals that MHFormer, MixSTE, and
FMFormer are prone to estimation errors when handling local occlu-
sions. Typical error cases caused by occlusions of the upper or lower
limbs are highlighted with purple arrows in Fig. 7(b)-(d). In contrast, by
enhancing local feature representation and integrating spatio-temporal
information, DDCEFormer effectively mitigates the interference caused
by occlusions, thereby estimating more accurate 3D human poses.

We evaluate the robustness of DDCEFormer in real-world scenar-
ios, with results shown in Fig. 8. The method estimates 3D human
poses reasonably well under challenging conditions such as varying illu-
mination, partial occlusions, and fast motion, as demonstrated in the
first and second rows of Fig. 8. However, the accuracy of 3D pose
prediction degrades significantly when the input 2D pose estimates con-
tain large errors. As illustrated in the third row of Fig. 8, extensive
occlusion of the legs by the skirt introduces inaccuracies in 2D joint de-
tection, which subsequently compromises the quality of the final 3D pose
estimation.

Furthermore, we reveal the global and local patterns captured by the
EMA attention mechanism in DDCEFormer by visualizing and analyzing
the spatial, temporal, and cross-attention maps across shallow, middle,
and deep layers. The results are presented in Fig. 9.

Spatial attention evolves from simultaneously focusing on local joint
connections and global structural relationships in shallow layers to
refined attention with balanced local-global emphasis in deep layers.
Temporal attention progressively expands its receptive field from adja-
cent frames in shallow layers to long-range temporal patterns in deep
layers, while maintaining sparse characteristics throughout. Cross at-
tention gradually strengthens from preliminary spatio-temporal fusion
in shallow layers to high-level integration in deep layers, with consis-
tent information flow across all layers. These visualizations demonstrate
that all three attention mechanisms become increasingly focused with
network depth, working synergistically to enhance 3D pose estimation
accuracy.
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Fig. 7. Visual comparison of human pose estimation results across multiple methods. (a) Inputs. (b) MHFormer. (c) MixSTE. (d) FMFormer. (e) Ours. (f) Ground
Truth. In (b)-(d), purple arrows highlight incorrectly estimated poses.
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Fig. 8. Overview of qualitative results for the DDCEFormer algorithm from real-world scenarios.
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Fig. 9. Three layer visualization in EMA attention.

Conclusion

o

This paper proposes DDCEFormer, a novel approach for 3D human
pose estimation from monocular videos. At its core lies an Enhanced
Multi-head Attention (EMA) mechanism, which serves as the founda-
tion of a parallel-serial hybrid architecture consisting of spatial (S-ETB),
temporal (T-ETB), and cross (C-ETB) modules. Guided by a divide-and-
conquer strategy, this architecture separately captures global depen-
dencies and local details in both the spatial and temporal domains,
and subsequently accomplishes deep fusion of spatio-temporal features
through a cross-attention mechanism. Experimental evaluations on the
Human3.6M and MPI-INF-3DHP datasets demonstrate that DDCEFormer
achieves state-of-the-art performance in terms of overall estimation
accuracy, with particularly strong modeling capabilities for complex
actions involving large limb movements.

In summary, the main contributions of this work are the proposal and
validation of a solution focused on the balanced and deep integration of
global and local spatio-temporal features. The proposed DDCEFormer
model, together with its core EMA mechanism, provides a novel techni-
cal paradigm for enhancing the accuracy of 3D human pose estimation.
For future work, we will focus on developing adaptive methods for
scaling factors, converting them into learnable parameters to achieve
a dynamic balance between performance and efficiency. Furthermore,
we intend to explore compression strategies such as structured pruning
to reduce model complexity while maintaining estimation accuracy.
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