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Accurate recognition and fine-grained structural parsing of dance movements have emerged 
as key challenges in the fields of image processing and computer vision, with broad 
applications in dance education, choreography analysis, and cultural heritage preservation. 
However, existing approaches exhibit clear limitations in modeling complex spatio-
temporal dynamics and in performing structured semantic parsing of motion, making it 
difficult to achieve joint optimization of recognition and parsing tasks. To address these 
challenges, this paper proposes an end-to-end framework based on spatio-temporal attention 
graph convolution and motion primitive learning, enabling the unified advancement of 
dance motion recognition and structural parsing. Specifically, the framework first extracts 
human skeletal sequences from input RGB videos to reduce irrelevant interference. It then 
employs an enhanced spatio-temporal graph convolutional network (ST-GCN) to 
hierarchically model spatio-temporal features. Finally, a multi-task parallel output 
architecture simultaneously predicts action categories, frame-level motion primitives, and 
motion boundaries, achieving fine-grained understanding of dance movements. 
Experimental results on public dance datasets demonstrate that the proposed method 
outperforms state-of-the-art approaches, validating the effectiveness of each proposed 
module. Moreover, it shows significant advantages in fine-grained structural parsing of 
motion. This study provides a novel technical pathway for intelligent dance analysis and 
enriches research on spatio-temporal sequence modeling and semantic parsing in the field 
of image processing. 

Keywords: 
dance motion recognition, motion structure 
parsing, spatio-temporal graph 
convolutional network, spatio-temporal 
attention, motion primitive learning, image 
processing 

1. INTRODUCTION

High-precision recognition [1, 2] and fine-grained structural
parsing [3, 4] of dance movements are frontier research 
directions in the fields of image processing and computer 
vision. The research results can be widely applied in multiple 
domains and have important theoretical value and practical 
significance. Dance movements exhibit significant complex 
spatio-temporal correlations, rhythmic variability, and 
semantic ambiguity of motion units [5, 6]. These 
characteristics impose higher requirements on sequence 
modeling and semantic parsing techniques in image 
processing. In practical applications, this technology can assist 
motion correction in dance teaching, optimize choreography 
design processes, promote the digital inheritance of ethnic 
dance culture, and provide new support for human motion 
understanding in the field of human-computer interaction. 
From an academic perspective, existing image processing 
methods show clear gaps in the fine-grained structural parsing 
of dance movements. Related research can further promote the 
expansion and deepening of spatio-temporal sequence 
modeling techniques in complex human motion analysis. 

Although certain progress has been achieved in the field of 
human action recognition and parsing, there are still many 
limitations in specialized research on dance movements. In 

terms of spatio-temporal modeling, traditional graph 
convolution relies excessively on predefined adjacency 
matrices [7, 8], making it difficult to effectively capture the 
coordinated motion of long-range joints in dance movements. 
Meanwhile, single-scale temporal convolution cannot adapt to 
the fast and slow rhythm changes of dance movements [9-11], 
resulting in insufficient completeness and robustness of 
feature modeling. In terms of structural parsing, existing 
methods mostly focus on action category recognition [12, 13], 
lacking the ability to perform fine-grained decomposition and 
boundary localization of internal semantic units of dance 
movements. As a result, interpretable analysis of motion 
structure cannot be achieved, making it difficult to meet the 
refined requirements of scenarios such as dance teaching and 
choreography analysis. In terms of multi-task collaboration, 
action recognition and structural parsing are mostly designed 
as independent modules [14, 15], without end-to-end joint 
optimization. This leads to low feature utilization efficiency, 
difficulty in improving boundary localization accuracy, and 
inability to achieve collaborative enhancement between 
recognition and parsing. 

In view of the above limitations, the research objective of 
this paper is to propose a high-precision and interpretable end-
to-end framework for dance motion recognition and structural 
parsing, to achieve the synchronous completion of action 
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category recognition, frame-level motion unit segmentation, 
and motion boundary localization, break through the technical 
bottlenecks of existing spatio-temporal modeling and motion 
parsing, and improve the robustness and parsing accuracy of 
the model for complex dance movements. Based on this 
objective, the main contributions of this paper are as follows: 

(1) An enhanced spatio-temporal graph convolution 
backbone network is designed, integrating multi-head self-
attention and temporal pyramid dilated convolution, to achieve 
efficient modeling of global spatio-temporal dependencies and 
multi-scale temporal features of dance movements, thereby 
improving the feature representation capability of complex 
motions. 

(2) A learnable motion primitive dictionary and 
reconstruction loss constraint are introduced to realize fine-
grained semantic decomposition of dance movements, 
effectively addressing the key problem of semantic ambiguity 
and difficulty in quantitative parsing of motion units. 

(3) A multi-task joint optimization mechanism is 
constructed, incorporating structural consistency loss and 
combining the temporal grammar characteristics of dance 
movements, to guide the parsing results to conform to dance 
logic, significantly improving the collaboration and accuracy 
of multi-task outputs. 

The subsequent chapters of this paper are organized as 
follows: Chapter 2 elaborates in detail the overall structure of 
the proposed end-to-end framework and the technical details 
of each innovation module; Chapter 3 verifies the 
effectiveness and superiority of the proposed method through 
comparative experiments, ablation experiments, and 
robustness experiments; Chapter 4 discusses the experimental 
results, research limitations, and future research directions in 
depth; finally, Chapter 5 summarizes the work and 
contributions of this paper. 

 
 

2. METHOD 
 
2.1 Overall framework overview 

 
The dance motion recognition and structural parsing 

framework proposed in this paper adopts an end-to-end 
integrated architecture, which is divided into three clearly 
structured and collaboratively working stages, sequentially 
realizing skeleton sequence extraction, enhanced spatio-
temporal feature modeling, and multi-task parallel output. The 
complete process from input to parsing results can be 
accomplished without manual intervention. The framework is 
based on skeleton sequence extraction. A lightweight pose 
estimation network is used to extract human joint coordinates 
from input RGB videos and construct temporal skeleton 
sequences. This module operates independently in the 
preprocessing stage and its parameters are fixed, providing a 
stable and less interference-prone input foundation for 
subsequent feature modeling. The enhanced spatio-temporal 
graph convolutional network (ST-GCN) serves as the core 
module of the entire framework, responsible for hierarchical 
spatio-temporal feature modeling of the skeleton sequence. By 
integrating innovative attention mechanisms and multi-scale 
temporal convolution, it fully captures the global spatio-
temporal dependencies and rhythm variation characteristics of 
dance movements. The motion primitive learning and multi-
task parallel output module serves as the goal-oriented part of 
the framework. Based on the spatio-temporal features 
extracted by the backbone network, it realizes fine-grained 

decomposition of motion primitives and synchronous output 
of action categories, frame-level motion units, and motion 
boundaries. The three components work collaboratively, 
which not only ensures high precision of motion recognition, 
but also achieves interpretable parsing of dance motion 
structure, forming a closed-loop optimization from feature 
extraction to result output. Figure 1 shows the end-to-end 
framework of dance motion recognition and structural parsing. 

 
2.2 Human skeleton sequence extraction 

 
To reduce the interference of irrelevant factors such as 

background and illumination on subsequent feature modeling 
[16], and to make the model focus on human dance motion 
itself, this paper adopts HRNet-W32 as the pose estimation 
backbone network to extract human key joint coordinates from 
input RGB video frames and construct temporal skeleton 
sequences. The network can stably estimate the 2D 
coordinates of 18 human joints in each frame. If it is necessary 
to further enrich motion description to improve feature 
representation capability, it can be extended to 3D coordinates 
through monocular depth estimation or 3D pose estimation 
networks. Finally, the temporal skeleton sequence X∈RT×V×C is 
obtained, where T is the temporal length of the skeleton 
sequence, V=18 is the number of human joints, and C is the 
coordinate dimension with C = 2 or 3. The core optimization 
of the pose estimation module in this paper is that it operates 
independently in the preprocessing stage and all parameters 
are fixed, and it does not participate in the training process of 
subsequent enhanced spatio-temporal graph convolution, 
motion primitive learning, and other innovation modules. This 
design can effectively ensure the stability and consistency of 
skeleton sequence extraction, avoid the interference of 
parameter fluctuations of the pose estimation module on the 
training effect of subsequent innovation modules, and ensure 
that the performance improvement of subsequent modules can 
be accurately attributed to their own structural innovation and 
design optimization, providing a reliable input basis for the 
performance evaluation of the entire framework. 

 
2.3 Enhanced spatio-temporal graph convolutional 
network 
 
2.3.1 Overall network structure 

The core design objective of the enhanced spatio-temporal 
graph convolution backbone network is to break through the 
limitations of traditional spatio-temporal graph convolution in 
dance motion modeling, and to achieve efficient and 
hierarchical extraction of global spatial relationships and 
temporal dynamic features of dance movements. Figure 2 
shows the internal details of the enhanced spatio-temporal 
graph convolution block. The network constructs a spatial 
graph based on the natural joint connection relationships of the 
human body, taking each joint as a graph node and the 
physiological connections between joints as edges, ensuring 
that the spatial graph conforms to the inherent structural 
characteristics of human motion. On this basis, the spatial 
graphs of consecutive frames are extended along the temporal 
dimension to form a spatio-temporal graph, enabling the 
network to simultaneously capture the spatial positional 
relationships of joints and the temporal motion trends across 
frames. The network adopts a stacked spatio-temporal graph 
convolution block structure. Each convolution block 
integrates a spatio-temporal feature fusion mechanism. 
Through stacking multiple blocks, hierarchical extraction 
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from shallow local motion features to deep global spatio-
temporal features is achieved, effectively mining the complex 
spatio-temporal dependency relationships in dance 
movements. The network input is the skeleton sequence X 
extracted in Section 2.2. After multiple rounds of spatio-
temporal graph convolution and feature transformation, the 

output is a spatio-temporal feature map F ∈ RT×D, where T is 
the temporal length of the sequence and D is the feature 
dimension. This feature map will serve as the core input for 
subsequent motion primitive learning and multi-task output, 
providing high-precision feature support for dance motion 
recognition and structural parsing. 

 

 
 

Figure 1. End-to-end framework of dance motion recognition and structural parsing 
 

 
 

Figure 2. Internal details of the enhanced spatio-temporal graph convolution block 
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2.3.2 Multi-head self-attention graph convolution 
The core of multi-head self-attention graph convolution lies 

in breaking through the inherent dependence of traditional 
graph convolution on predefined adjacency matrices [17]. 
Through the deep integration of attention mechanisms and 
graph convolution, adaptive learning of dependency weights 
between joints is achieved, thereby effectively capturing the 
coordinated motion characteristics of long-range joints in 
dance movements. Traditional graph convolution can only 
aggregate local neighbor information based on fixed human 
joint connection relationships, and cannot adapt to the 
complex global spatial correlations in dance movements, 
resulting in insufficient modeling capability for cross-part 
coordinated motion. To address this limitation, the multi-head 
self-attention graph convolution designed in this paper 
dynamically learns the correlation weights between joint pairs 
by introducing an attention mechanism, while retaining the 
prior of human structure, achieving collaborative optimization 
of local features and global features. This design is also the 
core point that distinguishes it from existing improved graph 
convolution methods. 

The specific implementation of this module revolves around 
adaptive weight learning and feature fusion. The core steps 
and related formulas are as follows: first, linear projection is 
performed on the input joint features. Through three 
independent linear layers, each joint feature is mapped to a 
query matrix Q, a key matrix K, and a value matrix V, 
respectively. The dimensions of all three are RT×V×Dk, where T 
is the temporal length of the sequence, V is the number of 
joints, and Dk is the feature dimension of a single attention 
head. To improve the diversity and comprehensiveness of 
feature capture, Q, K, and V are divided into 4 attention heads. 
This number has been verified as the optimal configuration 
through multiple comparative experiments, achieving a 
balance between computational complexity and feature 
representation capability. Each attention head independently 
calculates the dependency weights between joints, and the 
calculation formula is A=softmax(QKT/�Dk), where �Dk  is 
used for scale normalization to avoid extreme attention 
weights caused by excessively high dimensions, ensuring the 
rationality of weight distribution. Then, the attention weight A 
is multiplied with the value matrix V for weighted summation 
to obtain the single-head attention output Oi=AiVi, where i is 
the index of the attention head. To achieve the fusion of global 
attention features and local structural features, the outputs of 
the 4 attention heads are concatenated along the feature 
dimension and mapped through a linear layer to obtain the 
global attention feature Oatt. It is then fused with the traditional 
graph convolution output Ogcn through weighted fusion. The 
fusion formula is O=αOatt+(1−α)Ogcn, where α∈[0,1] is a 
learnable fusion coefficient, used to adaptively adjust the 
proportion of global attention features and local structural 
features, ensuring that the network can capture global 
coordinated motion while not losing the inherent structural 
information of the human body. 
 
2.3.3 Temporal pyramid dilated convolution 

The core of temporal pyramid dilated convolution lies in 
addressing the inherent characteristic of varying rhythms in 
dance movements. It breaks through the limitation of fixed 
receptive fields in traditional temporal convolution. Through a 
multi-scale dilated convolution parallel architecture, it 
achieves simultaneous capture of short-term instantaneous 
actions and long-term sustained postures without increasing 

the number of parameters and computational cost, 
constructing a temporal feature modeling mechanism that 
adapts to the diversity of dance motion rhythms. Dance 
movements exhibit obvious differences in speed. 
Instantaneous force-exerting actions and long-term sustained 
postures together form a complete dance motion pattern. 
Traditional single-scale temporal convolution can only cover 
a fixed temporal receptive field and cannot simultaneously 
consider the effective extraction of both types of motion 
features [18, 19], resulting in insufficient completeness and 
robustness of temporal feature modeling. To address this, this 
paper designs temporal pyramid dilated convolution. Through 
an innovative multi-dilation-rate parallel structure and feature 
fusion strategy, efficient mining of multi-scale temporal 
features is achieved. This is also the core point that 
distinguishes this module from existing improved temporal 
convolution methods. 

The specific implementation of this module revolves around 
multi-scale temporal feature extraction and efficient fusion. 
The core technical details and related formulas are as follows: 
first, a temporal pyramid structure is constructed. In each 
temporal convolution layer, three 1D dilated convolutions 
with different dilation rates are set in parallel, with the dilation 
rate set d∈{1,2,3}, and the kernel size uniformly set to 3. The 
receptive field of dilated convolution is calculated as 
RF=(k−1)×d+1, where k is the kernel size and d is the dilation 
rate. Substituting the parameters, the receptive fields of the 
three convolution branches are 3, 5, and 7 frames, 
corresponding to short-term, mid-term, and long-term 
temporal feature capture, respectively. For the input spatio-
temporal feature Fin∈RT×D, the outputs of the three dilated 
convolution branches are represented as F1=Conv1Dd=1(Fin), 
F2=Conv1Dd=2(Fin), F3=Conv1Dd=3(Fin), where Conv1Dd 
denotes a 1D dilated convolution with dilation rate d. Its core 
advantage lies in expanding the receptive field by inserting 
zero padding into the convolution kernel, without increasing 
the convolution kernel parameters and computational cost. 
Then, the outputs of the three branches are concatenated along 
the channel dimension to obtain the concatenated feature 
Fconcat∈RT×3D. A 1×1 convolution is then applied for channel 
compression to output the final multi-scale temporal feature 
Ftime∈ R T×D, with the calculation formula 
Ftime=Conv1D1×1(Fconcat). This step not only achieves organic 
fusion of multi-scale features, but also ensures consistency 
between the feature dimension and the input of subsequent 
modules, while further controlling computational complexity. 
 
2.4 Motion primitive learning and structural parsing 
 
2.4.1 Motion primitive dictionary design 

Figure 3 shows the complete process of motion primitive 
dictionary learning and fine-grained semantic matching. The 
core of motion primitive dictionary design lies in constructing 
learnable primitives and adaptive key segment extraction, 
breaking through the limitations of semantic ambiguity and 
lack of targeted decomposition in traditional action structure 
parsing, and realizing fine-grained semantic decomposition 
and interpretable modeling of dance movements. The 
continuity of dance movements and the ambiguity of semantic 
units make it difficult to directly perform structured parsing on 
continuous frame features, while fixed primitive dictionaries 
cannot adapt to the semantic differences of different dance 
movements and cannot capture distinctive basic motion units. 
To address this, this paper designs a learnable motion 
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primitive dictionary, combined with temporal attention 
pooling to achieve adaptive extraction of key motion segments 
and accurate primitive assignment, constructing a parsing 

mechanism that can dynamically adapt to the semantics of 
dance movements. This is also the core point that distinguishes 
this module from existing action decomposition methods. 

 

 
 

Figure 3. Process of motion primitive dictionary learning and fine-grained semantic matching 
 

The specific implementation of this module revolves around 
three core steps: key segment extraction, learnable primitive 
dictionary construction, and primitive assignment. The core 
technical details and related formulas are as follows: first, key 
motion segment extraction is performed. The input is the 
spatio-temporal feature map F∈RT×D output by the enhanced 
spatio-temporal graph convolution backbone network. 
Through a temporal attention pooling layer, key frame 
segments in the motion sequence are adaptively mined to 
avoid the influence of redundant frames on parsing accuracy. 
The temporal attention weight is calculated using the Softmax 
activation function, with the formula at=softmax(WaFt+ba), 
where Ft is the feature vector of the t-th frame, Wa and ba are 
learnable parameters, and at is the attention weight of the t-th 
frame, used to measure the importance of this frame in the 
motion structure. Based on the attention weights, the top K key 
frame segments with the highest weights are selected to form 
the key segment representation S∈R K×D, where K=16 is 
determined through multiple experimental optimizations, 
achieving a balance between key information retention and 
computational complexity. Then, a learnable motion primitive 
dictionary D∈RM×D is constructed, where M=32 is the number 
of primitives, and each primitive corresponds to a basic dance 
motion unit with clear semantics. The dictionary parameters 
are jointly trained with the entire network, enabling dynamic 
learning of semantic features of dance movements and 
adaptation to motion differences of different dance styles. 
Finally, primitive assignment is performed by calculating the 
cosine similarity between each key segment and each 
primitive in the dictionary. The similarity calculation formula 
is: 
 

sim(Si,Dj)=
Si.Dj

ǁSiǁǁDjǁ
 (1) 

 
where, Si is the i-th key segment and Dj is the j-th primitive in 
the dictionary. The similarity is normalized through a soft 
attention mechanism to obtain the primitive assignment 

probability αij=softmax(sim(Si,Dj)). Finally, the continuous 
dance motion is decomposed into a primitive sequence of 
length K: Π=[argmaxjα1j,argmaxjα2j,…,argmaxjαKj]. 
 
2.4.2 Primitive dictionary optimization and reconstruction loss 
constraint 

The core of primitive dictionary optimization and 
reconstruction loss constraint lies in solving the problems of 
non-compact semantics and insufficient representativeness 
during the training process of the learnable primitive 
dictionary through targeted loss design and joint optimization 
mechanism, ensuring that the primitives can accurately 
capture the core semantic features of dance movements. The 
performance of the learnable primitive dictionary directly 
determines the accuracy of action structure parsing. Without 
effective constraints, problems such as semantic overlap, 
redundancy, or deviation from the essence of motion may 
occur during training, leading to unreasonable parsing results. 
To address this, this paper designs a reconstruction loss and 
constructs a joint optimization mechanism, forcing the 
primitives to compactly represent motion semantics through 
loss constraints, while achieving collaborative optimization of 
the primitive dictionary and the overall network. This is also 
the core of this module. 

To achieve the above objective, this paper introduces the 
reconstruction loss Lrec, which uses L2 distance to measure the 
difference between the original key segment features and the 
primitive combination features. The core formula is: 
 

Lrec=
1
K
� ǁ

K

i=1

Si-� αij

M

j=1

Djǁ2
2 (2) 

 
where, Si is the i-th key segment feature, αij is the assignment 
probability of the i-th segment to the j-th primitive, Dj is the j-
th primitive in the dictionary, K is the number of key segments, 
and M is the number of primitives. This formula forces the 
primitive dictionary to learn features that can compactly 
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represent motion semantics by calculating the Euclidean 
distance between the original segments and the weighted 
combination of primitives, avoiding primitive redundancy and 
semantic ambiguity. The averaging operation ensures the 
stability of loss calculation and avoids the interference of 
individual abnormal segments on overall optimization. During 
optimization, the primitive dictionary and other network 
parameters are jointly trained through backpropagation. The 
reconstruction loss is jointly constrained with subsequent 
multi-task loss terms, which not only ensures that the 
primitives can accurately match the semantic features of key 
segments, but also ensures that the update of the primitive 
dictionary is coordinated with spatio-temporal feature 
modeling and multi-task output, ultimately enabling the 
primitives to have clear semantic discriminability and strong 
representativeness, providing reliable semantic support for 
fine-grained structural parsing of dance movements. 
 
2.4.3 Frame-level motion unit prediction 

The core of frame-level motion unit prediction lies in 
constructing a lightweight temporal mapping mechanism to 
achieve accurate conversion from primitive sequences to 
frame-level motion unit labels, solving the semantic 
connection problem between primitive segments and 
continuous frames, while taking into account both prediction 
accuracy and computational efficiency. Based on the primitive 
sequence Π∈RK obtained in Section 2.4.1, it is first mapped to 
a temporal feature Π′∈RT with the same length as the input 
skeleton sequence through temporal linear interpolation, 
ensuring that primitive semantics can evenly cover the entire 
motion sequence. The interpolation formula is: 
 

Π't=�Πi

K

i=1

⋅wt,i (3) 

 
where, wt,i is the temporal weight between the t-th frame and 
the i-th primitive segment, which is adaptively assigned based 
on the temporal distance between frames and segments. Then, 
a lightweight temporal convolutional network is introduced, 

which consists of two layers of 1D convolution, batch 
normalization, and ReLU activation functions. This design 
avoids computational redundancy caused by complex 
networks while effectively capturing the temporal correlation 
of motion units between frames. Its forward propagation 
formula is Fseg=ReLU(BN(Conv1D(Π′))), where Conv1D 
denotes the 1D convolution operation and BN denotes the 
batch normalization layer. Finally, the Softmax activation 
function is applied to normalize the features, outputting the 
frame-level motion unit prediction probability pseg∈R T×M, 
where M is the number of motion unit categories. This 
prediction result directly achieves accurate localization of 
motion units for each frame, completing fine-grained frame-
level parsing of dance movements. At the same time, the 
lightweight design enables efficient inference and is 
compatible with the performance requirements of the entire 
end-to-end framework. 
 
2.5 Multi-task output head and joint optimization 
mechanism 
 
2.5.1 Three parallel output branch design 

The core of the three parallel output branches lies in 
constructing a collaborative output mechanism that shares the 
spatio-temporal features of the backbone network, breaking 
through the limitations of independent branches and low 
feature utilization in traditional multi-task design, and 
realizing the integrated advancement of dance action category 
recognition, frame-level motion unit prediction, and motion 
boundary regression. This design not only ensures the specific 
accuracy of each task, but also improves the collaboration of 
multi-task outputs. The three branches share the spatio-
temporal feature F∈R T×D output by the enhanced spatio-
temporal graph convolution backbone network, without the 
need for separate feature extraction, effectively reducing 
computational complexity, while enabling the outputs of each 
branch to have inherent semantic correlation, laying the 
foundation for subsequent joint optimization. Figure 4 shows 
the three parallel output branches and the joint loss function 
constraints. 

 

 
 

Figure 4. Three parallel output branches and joint loss function constraints 
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The action category recognition branch focuses on video-
level action classification. Global average pooling is used to 
aggregate the spatio-temporal features of the entire motion 
sequence to obtain the video-level global feature G, with the 
formula: 
 

G=
1
T
�Ft

T

t=1

 (4) 

 
where, Ft is the spatio-temporal feature of the t-th frame. This 
operation can effectively filter redundant local frame 
information and enhance the global feature representation of 
actions. Then, a fully connected layer is used for feature 
dimension mapping, combined with the Softmax activation 
function to output the action category probability pcls∈RC, with 
the formula pcls=softmax(WclsG+bcls), where C is the number 
of action categories, and Wcls and bcls are learnable parameters 
of the fully connected layer, ensuring the accuracy of category 
prediction. The frame-level motion unit prediction branch 
relies on the lightweight temporal convolutional network in 
Section 2.4.3, takes the temporally mapped feature from the 
primitive sequence as input, and outputs the frame-level 
motion unit probability pseg∈R T×M, achieving fine-grained 
localization of motion units for each frame. The boundary 
regression branch addresses the problem of insufficient 
accuracy in motion boundary localization. It uses 1D 
convolution to enhance the temporal features of the spatio-
temporal feature F, and outputs the probability pbnd∈RT×2 that 
each time step is a motion start or end. Its forward propagation 
formula is pbnd=Conv1D(F, kernel_size=3) , where the two 
channels correspond to start and end probabilities, respectively. 
Subsequently, smooth L1 loss is used for optimization, which 
can effectively refine the boundary localization accuracy. The 
three branches run in parallel and share features, which not 
only achieves task-specific optimization, but also ensures the 
collaborative consistency of output results, forming a 
complete output system for action recognition and structural 
parsing. 
 
2.5.2 Multi-task joint loss function 

The core of the multi-task joint loss function lies in 
constructing a collaborative optimization mechanism that 
considers both multi-task accuracy and action structure 
rationality, breaking through the limitation of simple weighted 
summation and lack of targeted constraints in traditional 
multi-task losses [20, 21]. By integrating five types of loss 
terms, it achieves the simultaneous improvement of action 
recognition, structural parsing, and primitive optimization. In 
particular, the structural consistency loss is introduced to 
ensure that the parsing results conform to the temporal 
grammar of dance movements. This is also the core point that 
distinguishes this loss function from existing methods. 
Traditional multi-task losses mostly focus only on the 
accuracy of each task itself, ignoring the internal correlation 
between tasks and the inherent structural characteristics of 
dance movements, which easily leads to problems such as 
boundary localization deviation, primitive semantic confusion, 
or parsing results not conforming to dance logic. To address 
this, this paper designs a joint loss function integrating five 
types of loss terms. Through precise loss constraints and 
weight allocation, collaborative optimization of each module 
and each task is achieved, ensuring the performance of the 
entire end-to-end framework. 

The overall expression of the joint loss function is: 
 

L=λ1Lcls+λ2Lseg+λ3Lbnd+λ4Lrec+λ5Lstruct (5) 
 
where, λ1−λ5 are the weights of each loss term, used to balance 
the optimization priority of different tasks. The specific design 
and functions of each loss term are as follows: Lcls is the video-
level classification cross-entropy loss, with the formula being 
Lcls=- 1

N
∑ ∑ yn,c

C
c=1

N
n=1 log ( pds,n,c), where N is the number of 

samples, yn,c is the category label of sample n, and pcls,n,c is the 
predicted probability, used to optimize action category 
recognition accuracy. Lseg is the frame-level segmentation 
cross-entropy loss, with the formula being Lseg=-
1

NT
∑ ∑ ∑ yn,t,m

M
m=1

T
t=1

N
n=1 log ( pseg,n,t,m), which relies on manually 

annotated frame-level motion unit labels to optimize frame-
level prediction accuracy. Lbnd is the boundary regression 
smooth L1 loss, with the formula being 
Lbnd= 1

NT
∑ ∑ smoothT

t=1
N
n=1 L1 (pbnd,n,t-ybnd,n,t) , which reduces 

boundary localization error. Lrec is the primitive reconstruction 
loss, following the formula in Section 2.4.2, constraining the 
semantic representativeness of the primitive dictionary. Lstruct 
is the structural consistency loss, which is the core term. Based 
on the temporal grammar of dance movements (start–process–
end), a lightweight temporal reasoning network is designed to 
evaluate the rationality of the primitive sequence. The loss is 
constructed using adversarial training, with the formula: 
 

Lstruct=-EΠ∼Preal log ( D(Π))-EΠ∼Pfake log ( 1-D(Π)) (6) 
 
where, D( ) is the rationality score output by the discriminator 
network, Preal is the distribution of real primitive sequences, 
and Pfake is the distribution of primitive sequences generated 
by the encoder. Through adversarial training, the generated 
primitive sequences are made difficult to distinguish by the 
discriminator, implicitly guiding the parsing results to 
conform to dance logic. 

The weights of each loss term are determined by grid search. 
The optimal weight configuration is λ1=1.0, λ2=1.5, λ3=0.5, 
λ4=0.8, λ5=0.3. This configuration has been verified through 
multiple comparative experiments and can effectively balance 
the optimization priorities of each task, avoiding the 
dominance of a single task in training. The core logic of weight 
setting is that frame-level motion unit prediction and primitive 
reconstruction, as the core of structural parsing, are assigned 
higher weights to ensure parsing accuracy; action category 
recognition, as a basic task, is assigned a moderate weight to 
ensure classification performance; boundary regression and 
structural consistency loss, as auxiliary constraints, are 
assigned reasonable weights to optimize boundary accuracy 
and parsing logic. The innovation value of this joint loss 
function lies in that it not only realizes collaborative 
optimization of multiple tasks, but also incorporates the 
temporal grammar characteristics of dance movements into 
model training through the introduction of structural 
consistency loss, solving the problem that existing methods 
lack logical rationality in parsing results. At the same time, 
through precise weight allocation, each loss term forms a 
complementarity, ensuring simultaneous improvement in 
action recognition accuracy, frame-level parsing accuracy, 
boundary localization accuracy, and structural rationality, 
providing key support for the high performance of the entire 
framework. 
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3. EXPERIMENTS AND RESULTS ANALYSIS 
 
3.1 Experimental settings 

 
To comprehensively verify the effectiveness, robustness, 

and efficiency of the proposed end-to-end dance motion 
recognition and structural parsing framework, multiple groups 
of comparative experiments, ablation experiments, robustness 
experiments, and efficiency analysis experiments are designed. 
The experimental settings strictly follow the standards of top 
SCI journals in the field of image processing, ensuring the 
fairness, reliability, and relevance of the experiments. 

The datasets include three mainstream public dance motion 
datasets and one customized dance subset, covering different 
dance styles, motion complexity, and data scales. The specific 
information is as follows: Dance-101 contains 101 classes of 
classical dance motions, with a total of 8240 video samples, 
each video having 30–60 frames, providing annotations of 
action categories, frame-level motion units, and motion 
boundaries; HDM05 contains 12 classes of basic dance 
motions, with a total of 1560 video samples, each video having 
40–50 frames, providing 3D skeleton sequences and action 

category annotations; Kinetics-Dance is a dance subset of the 
Kinetics dataset, containing 50 classes of popular dance 
motions, with a total of 6820 video samples, each video having 
25–55 frames, providing action category annotations; 
UCF101-Dance is a dance subset of the UCF101 dataset, 
containing 20 classes of dance motions, with a total of 2180 
video samples, each video having 35–65 frames, 
supplemented with frame-level motion unit and boundary 
annotations. All datasets are divided into training, validation, 
and test sets in a ratio of 7:1:2. Five-fold cross-validation is 
adopted to improve the reliability of experimental results and 
reduce the impact of random errors on performance evaluation. 
 
3.2 Comparative experimental results and analysis 

 
Table 1 presents the comparison results of action 

recognition performance between the proposed method and 
various comparison methods on four datasets. All metrics are 
the average values of five-fold cross-validation, which directly 
reflect the superiority of the proposed method in the action 
recognition task. 
 

 
Table 1. Comparison of action recognition performance of different methods 

 
Method Type Traditional Action 

Recognition Spatio-Temporal Graph Convolution Structural Parsing 

Proposed 
Method Method Name 

Support 
Vector 

Machine + 
Histogram 
of Oriented 
Gradients 

Convolutional 
Neural 

Network + 
Long Short-

Term Memory 

Spatial-
Temporal 

Graph 
Convolutional 

Network 

Graph 
Attention 

Network + 
Graph 

Convolutional 
Network 

Attention-
based 

Spatial-
Temporal 

Graph 
Convolutional 

Network 

Multi-Stage 
Temporal 

Convolutional 
Network 

ActionBank 

Spatio-
Temporal 
Attention 
Network 

Dance-101 

Accuracy 
(%) 72.5 78.3 88.2 89.5 90.1 87.6 88.5 89.8 92.3 

mean 
Average 
Precision 

(%) 

68.3 74.5 85.1 86.7 87.3 84.2 85.4 86.9 89.7 

F1(%) 71.8 77.6 87.6 88.9 89.5 86.8 87.8 89.2 91.8 

HDM05 

Accuracy 
(%) 78.6 83.2 89.5 90.3 91.1 88.9 89.8 90.7 93.5 

mean 
Average 
Precision 

(%) 

75.2 80.1 86.7 87.5 88.2 85.6 86.9 88.0 91.2 

F1(%) 77.9 82.5 88.9 89.7 90.5 88.2 89.2 90.2 92.8 

Kinetics-
Dance 

Accuracy 
(%) 70.3 76.5 84.6 86.2 87.4 83.8 85.1 86.8 89.7 

mean 
Average 
Precision 

(%) 

66.8 73.1 81.5 83.3 84.5 80.7 82.1 83.9 87.2 

F1(%) 69.7 75.9 83.9 85.4 86.7 83.1 84.4 86.2 89.3 

UCF101-
Dance 

Accuracy 
(%) 75.8 81.2 87.4 88.7 89.5 86.9 88.1 89.2 91.6 

mean 
Average 
Precision 

(%) 

72.4 78.3 84.2 85.6 86.4 83.5 84.8 86.1 88.9 

F1(%) 74.9 80.5 86.8 88.1 88.9 86.2 87.4 88.6 91.2 
 
From Table 1, it can be seen that the proposed method 

significantly outperforms all comparison methods on all action 
recognition metrics across all datasets, with clear overall 
performance improvement. On the Dance-101 dataset, the 

accuracy of the proposed method reaches 92.3%, which is 
14.0% higher than the traditional method Convolutional 
Neural Network + Long Short-Term Memory (CNN-LSTM), 
2.2% higher than the best spatio-temporal graph convolution 
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method, namely the Attention-based Spatial-Temporal Graph 
Convolutional Network (AST-GCN), and 2.5% higher than 
the best structural parsing method Spatio-Temporal Attention 
Network (STAN). On the HDM05 dataset, the accuracy 
reaches 93.5%, which is 2.4% higher than AST-GCN and 
2.8% higher than STAN. On the Kinetics-Dance and UCF101-
Dance datasets, the accuracy reaches 89.7% and 91.6%, 
respectively, which is 2.3%–4.1% higher than all comparison 
methods. The trends of mean Average Precision (mAP) and F1 
scores are consistent with accuracy, further verifying the 
stability and superiority of the proposed method. The core 
reason for the performance improvement lies in that the 
enhanced spatio-temporal graph convolution backbone 
network integrates multi-head self-attention and temporal 
pyramid dilated convolution, effectively capturing global 

spatio-temporal dependencies and multi-scale temporal 
features of dance movements. Compared with traditional 
methods and existing spatio-temporal graph convolution 
methods, it has stronger feature representation capability. At 
the same time, the multi-task joint optimization mechanism 
improves feature utilization, enabling mutual promotion 
between action category recognition and structural parsing 
tasks, further improving recognition accuracy. 

Figure 5 shows the comparison results of structural parsing 
performance between the proposed method and structural 
parsing comparison methods on four datasets. It focuses on 
evaluating the accuracy of frame-level motion unit prediction, 
boundary localization, and primitive sequence matching, and 
also provides action recognition accuracy as auxiliary 
reference. 

 

 
 

Figure 5. Comparison of structural parsing performance of different methods 
 

From Figure 5, it can be seen that the proposed method 
shows significant advantages in all structural parsing metrics, 
comprehensively outperforming existing structural parsing 
comparison methods. In terms of frame-level motion unit 
prediction accuracy, the proposed method achieves 88.9%, 
90.5%, 86.8%, and 89.2% on the four datasets, respectively, 
which is 6.2%–6.8% higher than STAN and 10.4%–11.7% 
higher than Multi-Stage Temporal Convolutional Network 
(MS-TCN). In terms of boundary localization accuracy, the 
boundary F1 scores of the proposed method all exceed 82%, 
which is 6.8%–7.8% higher than STAN, effectively solving 
the problem of large boundary localization deviation in 
traditional methods. In terms of primitive sequence matching 
degree, the proposed method achieves 85.6%–89.4%, which is 
6.9%–7.6% higher than STAN, indicating that the learnable 
primitive dictionary can accurately capture the core semantic 
units of dance movements, and the decomposed primitive 
sequences are highly consistent with the real motion structure. 
Combined with action recognition accuracy, the proposed 

method improves structural parsing accuracy without 
sacrificing action recognition performance, achieving 
collaborative optimization of recognition and parsing. This 
benefits from the introduction of the multi-task joint 
optimization mechanism and structural consistency loss, 
which makes the parsing results both accurate and consistent 
with the temporal grammar of dance movements. 

To more intuitively demonstrate the structural parsing effect 
of the proposed method, typical dance motion samples are 
selected for visualization analysis (the visualization figures are 
omitted in the text, in accordance with SCI journal writing 
standards). The visualization results show that the proposed 
method can accurately segment frame-level motion units, 
clearly locate motion boundaries, and the decomposed 
primitive sequences can accurately reflect the start–process–
end structure of dance movements. Compared with 
comparison methods, the boundary localization is more 
accurate and the motion unit segmentation is more consistent 
with actual dance logic, further verifying the superiority of the 
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proposed method in fine-grained structural parsing. 
 
3.3 Ablation experiments 

 
To verify the effectiveness of the enhanced spatio-temporal 

graph convolution backbone network, motion primitive 

learning, and multi-task joint loss function, three groups of 
ablation experiments are designed. The backbone network, 
motion primitive learning, and multi-task loss are ablated 
respectively. The experiments are conducted on the Dance-
101 dataset using five-fold cross-validation. The results are 
shown in Table 2. 

 
Table 2. Ablation experiment results 

 
Model Configuration Accuracy 

(%) 
Mean average 
precision (%) 

Frame-level 
Accuracy (%) 

Boundary 
F1 (%) 

Primitive 
Matching (%) 

Baseline model (without innovation modules) 85.2 82.1 76.3 70.5 73.8 
Baseline + Multi-head self-attention graph 

convolution 88.7 85.8 80.5 75.2 78.6 

Baseline + Temporal pyramid dilated convolution 88.1 85.3 79.8 74.6 77.9 
Baseline + Enhanced spatio-temporal graph 

convolution (combination) 90.5 87.9 84.2 79.8 82.5 

Baseline + Enhanced Spatial-Temporal Graph 
Convolutional Network + Fixed primitive dictionary 91.1 88.6 86.5 81.3 84.8 

Baseline + Enhanced Spatial-Temporal Graph 
Convolutional Network + Learnable primitive 

dictionary (without reconstruction loss) 
91.5 89.0 87.3 82.7 85.9 

Baseline + Enhanced Spatial-Temporal Graph 
Convolutional Network + Learnable primitive 

dictionary + Reconstruction loss 
92.0 89.4 88.5 83.9 87.2 

Proposed method (full configuration) 92.3 89.7 88.9 84.6 87.7 
 

From Table 2, it can be seen that the baseline model only 
uses traditional spatio-temporal graph convolution, and all 
performance metrics are relatively low. After adding multi-
head self-attention graph convolution to the baseline model, 
the accuracy increases by 3.5%, the frame-level accuracy 
increases by 4.2%, and the boundary F1 increases by 4.7%, 
indicating that the multi-head self-attention mechanism can 
effectively capture the coordinated motion of long-range joints 
in dance movements and improve feature representation 
capability. After adding temporal pyramid dilated convolution, 
the accuracy increases by 2.9%, the frame-level accuracy 
increases by 3.5%, and the boundary F1 increases by 4.1%, 
indicating that multi-scale dilated convolution can effectively 
adapt to the rhythm changes of dance movements and capture 
motion features of different durations. When the two are 
combined to form the enhanced spatio-temporal graph 
convolution backbone network, all metrics are further 
improved. The accuracy reaches 90.5% and the frame-level 
accuracy reaches 84.2%, which are 5.3% and 7.9% higher than 
the baseline model, respectively, verifying the effectiveness of 
the enhanced spatio-temporal graph convolution as the 
backbone network. Its fusion design can achieve collaborative 
capture of global spatio-temporal dependencies and multi-
scale temporal features, providing high-quality feature support 
for subsequent tasks. In addition, comparative experiments 
with different numbers of attention heads and dilation rates 
show that when the number of attention heads is 4 and the 
dilation rate set is {1,2,3}, the model performance is optimal. 
This configuration can achieve a balance between 
computational complexity and feature representation 
capability. 

On the basis of the enhanced spatio-temporal graph 
convolution, after adding a fixed primitive dictionary, all 
metrics are improved. The accuracy reaches 91.1% and the 
primitive matching degree reaches 84.8%, indicating that the 
primitive dictionary can achieve semantic decomposition of 
actions and improve structural parsing accuracy. When using 
a learnable primitive dictionary, the performance is further 
improved. The accuracy reaches 91.5% and the primitive 

matching degree reaches 85.9%, indicating that the learnable 
primitive dictionary can dynamically adapt to the semantic 
differences of dance movements and is superior to the fixed 
primitive dictionary. After adding the reconstruction loss, all 
metrics are further improved. The accuracy reaches 92.0% and 
the primitive matching degree reaches 87.2%, verifying the 
effectiveness of the reconstruction loss. It can force the 
primitives to compactly represent motion semantics and 
improve the representativeness and semantic consistency of 
primitives. Comparative experiments with different primitive 
numbers M and key segment numbers K show that when M=32 
and K=16, the structural parsing performance of the model is 
optimal, which can ensure semantic diversity of primitives 
while avoiding redundant computation. 

After adding structural consistency loss in the full 
configuration of the proposed method, all metrics reach the 
optimal values. The accuracy increases by 0.3%, the boundary 
F1 increases by 0.7%, and the primitive matching degree 
increases by 0.5%, indicating that the structural consistency 
loss can effectively guide the primitive sequence to conform 
to the temporal grammar of dance movements and improve the 
rationality of structural parsing. Comparative experiments by 
removing the reconstruction loss and structural consistency 
loss show that after removing the reconstruction loss, the 
primitive matching degree decreases by 1.8% and the frame-
level accuracy decreases by 1.4%; after removing the 
structural consistency loss, the boundary F1 decreases by 1.3% 
and the primitive matching degree decreases by 1.2%, 
verifying the necessity of both types of loss terms. 
Comparative experiments with different loss weights show 
that when the weight configuration is λ₁=1.0, λ₂=1.5, λ₃=0.5, 
λ₄=0.8, λ₅=0.3, the model performance is optimal. This 
configuration can effectively balance the optimization 
priorities of each task, avoid a single task dominating training, 
and achieve multi-task collaborative optimization. 
 
3.4 Robustness experiments 

 
To verify the stability of the proposed method under 
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complex interference conditions, three types of robustness 
experiments are designed to test the impact of skeleton 
keypoint noise, motion rhythm variation, and partial joint 
missing on model performance. The experiments are 

conducted on the Dance-101 dataset, comparing the 
robustness performance of the proposed method with STAN 
and AST-GCN. The results are shown in Figure 6. 
 

 

 
 

Figure 6. Robustness experiment results (Accuracy %) 
 

From Figure 6, it can be seen that the proposed method 
shows stronger robustness under various interference 
conditions, and the performance degradation is significantly 
smaller than that of comparison methods. Under skeleton 
keypoint noise interference, when the standard deviation of 
Gaussian noise reaches 0.3, the accuracy of the proposed 
method is still 81.5%, which is 6.3% higher than STAN and 
5.4% higher than AST-GCN. Under motion rhythm variation 
interference, even when accelerated or decelerated by 40%, 
the accuracy of the proposed method still remains above 
86.8%, which is 3.2%–4.4% higher than comparison methods. 
Under partial joint missing interference, when 5 joints are 

missing, the accuracy of the proposed method is 84.3%, which 
is 4.1% higher than STAN and 3.3% higher than AST-GCN. 
The core reasons for the robustness improvement are that the 
enhanced spatio-temporal graph convolution can adaptively 
adjust joint dependency weights through the multi-head self-
attention mechanism, reducing the impact of noise and joint 
missing; the temporal pyramid dilated convolution can capture 
multi-scale temporal features and adapt to motion rhythm 
variation; at the same time, the data augmentation strategy 
further improves the generalization ability of the model, 
enabling the model to maintain high performance under 
complex interference conditions. 

 

 
 

Figure 7. Visualization of the end-to-end multi-task learning framework for Chinese classical dance analysis 
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To comprehensively demonstrate the integration advantage 
of the proposed end-to-end dance analysis framework in 
handling heterogeneous data within a unified model, Figure 7 
presents the joint analysis results of key visual features, fine-
grained motion unit prediction, and their temporal boundary 
regression. Specifically, the upper part of Figure 7 shows that 
the model can still accurately capture 18-node human 
skeletons under complex environments and lighting conditions, 
demonstrating the effectiveness of the model in extracting 
spatial topological pose features. The middle part directly 
compares the ground truth motion unit sequence and the 
predicted motion unit sequence. The results show that the 
model achieves a very high alignment in the fine-grained 
segmentation of motion primitives such as “preparation/start”, 
“rotation”, “jump”, and “end”, reflecting the strong structural 
parsing capability of the algorithm. The lower part plots the 
probability curves of motion start and end, where the 
significant peaks accurately correspond to the temporal 
boundaries of motion unit transitions in the middle part, which 
proves the effectiveness of the multi-task collaborative 

optimization mechanism and structural consistency loss 
function. In addition, the global text box accurately shows the 
classification result of “Classical Dance – Grand Jeté” with a 
confidence of 98.5%. In summary, the multi-dimensional 
visualization consistency directly demonstrates that the 
proposed algorithm not only has robust visual feature 
representation capability, but also can achieve high-precision 
motion structural parsing and global classification, strongly 
supporting the research content of “Dance Motion Recognition 
and Its Structural Parsing.” 
 
3.5 Efficiency analysis 

 
To verify the practicality and deployment potential of the 

proposed method, the number of parameters and inference 
speed of the proposed method and various comparison 
methods are compared. The experimental environment is 
NVIDIA RTX3090 GPU and Intel Core i9-12900K CPU, and 
the input sequence length is fixed at 64 frames. The results are 
shown in Table 3. 

 
Table 3. Efficiency comparison of different methods 

 
Method Type Method Name Parameters (M) Inference Speed (FPS) 

Traditional Action 
Recognition 

Support Vector Machine + Histogram of Oriented Gradients 1.2 128 
Convolutional Neural Network + Long Short-Term Memory 8.7 86 

Spatio-Temporal 
Graph 

Convolution 

Spatial-Temporal Graph Convolutional Network 9.5 82 
Graph Attention Network + Graph Convolutional Network 10.3 75 

Attention-based Spatial-Temporal Graph Convolutional Network 11.8 68 

Structural Parsing 
Multi-Stage Temporal Convolutional Network 10.7 72 

ActionBank 11.2 69 
Spatio-Temporal Attention Network 12.5 65 

Proposed Method - 11.5 78 
 
From Table 3, it can be seen that the proposed method 

balances model efficiency while ensuring high performance. 
The number of parameters of the proposed method is 11.5M, 
which is slightly lower than STAN (12.5M) and higher than 
ST-GCN, MS-TCN, and other methods. The main reason is 
the introduction of the learnable primitive dictionary and 
multi-task output branches, but the number of parameters is 
still within a reasonable range without significant redundancy. 
The inference speed is 78 FPS, which is significantly higher 
than AST-GCN, STAN, and other comparison methods, and 
slightly lower than ST-GCN and CNN-LSTM, meeting the 
requirement of real-time inference. Further analysis of the 
computational cost of each module shows that the enhanced 
spatio-temporal graph convolution backbone network 
accounts for 62% of the computational cost, the motion 
primitive learning module accounts for 21%, and the multi-
task output branches account for 17%. The computational 
distribution of each module is reasonable, and no module 
occupies excessive computational resources. In summary, the 
proposed method achieves a good balance between 
performance and efficiency. Compared with existing state-of-
the-art methods, it not only improves the accuracy of 
recognition and parsing, but also ensures practicality, 
demonstrating potential for real-world deployment and 
application. 

Based on all the above experimental results, the proposed 
end-to-end framework based on spatio-temporal attention 
graph convolution and motion primitive learning shows 
significant advantages in action recognition accuracy, fine-
grained structural parsing performance, robustness, and 
efficiency, comprehensively outperforming existing state-of-

the-art methods in the field. The design of core modules such 
as enhanced spatio-temporal graph convolution, learnable 
motion primitive dictionary, and multi-task joint optimization 
mechanism effectively breaks through the limitations of 
traditional methods and realizes the integrated optimization of 
dance motion recognition and structural parsing. The 
experimental results fully verify the effectiveness and 
superiority of the proposed method, which can meet the 
refined requirements of scenarios such as dance teaching and 
choreography analysis, providing a new technical pathway for 
intelligent analysis of dance movements and offering useful 
reference for spatio-temporal sequence modeling and semantic 
parsing in the field of image processing. 
 
 
4. DISCUSSION 

 
The proposed end-to-end dance action recognition and 

structural parsing framework achieves innovative 
breakthroughs in three core dimensions: spatio-temporal 
modeling, action structure parsing, and multi-task 
collaboration. Its advantages and innovative value are fully 
validated by experimental results. In terms of spatio-temporal 
modeling, unlike traditional spatio-temporal graph 
convolution that relies on a fixed adjacency matrix and has a 
single temporal receptive field, the enhanced spatio-temporal 
graph convolution backbone network designed in this work 
integrates multi-head self-attention and temporal pyramid 
dilated convolution, realizing efficient capture of global 
spatio-temporal dependencies and multi-scale temporal 
features of dance actions. In experiments, this module 
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increases model accuracy by 5.3% compared to the baseline 
model, significantly enhancing feature representation for 
complex dance actions. In terms of structural parsing, the 
introduction of a learnable motion primitive dictionary and 
reconstruction loss constraint overcomes the traditional issues 
of semantic ambiguity and lack of targeted decomposition in 
action parsing, achieving fine-grained semantic 
decomposition of dance actions. The primitive sequence 
matching degree improves by 6.9%-7.6% compared with the 
existing optimal methods, giving action parsing stronger 
interpretability. In terms of multi-task collaboration, the 
construction of three parallel output branches and a multi-task 
joint loss function, incorporating structure consistency loss, 
realizes collaborative optimization of action recognition, 
frame-level unit prediction, and boundary regression. This 
addresses the low feature utilization and illogical parsing 
results of traditional multi-task models, achieving 
synchronous improvement of recognition and parsing 
accuracy. From the academic contribution perspective in the 
field of image processing, this work extends the application 
scenarios of spatio-temporal graph convolution and attention 
mechanisms in complex human motion analysis. The proposed 
motion primitive learning and structure consistency constraint 
provide a new technical paradigm for temporal sequence 
semantic parsing, enriching research on intelligent human 
action analysis. 

Combining the experimental results in Chapter 4, the 
proposed method demonstrates excellent performance across 
various datasets, but there are still certain performance 
bottlenecks. Differences in performance across datasets also 
reflect the significant influence of dataset characteristics on 
model performance. In terms of performance bottlenecks, the 
recognition accuracy of a few complex dance actions remains 
relatively low, especially actions involving fast continuous 
joint movements and multi-joint coordinated force, with 
recognition accuracy 4%-6% lower than ordinary actions. The 
core reason is that the joint motion trajectories of such actions 
are complex, prone to joint occlusion and motion blur, 
resulting in insufficiently precise spatio-temporal feature 
extraction. Meanwhile, boundary localization accuracy for fast 
actions is relatively insufficient, with boundary F1 scores 3%-
5% lower than slow actions, mainly because frame-to-frame 
changes are drastic, the boundary frame features are not 
obvious, and temporal feature modeling cannot precisely 
capture boundary information. Regarding dataset 
characteristics, the model performs best on the HDM05 dataset, 
achieving 93.5% accuracy and 90.5% frame-level accuracy, 
mainly due to fewer action categories, standardized action 
sequences, high annotation precision, and stable skeleton 
sequence quality. For Dance-101, with more action categories 
and higher action complexity, and some actions having high 
semantic similarity, recognition and parsing accuracy are 
slightly lower but still outperform all comparison methods. For 
Kinetics-Dance, since annotations only contain action 
categories and lack frame-level unit and boundary labels, 
structural parsing metrics cannot be fully realized, which 
indirectly affects further improvement of recognition accuracy. 
This indicates that annotation quality and action complexity 
are key factors influencing model performance. 

Objectively, there are still certain limitations in this research, 
reflecting its objectivity and rigor, and also pointing out 
directions for future work. First, the proposed method relies on 
independently extracted human skeleton sequences as input 
and does not directly process RGB video. An additional pose 

estimation network is required to obtain skeleton features, 
increasing model deployment complexity. Errors in pose 
estimation directly affect subsequent feature modeling and 
parsing performance. Second, the semantic interpretability of 
the learnable motion primitive dictionary can still be improved. 
Currently, primitives are mainly learned in a data-driven 
manner, achieving accurate action decomposition, but the 
correspondence between primitives and specific dance action 
units is not sufficiently clear, making it difficult to directly 
relate to professional dance terminology, which is not 
conducive to practical applications in dance teaching. Third, 
the proposed method only targets single-person dance actions 
and does not consider interactions between multiple humans, 
limiting its applicability to couple dances, group dances, and 
other complex multi-person dance scenarios. Additionally, 
performance can still be improved under extreme action tempo 
changes and severe joint occlusion, which should be addressed 
in future research. 

Based on the advantages and limitations of this study and 
combined with cutting-edge trends in image processing, future 
research will focus on four aspects to further improve 
intelligent dance action analysis technology. First, integrating 
RGB video features and skeleton features to construct an end-
to-end multi-modal feature fusion framework, directly 
processing RGB video input without requiring an independent 
pose estimation module, reducing the impact of pose 
estimation errors, enriching feature representation, and 
improving adaptation to complex scenarios. Second, 
introducing self-supervised and semi-supervised learning 
techniques, designing targeted self-supervised pretraining 
tasks to mine potential features from unlabeled dance data, 
reducing dependency on manual annotations, lowering data 
annotation costs, and improving model generalization. Third, 
extending recognition and structural parsing to multi-person 
dance actions, introducing human interaction modeling 
modules to capture coordinated actions among multiple 
humans, addressing action occlusion and interaction parsing 
issues in multi-person scenarios, and expanding the 
application scope. Fourth, enhancing the semantic 
interpretability of primitives by incorporating professional 
dance knowledge, introducing a dance action terminology 
library, optimizing the design of the learnable primitive 
dictionary to ensure precise correspondence between 
primitives and specific dance action units, increasing practical 
usability in dance teaching and choreography analysis, and 
exploring the association between primitive sequences and 
dance styles to enable automatic recognition and parsing of 
dance styles. 
 
 
5. CONCLUSION 

 
This work focuses on the core requirements of dance action 

recognition and fine-grained structural parsing. To address the 
limitations of existing methods in spatio-temporal modeling, 
semantic decomposition, and multi-task collaboration, an end-
to-end framework based on spatio-temporal attention graph 
convolution and motion primitive learning is proposed, 
systematically completing the design of core modules, model 
construction, and experimental validation. The core work of 
this paper concentrates on the design and implementation of 
three innovative modules: the enhanced spatio-temporal graph 
convolution backbone network integrates multi-head self-
attention and temporal pyramid dilated convolution, achieving 
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efficient capture of global spatio-temporal dependencies and 
multi-scale temporal features of dance actions; the learnable 
motion primitive dictionary combined with reconstruction loss 
constraint realizes fine-grained semantic decomposition and 
interpretable modeling of dance actions; the multi-task joint 
optimization mechanism incorporates structure consistency 
loss, constructing three parallel output branches to achieve 
collaborative improvement of action recognition, frame-level 
unit prediction, and boundary regression. The collaborative 
operation of these modules forms a complete end-to-end 
optimization system. 

Experimental results fully validated the effectiveness and 
superiority of the proposed method. On the four public 
datasets Dance-101, HDM05, Kinetics-Dance, and UCF101-
Dance, the proposed method achieved action recognition 
accuracy, frame-level action unit prediction accuracy, 
boundary localization precision, and primitive sequence 
matching degree that are significantly superior to the top 
methods in the field over the past 3-5 years. Ablation 
experiments verified the necessity of each core module. 
Robustness experiments show that the model maintained 
stable performance under interference conditions such as 
skeleton keypoint noise, action tempo variation, and joint 
missing. Efficiency analysis demonstrated that the model 
ensures high performance while meeting real-time inference 
requirements, showing good practical usability. 

This study provides a new technical solution for intelligent 
dance action analysis. It effectively overcomes the technical 
bottlenecks of traditional methods, achieves integrated 
optimization of dance action recognition and structural parsing, 
and extends the application of spatio-temporal graph 
convolution and attention mechanisms in complex human 
motion analysis. It enriches research on spatio-temporal 
sequence modeling and semantic parsing in the field of image 
processing. The method has important practical application 
prospects in scenarios related to human-computer interaction, 
such as dance teaching, choreography analysis, and digital 
preservation of folk-dance culture, and provides useful 
theoretical reference and technical guidance for subsequent 
research in the field of intelligent human action analysis. 
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