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Abstract 
In sports teaching, the reliance on manual visual assessment of students' movement quality leads to 
subjectivity and low efficiency. This paper proposes an automatic assessment algorithm for sports 
movement quality based on deep learning. Firstly, a multimodal data platform is constructed to obtain 
RGB videos, depth skeletal sequences, and inertial measurement unit data. After time alignment and 
normalization, a three-dimensional skeletal motion sequence is generated. An adaptive spatio-temporal 
graph convolutional backbone network is designed. It dynamically models the collaborative 
relationships between non-adjacent joints via a learnable adjacency matrix and introduces a temporal 
multi-scale aggregation module to capture movement patterns at different time granularities. 
Furthermore, a hierarchical scoring regression module is proposed, which includes a global-local joint 
encoder, a segmented fine-grained scoring head, and a bias correction branch based on contrastive 
learning. It jointly models overall coordination, local posture, and individual difference compensation. 
Experiments on a self-built sports movement quality dataset show that the algorithm achieves a mean 
absolute error of 3.62 points, a Spearman rank correlation coefficient of 0.873, and a parameter count 
of 3.72 million. After pruning and TensorRT optimization, it performs real-time inference at 28.6 ms 
per sample on a Jetson Nano device. Ablation experiments and robustness tests verify the effectiveness 
of each core module, and the proposed method outperforms existing mainstream models in terms of 
accuracy and efficiency, providing a feasible technical solution for automatic movement assessment in 
sports teaching scenarios. 
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1. INTRODUCTION 
As artificial intelligence technology deeply penetrates the field of education, intelligent physical 

education has become an important component of smart education [1]. Traditional assessment of 
students' physical movements mainly relies on teachers' visual observation and experience-based 
judgment, which not only consumes significant manpower and time but also fails to ensure score 
objectivity and consistency [2],[3]. Especially in large class settings, a physical education teacher often 
has to monitor the movement correctness of dozens of students, leading to occasional missed or 
incorrect judgments. At the same time, the nationwide implementation of student physical fitness 
standards has raised higher requirements for the quantitative assessment of movement quality, creating 
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an urgent need for a technical solution that can automatically, objectively, and in real time evaluate the 
quality of students' movements. In recent years, breakthroughs in deep learning in computer vision—
particularly in human skeleton keypoint detection, graph convolutional networks, and video 
understanding—have provided a new technical pathway for automatic movement quality assessment 
[4],[5],[6]. Introducing deep learning into physical education and constructing an intelligent system that 
automatically evaluates the quality of students' movements has significant theoretical research value 
and practical application significance for improving PE quality, enabling personalized movement 
correction, and reducing teachers' workload. 

Regarding the topic of movement quality assessment, scholars at home and abroad have carried 
out a large number of research works. Early movement quality assessment methods mainly relied on 
handcrafted features, such as extracting human contours, optical flow fields, or motion history images 
from RGB videos, combined with traditional machine learning models like support vector machines 
and random forests for score regression [7],[8],[9]. These methods were limited by feature 
expressiveness and could not capture the subtle quality differences in movement execution [10]. With 
the development of deep learning, researchers began using 3D convolutional neural networks to model 
the quality assessment of video frame sequences in an end-to-end manner. Representative works include 
using C3D or I3D networks to directly regress performance scores in competitive sports such as diving 
and gymnastics [11],[12],[13]. However, these methods operate directly on raw video pixels, incur high 
computational costs, and are easily disturbed by environmental factors such as background lighting 
[14],[15]. To address this issue, movement quality assessment methods based on human skeleton 
keypoints have received widespread attention in recent years. Researchers use pose estimation 
algorithms to extract skeletal sequences of students' movements and then employ temporal 
convolutional networks or graph convolutional networks to model skeleton trajectories [16],[17],[18]. 
The USDL method introduces an uncertainty-aware mechanism to handle score subjectivity, while 
ActionQualityFormer uses the Transformer architecture to capture long-term temporal dependencies in 
movements [19],[20]. Although existing methods achieve good results on specific datasets, they still 
suffer from several common problems. First, most methods use a fixed physical adjacency matrix for 
graph convolution, ignoring the collaborative movement relationships between non-adjacent joints, 
such as the coordination between wrist and ankle in a basketball shooting action [21]; Second, existing 
models often stop at global score assessment and lack fine-grained analysis of different movement 
stages, making it difficult to provide meaningful local correction feedback to students [22]; Third, 
scoring deviations caused by individual differences in height and flexibility have not been effectively 
corrected, limiting model generalization; Fourth, high model complexity makes real-time inference on 
edge devices difficult, restricting its deployment and application in actual physical education scenarios 
[23],[24]. 

To address these issues, this paper proposes a student physical movement quality automatic 
assessment algorithm based on deep learning, aiming to build a high-precision, interpretable and 
lightweight assessment model. The research objectives of this paper include four aspects: first, to design 
an adaptive graph convolutional network, through a learnable adjacency matrix to dynamically mine 
the dependency relationships between any joints, breaking through the limitation of the prior physical 
connection; Second, a temporal multi-scale aggregation module is constructed to concurrently capture 
action pattern features at different time scales, and a segmented scoring head is introduced to achieve 
independent quality evaluation for each action stage. Third, a bias correction branch based on 
contrastive learning is proposed to correct scoring bias by clustering samples of the same quality level 
and separating samples of different quality levels in the feature space, thereby compensating for scoring 
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offsets caused by individual style differences. Fourth, through model pruning and TensorRT inference 
optimization while maintaining accuracy, the algorithm can run at real-time frame rates on edge devices 
such as the Jetson Nano. The main innovations of this paper can be summarized as follows: an adaptive 
spatio-temporal graph convolutional backbone network is proposed to enhance the model's ability to 
model non-local joint collaborative patterns; a hierarchical scoring regression module is designed to 
jointly predict global and stage-specific scores; a contrastive learning-driven bias correction mechanism 
is introduced to effectively alleviate the interference of individual differences on scoring accuracy; 
through comprehensive optimization of efficiency and accuracy, real-time skeletal sequence-driven 
action quality assessment is achieved on edge devices for the first time.  

The organization of this paper is as follows: Section 2 describes the construction and preprocessing 
of the multimodal sports action data acquisition platform, including data alignment, 3D pose extraction 
and enhancement strategies; Section 3 designs the spatio-temporal graph convolution backbone network 
for quality assessment, with a focus on the adaptive graph convolution layer, time-series multi-scale 
aggregation module and attention-guided edge weight learning mechanism; Section 4 proposes a 
hierarchical action quality scoring regression module, including a global-local joint encoder, segmented 
fine-grained scoring head, contrastive deviation correction branch and dual output structure of 
continuous scoring and grade classification; Section 5 defines the mixed loss function and optimizes 
the training strategy, including sample hard example mining, curriculum learning scheduling and 
hyperparameter sensitivity analysis; Section 6 validates the effectiveness of the algorithm through 
multiple sets of comparative experiments, ablation experiments and robustness tests, and analyzes the 
scoring error distribution and typical misjudgment cases; Section 7 evaluates the complexity and real-
time performance of the algorithm from three dimensions: parameter quantity, floating-point operation 
count and inference speed on edge devices; Section 8 summarizes the work of this paper and looks 
forward to future research directions. 

2. MULTIMODAL SPORTS ACTION DATA ACQUISITION AND 
PREPROCESSING 

To support precise evaluation of sports movement quality by subsequent deep learning models, this 
section first builds a multimodal data collection platform. This platform synchronously deploys three 
RGB cameras (1920×1080 resolution, 30 fps) for multi-angle coverage, one Azure Kinect depth sensor 
to obtain 3D skeletal sequences, and five wearable inertial measurement units (IMUs) attached to key 
limb and torso parts of students. The RGB cameras provide texture and contour information, the depth 
sensor outputs 3D coordinates of human joints, and the IMUs record three-axis acceleration and angular 
velocity data. These three components achieve microsecond-level synchronization via hardware trigger 
signals and record the entire process of standard sports movements (e.g., standing long jump, sit-ups, 
basketball shooting) for each movement. The sampling duration per movement is 3 to 10 seconds. 

The collected raw data contains noise and missing values and requires systematic cleaning and 
alignment. For RGB video frames, median filtering is used to remove isolated noise [25]. In the skeletal 
data from the depth sensor, when the confidence of a joint point is below 0.5, it is considered missing 
and filled using cubic spline interpolation. The IMU data is filtered with a low-pass Butterworth filter 
(cutoff frequency 20 Hz) to remove high-frequency vibration interference. The three modal data need 
to be strictly aligned on the time axis. Let the sampling time of RGB be 𝑡𝑡𝑖𝑖

(𝑣𝑣), the sampling time of the 

depth sensor be 𝑡𝑡𝑗𝑗
(𝑑𝑑), and the sampling time of the IMU be 𝑡𝑡𝑘𝑘

(𝑚𝑚), respectively. Using the depth sensor 
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timestamp as the reference, the RGB and IMU data are resampled to the same time grid via linear 
interpolation [26]. Let the aligned time of the 𝑛𝑛-th frame be 𝜏𝜏𝑛𝑛, then the RGB feature vector I(𝜏𝜏𝑛𝑛), 
the 3D skeletal coordinates S(𝜏𝜏𝑛𝑛), and the six-dimensional IMU vector U(𝜏𝜏𝑛𝑛) form a complete modal 
triplet for a sample. After the above processing, each movement sample is converted into a fixed-length 
frame sequence of length 𝐿𝐿 = ⌊(𝜏𝜏end − 𝜏𝜏start) × 𝑓𝑓⌋ , where 𝑓𝑓 = 30 Hz  is the unified sampling 
frequency. 

Based on modal alignment, the 3D posture of human keypoints is extracted. The human skeleton 
is defined to consist of 𝐾𝐾 = 17  keypoints, and the 3D coordinate vector of keypoint 𝑖𝑖  at 𝜏𝜏𝑛𝑛  is 
p𝑖𝑖,𝑛𝑛 = (𝑥𝑥𝑖𝑖,𝑛𝑛,𝑦𝑦𝑖𝑖,𝑛𝑛, 𝑧𝑧𝑖𝑖,𝑛𝑛)𝖳𝖳. First, the initial p𝑖𝑖,𝑛𝑛 is obtained from the depth map using the depth sensor’s 
body tracking algorithm. Then, triangulation correction is performed using 2D keypoints detected in 
the RGB image by HRNet. Finally, joint rotation is constrained and optimized by integrating posture 
angle data from the IMU. Let the optimized coordinates satisfy the following minimization problem: 

p�𝑖𝑖,𝑛𝑛 = arg min
p

∥ p − p𝑖𝑖,𝑛𝑛
(𝑑𝑑) ∥2 + 𝜆𝜆1 ∥ Π(p) − q𝑖𝑖,𝑛𝑛

(𝑟𝑟) ∥2+ 𝜆𝜆2 ∥ R(p) − 𝜃𝜃𝑖𝑖,𝑛𝑛
(𝑚𝑚) ∥2 (1) 

Here, p𝑖𝑖,𝑛𝑛
(𝑑𝑑)  represents the coordinates directly output by the depth sensor, Π(⋅)  is the camera 

projection function, q𝑖𝑖,𝑛𝑛
(𝑟𝑟) is the two-dimensional keypoint coordinates detected from the RGB image, 

R(⋅) converts the coordinates into Euler angles, and 𝜃𝜃𝑖𝑖,𝑛𝑛
(𝑚𝑚) is the attitude angle measured by the IMU, 

𝜆𝜆1  and 𝜆𝜆2  are the balancing weight coefficients (in the experiment, 𝜆𝜆1 = 0.6, 𝜆𝜆2 = 0.4 ). After 
obtaining p�𝑖𝑖,𝑛𝑛 , normalization is performed on all keypoints to eliminate individual body size 

differences and absolute position effects. Taking the trunk center c𝑛𝑛 = 1
𝐾𝐾
� p�𝑖𝑖,𝑛𝑛

𝐾𝐾
𝑖𝑖=1  as the origin, the 

normalized coordinates are defined as: 

p𝑖𝑖,𝑛𝑛
(norm) =

p�𝑖𝑖,𝑛𝑛 − c𝑛𝑛
𝑠𝑠𝑛𝑛

(2) 

In the formula, 𝑠𝑠𝑛𝑛 represents the scale factor, defined as the trunk length (the average distance 
between the left and right shoulders and the left and right hips). 𝑠𝑠𝑛𝑛 = 1

4
∑ ∥(𝑎𝑎,𝑏𝑏)∈ℰtorso p�𝑎𝑎,𝑛𝑛 − p�𝑏𝑏,𝑛𝑛 ∥, 

where ℰtorso is the set of keypoint edges related to the trunk. After the above normalization, all skeletal 
sequences are mapped to a standard-sized, center-aligned canonical space, eliminating the interference 
of students' height and position deviations on subsequent quality assessment [27],[28]. 

To enhance the model’s generalization ability and expand the limited sample size, three data 
augmentation strategies for sports action sequences are designed. The first is temporal distortion, which 
applies random elastic deformation to the normalized 3D posture sequence P(norm) = {p𝑖𝑖,𝑛𝑛

(norm)}𝑖𝑖=1,𝑛𝑛=1
𝐾𝐾,𝐿𝐿 . 

The distortion function is defined as 𝜙𝜙(𝑡𝑡) = 𝑡𝑡 + 𝐴𝐴 ⋅ sin(2𝜋𝜋𝑓𝑓twist𝑡𝑡) , where 𝐴𝐴  is the amplitude 
parameter (in the range of [0, 0.1] times the sequence length), and 𝑓𝑓twist is the distortion frequency. 
Then, the time index after distortion is 𝑛𝑛′ = ⌊𝜙𝜙(𝑛𝑛)⌋ , and the new sequence is obtained by linear 
interpolation. The second type is bone perturbation, which adds Gaussian noise to each keypoint’s 
coordinates to simulate jitter errors in real acquisition: 

p�𝑖𝑖,𝑛𝑛
(norm) = p𝑖𝑖,𝑛𝑛

(norm) + 𝜀𝜀𝑖𝑖,𝑛𝑛, 𝜀𝜀𝑖𝑖,𝑛𝑛 ∼ 𝒩𝒩(0,𝜎𝜎2I) (3) 

Here, 𝜎𝜎 is set to 2% of the normalized average skeleton span (empirically, 𝜎𝜎 = 0.02 yields the 
best enhancement without disrupting action semantics). The third type is perspective synthesis, which 
rotates the skeleton around the vertical axis (y-axis) to simulate different camera angles. Let the rotation 
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matrix R𝑦𝑦(𝛼𝛼) rotate around the y-axis by an angle 𝛼𝛼 ∈ [−30∘, 30∘], then the normalized coordinates 
in the synthesized perspective are: 

p𝑖𝑖,𝑛𝑛
(rot) = R𝑦𝑦(𝛼𝛼) ⋅ p𝑖𝑖,𝑛𝑛

(norm) (4) 

The above three enhancement strategies are independently applied to each training sample with a 
probability  𝑝𝑝 = 0.5, generating a diversified training set that is several times larger than the original 
data. This significantly enhances the model's robustness to variations in action speed, sensor noise, and 
observation perspectives. Through the comprehensive process of collection, alignment, extraction, and 
enhancement described in this section, a standardized and structured multimodal 3D skeletal sequence 
dataset is finally obtained, providing a high-quality input foundation for feature learning in the 
subsequent graph convolutional backbone network. 

3. DESIGN OF SPATIO-TEMPORAL GRAPH CONVOLUTIONAL 
BACKBONE NETWORK FOR ACTION QUALITY EVALUATION 

This section constructs a spatio-temporal graph convolutional backbone network for assessing 
sports movement quality. The network takes the normalized three-dimensional skeletal sequence 
P(norm) ∈ ℝ𝐾𝐾×𝐿𝐿×3 obtained in Section 2 as input, where 𝐾𝐾 = 17 is the number of keypoints, 𝐿𝐿 is the 
number of sequence frames, and 3 denotes the spatial coordinate dimension. The network adopts an 
overall structure of alternating spatial graph convolution and temporal convolution. First, spatial 
features are extracted within each frame using the human topology, and then motion patterns across 
frames are aggregated along the time dimension. Define the undirected graph 𝒢𝒢 = (𝒱𝒱,ℰ) representing 
the human skeleton., where the node set 𝒱𝒱 = {𝑣𝑣1,𝑣𝑣2, … , 𝑣𝑣𝐾𝐾} corresponds to each joint keypoint, and 
the edge set ℰ is constructed based on the anatomical connections (such as shoulder-elbow, elbow-
wrist, hip-knee, etc.). On this basis, an adaptive graph convolution layer is designed to dynamically 
learn the node dependencies. The traditional graph convolution uses a fixed adjacency matrix A, where 
𝐴𝐴𝑖𝑖𝑖𝑖  indicates whether nodes 𝑣𝑣𝑖𝑖  and 𝑣𝑣𝑗𝑗  are adjacent. However, in sports movement quality 
assessment, non-adjacent joints (e.g., left hand and right foot in a throwing action) also contain 
important information [29]. Therefore, the output feature H�ℓ+1� ∈ ℝ𝐾𝐾×𝐶𝐶out  of the ℓ -th adaptive 
graph convolution layer is defined as: 

H�ℓ+1� = 𝜎𝜎 �D�−
1
2�A+B(ℓ)�D�−

1
2H(ℓ)W(ℓ)� (5) 

Here, H(ℓ) ∈ ℝ𝐾𝐾×𝐶𝐶in represents the input features of this layer (the initial H(0) ) is obtained by 
linearly embedding the original coordinates), and 𝐶𝐶in and 𝐶𝐶out denote the input and output channel 
numbers, respectively. A is the normalized physical adjacency matrix, with D�𝑖𝑖𝑖𝑖 = � (𝑗𝑗 𝐴𝐴𝑖𝑖𝑖𝑖 + 𝐵𝐵𝑖𝑖𝑖𝑖

(ℓ)) 

as the degree matrix. B(ℓ) ∈ ℝ𝐾𝐾×𝐾𝐾 is the learnable adaptive adjacency matrix of the ℓ-th layer, with 
its elements 𝐵𝐵𝑖𝑖𝑖𝑖

(ℓ)  initialized to zero and learned via gradient descent to determine the connection 

strengths between any two nodes, independent of physical priors. W(ℓ) ∈ ℝ𝐶𝐶in×𝐶𝐶out  is the learnable 
weight matrix, and 𝜎𝜎(⋅) is the ReLU activation function. This design allows the network to preserve 
inherent human kinematic constraints (via A) while exploring potential non-local joint coupling 
relationships as required by the task (through B(ℓ)). 

After extracting spatial features within a single frame, it is necessary to aggregate action patterns 
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at different scales along the time dimension, because the quality of sports movements depends not only 
on instantaneous postures (such as wrist angle at the moment of shooting a basketball shot) but also on 
slowly changing overall coordination (such as the smoothness of the leap and landing in standing long 
jump) [30]. Therefore, a temporal multi-scale aggregation module is designed, which uses parallel 
multi-branch temporal convolutions, each with a different kernel size. Let the input spatio-temporal 
feature tensor be X ∈ ℝ𝐾𝐾×𝐿𝐿×𝐶𝐶, first perform global average pooling along the keypoint dimension to 
obtain the aggregated feature Xagg ∈ ℝ𝐿𝐿×𝐶𝐶, that is, Xagg[𝑛𝑛, : ] = 1

𝐾𝐾
� X[𝑖𝑖,𝑛𝑛, : ]𝐾𝐾

𝑖𝑖=1 . Then, this feature is 
fed into 𝑀𝑀 = 4 parallel temporal convolution branches, where the kernel size of the 𝑚𝑚-th branch is 
𝑘𝑘𝑚𝑚 and the dilation rate is 𝑑𝑑𝑚𝑚. Let the output of the branch be Y𝑚𝑚 ∈ ℝ𝐿𝐿×𝐶𝐶, and the output of the 𝑛𝑛-
th frame is calculated as:  

Y𝑚𝑚[𝑛𝑛, : ] = � Xagg

𝑘𝑘𝑚𝑚−1

𝑗𝑗=0

[𝑛𝑛 − 𝑑𝑑𝑚𝑚 ⋅ 𝑗𝑗, : ] ⊙ w𝑚𝑚[𝑗𝑗, : ] (6) 

Here, w𝑚𝑚 ∈ ℝ𝑘𝑘𝑚𝑚×𝐶𝐶   represents the convolution kernel weights of the 𝑚𝑚 -th branch, and ⊙ 
denotes element-wise multiplication followed by summation along the channel dimension. Each branch 
adopts different parameter configurations: (𝑘𝑘1,𝑑𝑑1) = (3,1)  to capture short-term action details, 
(𝑘𝑘2,𝑑𝑑2) = (5,2) captures medium-term action patterns, (𝑘𝑘3,𝑑𝑑3) = (9,4) to capture long-term action 
trends, and (𝑘𝑘4,𝑑𝑑4) = (1,1) serves as an identity mapping to preserve the original temporal structure. 
The outputs of the four branches are concatenated along the channel dimension, and then a 1 × 1 
convolution reduces the channel number back to 𝐶𝐶, yielding the multi-scale temporal enhancement 
feature Xmulti ∈ ℝ𝐿𝐿×𝐶𝐶. Finally, this feature is broadcast back to each keypoint to restore a complete 
tensor of shape ℝ𝐾𝐾×𝐿𝐿×𝐶𝐶 . 

To further guide the network to focus on the skeletal edges and time frames that are most 
contributive to action quality discrimination, an attention-guided edge weight learning mechanism is 
introduced [31]. This mechanism consists of two branches: spatial attention and temporal attention. 
Spatial attention dynamically re-estimate the importance of edges in the graph convolution, and before 
the adaptive graph convolution at the ℓ -th layer, the spatial attention matrix Mspatial

(ℓ) ∈ ℝ𝐾𝐾×𝐾𝐾  is 
computed, with its elements are defined as:  

Mspatial
(ℓ) [𝑖𝑖, 𝑗𝑗] = Sigmoid �MLP ��H(ℓ)[𝑖𝑖, : ]   ∥   H(ℓ)[𝑗𝑗, : ]��� (7) 

Here, ∥  denotes the vector concatenation operation, and MLP is a two-layer fully connected 
network (with hidden dimension 𝐶𝐶in/2 and output scalar). This attention matrix is multiplied element-
wise with the adjacency matrix and then passed to the graph convolution operation, replacing the 
original A with A ⊙ Mspatial

(ℓ) . Temporal attention operates on the output of the temporal multi-scale 
aggregation module and computes the temporal attention vector atemp ∈ ℝ𝐿𝐿: 

atemp[𝑛𝑛] =
exp(tanh(W𝑎𝑎Xmulti[𝑛𝑛, : ] + b𝑎𝑎) ⋅ v𝑎𝑎)

∑ exp  𝐿𝐿
𝑛𝑛′=1 (tanh(W𝑎𝑎Xmulti[𝑛𝑛′, : ] + b𝑎𝑎) ⋅ v𝑎𝑎)

(8) 

Here, W𝑎𝑎 ∈ ℝ𝑑𝑑𝑎𝑎×𝐶𝐶   and v𝑎𝑎 ∈ ℝ𝑑𝑑𝑎𝑎   are learnable parameters (𝑑𝑑𝑎𝑎 = 64  is the attention hidden 
dimension), and b𝑎𝑎  is the bias term. This attention vector assigns weights to the 𝐿𝐿  time frames, 
producing weighted features Xattn[𝑛𝑛, : ] = atemp[𝑛𝑛] ⋅ Xmulti[𝑛𝑛, : ]. This allows the network to enhance the 
contribution of key action stages (such as the point of exertion and landing moment) and suppress 
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irrelevant or redundant periods. 

Regarding network depth and parameter configuration，the optimal structure was determined 
through ablation experiments [33]. The backbone network consists of 𝑇𝑇 = 6 spatio-temporal graph 
convolution blocks stacked together. Each block contains an adaptive graph convolution layer (with 
channel number 𝐶𝐶 = 64), a batch normalization layer, a temporal multi-scale aggregation module, and 
an attention edge weight learning sublayer. Adjacent blocks use temporal downsampling with a stride 
of 2 to halve the frame length and double the channel count. Specifically, the output channel number of 
the 𝑡𝑡-th block is 𝐶𝐶𝑡𝑡 = 64 × 2⌊(𝑡𝑡−1)/2⌋, and the final bottleneck layer has a channel number of 256. The 
total number of network parameters is approximately 2.8 × 106 , of which the adaptive adjacency 
matrices B(ℓ)  contributes � (6

ℓ=1 𝐾𝐾2) = 6 × 289 =     1734  parameters (a relatively small 
proportion), while the contributions of the convolution kernels in each branch of the temporal multi-
scale module account for the majority. To balance representational power and overfitting risk, a Dropout 
layer with a dropout rate of 0.5 is added before the fully connected classification layer. This 
configuration achieves the best accuracy–efficiency trade-off on the validation set: deeper networks 
(𝑇𝑇 ≥ 8  suffer from gradient and reduced and real-time performance degradation, while shallower 
networks (𝑇𝑇 ≤ 4) cannot adequately model complex action quality features. Through the above design, 
the spatio-temporal graph convolutional backbone network encodes the input skeletal sequence into a 
high-dimensional spatial-temporal feature tensor Z ∈ ℝ𝐾𝐾×𝐿𝐿′×𝐶𝐶𝑇𝑇   (where 𝐿𝐿′  is the number of 
downsampled frames, and 𝐶𝐶𝑇𝑇 = 256), this feature is fed to the scoring regression module in Section 4 
for final numerical prediction of action quality. 

4. HIERARCHICAL ACTION QUALITY SCORING REGRESSION 
MODULE 

Based on the spatio-temporal feature tensor Z ∈ ℝ𝐾𝐾×𝐿𝐿′×𝐶𝐶𝑇𝑇  extracted by the spatio-temporal graph 
convolutional backbone network, this section designs a hierarchical action quality score regression 
module to map the high-dimensional features to the final action score. The core challenge of this module 
is that the quality of sports actions depends not only on overall completion (such as overall coordination 
in a standing long jump) but also on the accuracy of local limb postures (e.g., whether the knee joint 
angle meets the standard). Moreover, differences in movement styles among different students may lead 
to systematic scoring deviations. To address this, a hierarchical architecture is proposed, comprising a 
global-local joint encoder, a segmented fine-grained scoring head, a contrastive learning bias correction 
branch, and a dual-output layer. 

First, a global-local feature joint encoder is constructed. This encoder simultaneously extracts the 
overall action representation and local representations of key limb regions. For the global branch, the 
spatio-temporal feature Z  is adaptively pooled along the keypoint dimension to obtain the global 
feature vector fglobal ∈ ℝ𝐶𝐶𝑇𝑇: 

fglobal =
1

𝐾𝐾 ⋅ 𝐿𝐿′
�� Z𝑖𝑖,𝑛𝑛

𝐿𝐿′

𝑛𝑛=1

𝐾𝐾

𝑖𝑖=1

⋅ 𝛼𝛼𝑖𝑖,𝑛𝑛 (9) 

Here, 𝛼𝛼𝑖𝑖,𝑛𝑛  represents the attention weights after the time attention vector is broadcast to each 
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keypoint, as described in Section 3; these weights highlight the spatial positions of key periods. For 
local branches, We predefine 𝑅𝑅 = 5 limb regions of interest: the right arm (shoulder-elbow-wrist), the 
left arm, the right leg (hip-knee-ankle), the left leg, and the torso. Each region corresponds to a subset 
of keypoints 𝒱𝒱𝑟𝑟 ⊂ 𝒱𝒱, and its local features are obtained by concatenating the features of the nodes 
within the subset and then passing them through a fully connected layer: 

flocal
(𝑟𝑟) = FC𝑟𝑟 �Concat��

1
𝐿𝐿′
� Z𝑖𝑖,𝑛𝑛

𝐿𝐿′

𝑛𝑛=1

  |  𝑖𝑖 ∈ 𝒱𝒱𝑟𝑟��� ∈ ℝ𝐶𝐶𝐿𝐿 (10) 

Here, 𝐶𝐶𝐿𝐿 = 64 is the dimension of local features, and FC𝑟𝑟 is a fully connected layer specific to 
the 𝑟𝑟-th region (parameters are not shared). Subsequently, the global features are jointly encoded with 
all local features. First, a cross-attention mechanism is employed so that the global features attend to 
the contributions of different local regions. Let the query vector be q = W𝑄𝑄fglobal, the key vector be 

k𝑟𝑟 = W𝐾𝐾flocal
(𝑟𝑟)   and the value vector v𝑟𝑟 = W𝑉𝑉flocal

(𝑟𝑟)  , where W𝑄𝑄 , W𝐾𝐾 , W𝑉𝑉  are learnable projection 
matrices. The attention weight for the 𝑟𝑟-th local feature is: 

𝛽𝛽𝑟𝑟 =
exp�q𝖳𝖳k𝑟𝑟/�𝑑𝑑𝑘𝑘�

∑ exp𝑅𝑅
𝑠𝑠=1 �q𝖳𝖳k𝑠𝑠/�𝑑𝑑𝑘𝑘�

(11) 

In the formula, 𝑑𝑑𝑘𝑘 = 𝐶𝐶𝐿𝐿  is the dimension of the key vector. The weighted local features are 
concatenated with the global features, and then a two-layer fully connected network is used to obtain 
the joint encoded vector fjoint ∈ ℝ𝐶𝐶𝐽𝐽  (with 𝐶𝐶𝐽𝐽 = 128): 

fjoint = FCjoint
(2) �ReLU�FCjoint

(1) ��fglobal   ∥   �𝛽𝛽𝑟𝑟

𝑅𝑅

𝑟𝑟=1

v𝑟𝑟���� (12) 

This joint encoding vector not only retains the macroscopic semantics of the overall action but also 
adaptively integrates the microscopic posture information of each limb region via the attention 
mechanism. 

Based on the joint encoding, a segmented fine-grained scoring head is designed to achieve 
independent evaluation of different action stages. Sports actions usually have clear stage divisions; for 
example, the standing long jump can be divided into four stages: pre-swing, take-off, flight, and landing. 
The quality of each stage contributes differently to the total score. Therefore, first, the input action 
sequence is uniformly divided into 𝐿𝐿′  frames of 𝑃𝑃 = 4  stages using the temporal segmentation 
strategy. The stage boundaries are automatically predicted by the action stage detection module (a 
lightweight temporal convolutional network) rather than being fixed [34]. Let the start frame and ending 
frame of the 𝑝𝑝-th stage be 𝑠𝑠𝑝𝑝 and 𝑒𝑒𝑝𝑝 , respectively. Then the local temporal features of this stage are 
obtained by average pooling of Z over this interval: 

fphase
(𝑝𝑝) =

1
𝐾𝐾 ⋅ (𝑒𝑒𝑝𝑝 − 𝑠𝑠𝑝𝑝 + 1)

� � Z𝑖𝑖,𝑛𝑛

𝑒𝑒𝑝𝑝

𝑛𝑛=𝑠𝑠𝑝𝑝

𝐾𝐾

𝑖𝑖=1

(13) 

Then, for each stage, an independent scoring regressor outputs the stage score 𝑦𝑦𝑝𝑝 ∈ [0,100]: 
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𝑦𝑦𝑝𝑝 = FCphase
(𝑝𝑝) �fphase

(𝑝𝑝) � (14) 

Here, FCphase
(𝑝𝑝)  denotes the single-layer fully connected network for the 𝑝𝑝-th stage (outputting a 

scalar value, without any activation function restricting the output range). The stage score vector output 
by the final fine-grained scoring head is yphase = (𝑦𝑦1,𝑦𝑦2, … , 𝑦𝑦𝑃𝑃)𝖳𝖳, and the individual stage scores can 
be independently used to provide feedback on the student's performance in a specific stage, aiding 
interpretability. 

Because individual differences in students’ movement styles (e.g., height, flexibility) may cause 
systematic biases in the scoring model, a scoring bias correction branch based on contrastive learning 
is introduced. The core idea of this branch is: for different student samples of the same action type with 
similar actual quality, the model’s output scores should be consistent; for samples with significant 
quality differences, the scores should have sufficient separability. To this end, a contrastive learning 

task is constructed, by randomly sampling triples �fjoint
(𝑎𝑎) , fjoint

(𝑝𝑝) , fjoint
(𝑛𝑛) �  from the training batch, where 

anchor sample 𝑎𝑎 and the positive sample 𝑝𝑝 have the same true score (or the score difference is less 
than the threshold 𝛿𝛿 = 5 points), and the actual score difference between the anchor sample 𝑎𝑎 and 
the negative sample 𝑛𝑛 is greater than 𝛿𝛿. The contrastive loss function is defined as: 

ℒcontrast =
1

𝑁𝑁triplet
� max

�𝑎𝑎,𝑝𝑝,𝑛𝑛�
�0,   ∥ fjoint

(𝑎𝑎) − fjoint
(𝑝𝑝) ∥22 −∥ fjoint

(𝑎𝑎) − fjoint
(𝑛𝑛) ∥22+ 𝜏𝜏� (15) 

Here, 𝜏𝜏 = 1.0 is the margin hyperparameter, and 𝑁𝑁triplet is the number of triplets within a batch. 
By minimizing this loss, the joint feature representations learned by the network will automatically 
cluster samples of the same quality level in the feature space and separate samples of different quality 
levels. On this basis, the bias correction branch outputs a bias correction term Δ ∈ [−10,10] , to 
compensate for the score offsets caused by individual styles:  

Δ = tanh �FCbias�fjoint�� × 10 (16) 

Here, FCbias denotes the fully connected layer (input 𝐶𝐶𝐽𝐽, output 1), and the tanh function limits 
the output to the range [−1,1]. Multiplying by 10 maps it to the actual deviation range. 

The final output layer adopts a dual-output structure for continuous scoring and grade classification, 
providing both precise score values and a five-level evaluation grade. For continuous scoring output, 
the joint encoded features and deviation correction term are combined, and stage scores are fused as 
prior knowledge: 

𝑦𝑦�cont = Clip�wcont
𝖳𝖳 fjoint + Δ +

1
𝑃𝑃
�𝑦𝑦𝑝𝑝

𝑃𝑃

𝑝𝑝=1

,  0,  100� (17) 

Here, wcont ∈ ℝ𝐶𝐶𝐽𝐽   is the learnable weight vector, and Clip(⋅ ,0,100)  ensures the output stays 
within the valid rating range. The average of stage scores serves as a regularization term to guide the 
model to focus on the consistency of intermediate action processes. For grade classification output, the 
jointly encoded features are mapped to 𝐺𝐺 = 5  grades (excellent, good, medium, pass, fail) via a 
softmax classifier: 

y�class = Softmax�Wclassfjoint+bclass� ∈ ℝ𝐺𝐺 (18) 
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Here, Wclass ∈ ℝ𝐺𝐺×𝐶𝐶𝐽𝐽  and bclass ∈ ℝ𝐺𝐺 . During final output, the continuous score 𝑦𝑦�cont serves as 
the main output for precise evaluation, while the predicted grade 𝑔𝑔� = arg max𝑔𝑔(y�class)𝑔𝑔 is used as an 
auxiliary output. Both are supervised in subsequent training via a joint loss function. This dual-output 
design enables the model to provide continuous scores to teachers (for easy horizontal comparison) and 
intuitive grade feedback to students (for self-assessment). Moreover, the grade classification task 
enhances the discriminative ability of intermediate representations through the shared feature layer, 
indirectly improving the accuracy of continuous score prediction. 

5. LOSS FUNCTION AND OPTIMIZATION OF TRAINING 
STRATEGIES 

Given the continuous regression nature of the sports action quality assessment task, and the need 
to maintain score ranking relationships among different samples and temporal coherence within actions, 
a single mean squared error loss is insufficient [35]. Therefore, a mixed loss function comprising mean 
squared error, ranking loss, and local consistency loss is proposed. Let the training batch contain 𝑁𝑁 
samples, with the true continuous score of the 𝑖𝑖-th sample being 𝑦𝑦𝑖𝑖 ∈ [0,100]. The model's predicted 
score is 𝑦𝑦�𝑖𝑖 (from the continuous score branch in Section 4 of the dual output). The mean squared error 
term is defined as: 

ℒMSE =
1
𝑁𝑁
�(
𝑁𝑁

𝑖𝑖=1

𝑦𝑦𝑖𝑖 − 𝑦𝑦�𝑖𝑖)2 (19) 

This drives the model’s output to approximate the true score, serving as the basic supervisory signal 
for the regression task. However, relying solely on ℒMSE may cause the model to ignore the relative 
superiority or inferiority relationships among different samples. For example, the predicted scores 
[85,86] and the true scores [80,90] have the same mean squared error, but the former completely 
reverses the quality ranking of the two samples. To address this, a ranking loss is introduced. For any 
two samples 𝑖𝑖 and 𝑗𝑗 within a batch, if 𝑦𝑦𝑖𝑖 > 𝑦𝑦𝑗𝑗, then the model's predicted score for sample 𝑖𝑖 should 
also be higher than that of sample 𝑗𝑗. The ranking loss is defined as: 

ℒrank =
1

𝑁𝑁(𝑁𝑁 − 1)
��max

𝑗𝑗≠𝑖𝑖

𝑁𝑁

𝑖𝑖=1

�0,   − 𝕀𝕀(𝑦𝑦𝑖𝑖 > 𝑦𝑦𝑗𝑗) ⋅ (𝑦𝑦�𝑖𝑖 − 𝑦𝑦�𝑗𝑗) + 𝛾𝛾� (20) 

Here, 𝕀𝕀(⋅) is the indicator function, which equals 1 when 𝑦𝑦𝑖𝑖 > 𝑦𝑦𝑗𝑗 and 0 otherwise; 𝛾𝛾 = 1.0 is 
the margin parameter, which forces the difference scores for a correct ranking to be at least 𝛾𝛾 before 
any loss is incurred. This loss penalizes all predictions that violate the true ranking, enabling the model 
to learn the consistent order relationship of scores. 

The assessment of sports movement quality also requires ensuring local consistency within the 
temporal sequence: pose changes between adjacent frames should be smooth, and the scores of local 
action segments should not experience drastic jumps. Let yphase

(𝑖𝑖) = (𝑦𝑦𝑖𝑖,1,𝑦𝑦𝑖𝑖,2, … ,𝑦𝑦𝑖𝑖,𝑃𝑃)𝖳𝖳  be the stage 
score vector output by the segmentation scoring head in Section 4, where 𝑃𝑃 = 4 is the number of 
stages. The local consistency loss constrains the difference between adjacent stage scores: 
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ℒlocal =
1

𝑁𝑁 ⋅ (𝑃𝑃 − 1)
��(

𝑃𝑃−1

𝑝𝑝=1

𝑁𝑁

𝑖𝑖=1

𝑦𝑦𝑖𝑖,𝑝𝑝+1 − 𝑦𝑦𝑖𝑖,𝑝𝑝)2 (21) 

Furthermore, considering the continuity of actual action quality over time, additional constraints 
are imposed on the smoothness of predicted scores across adjacent frames within the same sample. Let 
𝑠𝑠𝑖𝑖,𝑛𝑛 be the frame-level score of the 𝑖𝑖-th sample at time 𝑛𝑛 (obtained by linearly interpolating stage 
scores to each frame). Then the inter-frame smoothness loss is: 

ℒsmooth =
1

𝑁𝑁 ⋅ (𝐿𝐿′ − 1)
�� (

𝐿𝐿′−1

𝑛𝑛=1

𝑁𝑁

𝑖𝑖=1

𝑠𝑠𝑖𝑖,𝑛𝑛+1 − 𝑠𝑠𝑖𝑖,𝑛𝑛)2 (22) 

Based on the above, the complete mixed loss function is: 

ℒtotal = ℒMSE + 𝜆𝜆1ℒrank + 𝜆𝜆2(ℒlocal + ℒsmooth) + 𝜆𝜆3ℒcontrast (23) 

Here, ℒcontrast is the contrastive loss defined in Section 4, with weight 𝜆𝜆3 = 0.1; 𝜆𝜆1 and 𝜆𝜆2 are 
hyperparameters to be determined via grid search. ℒlocal and ℒsmooth share the same 𝜆𝜆2 coefficient 
to simplify tuning 

Based on the mixed loss function, a hard sample mining strategy is adopted to enhance the model’s 
ability to distinguish boundary samples. In sports action scoring, the number of samples in the medium 
score range (e.g., 60–80 points) is usually larger, while extreme samples with high scores (above 90) or 
low scores (below 40) are relatively scarce. This makes the model prone to overfitting to common score 
ranges. To address this, in each training epoch, samples are dynamically sorted based on the absolute 
error 𝛿𝛿𝑖𝑖 =∣ 𝑦𝑦𝑖𝑖 − 𝑦𝑦�𝑖𝑖 ∣ between the current model prediction and the true score. The difficulty score of 
sample 𝑖𝑖 is defined as: 

ℎ𝑖𝑖 = 𝛿𝛿𝑖𝑖 ⋅ exp �−𝜂𝜂 ⋅
∣ 𝑦𝑦𝑖𝑖 − 50 ∣

50
� (24) 

Here, 𝜂𝜂 = 0.5 is an adjustment coefficient. This design ensures that samples at the ends of the 
rating scale (close to 0 or 100) and with large prediction errors receive higher difficulty scores. 
Subsequently, the 𝑀𝑀 = ⌈𝑁𝑁 × 𝜌𝜌⌉ samples with the highest difficulty scores in the batch are used for 
gradient backpropagation, where 𝜌𝜌 is the proportion of difficult cases and is initially set to 0.6, linearly 
decreasing to 0.3 as the number of training epochs increases. The remaining samples only contribute to 
loss computation but do not participate in parameter updates, thereby gradually shifting the training 
focus from early broad exploration to later fine-tuning. At the same time, to prevent hard sample mining 
from causing the model to forget easy samples, a memory buffer is introduced to retain features of easy 
samples skipped in the last 10 epochs. In each epoch, 20% of the samples in the buffer are randomly 
selected for training. 

To further stabilize training and improve final generalization performance, a curriculum learning-
based training schedule is implemented [36]. Unlike traditional curriculum learning that gradually 
transitions from easy to hard samples, this task defines sample difficulty based on the action’s temporal 
complexity. Let the action duration of the 𝑖𝑖-th sample be 𝐿𝐿𝑖𝑖, and the intensity of joint angle change 
measure by the standard deviation of the inter-frame displacement: 
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𝑑𝑑𝑖𝑖 =

⎷
⃓⃓
⃓⃓
⃓⃓
⃓⃓
�

1
𝐾𝐾 ⋅ (𝐿𝐿𝑖𝑖 − 1)

�� ∥ p𝑖𝑖′,𝑛𝑛+1
(norm) − p𝑖𝑖′,𝑛𝑛

(norm) ∥2
𝐿𝐿𝑖𝑖−1

𝑛𝑛=1

𝐾𝐾

𝑖𝑖′=1

(25) 

Normalize 𝑑𝑑𝑖𝑖 to [0, 1], with a larger value indicating a more intense and difficult action. The 
Curriculum learning divides into three difficulty levels: low difficulty (𝑑𝑑𝑖𝑖 < 0.3), medium difficulty 
(0.3 ≤ 𝑑𝑑𝑖𝑖 < 0.6), and high difficulty (𝑑𝑑𝑖𝑖 ≥ 0.6). In epochs 1–10, only low-difficulty samples are used. 
From epoch 11 to 25, medium-difficulty samples are gradually added, with their sampling probability 
increasing linearly from 0 to 1. From epoch 26 onward, all samples are used without difficulty filtering. 
Furthermore to account for different learning speeds of the loss terms, a dynamic weight scheduling 
scheme is designed. 𝜆𝜆1 is initialized with a warm-up factor 𝜆𝜆1

(0) = 0.5 and updated as 𝜆𝜆1(𝑡𝑡) = 𝜆𝜆1
(0) ⋅

min(1, 𝑡𝑡/𝑇𝑇warm) at each epoch 𝑡𝑡, where 𝑇𝑇warm = 5. This ensures that the ranking loss does not impose 
overly restrictive constraints on the yet-to-converge model. Meanwhile, 𝜆𝜆2 decays by 10% every 10 
epochs as 𝜆𝜆2(𝑡𝑡) = 𝜆𝜆2

(0) ⋅ (0.9)⌊𝑡𝑡/10⌋, allowing the model to focus more on precise regression rather than 
local smoothing in later training stages. 

Finally, hyperparameter sensitivity experiments are conducted to verify the effectiveness of the 
selected parameters and evaluate model robustness. Using the control variable method, core 
hyperparameters are adjusted sequentially, and the MAE and SRCC on the validation set are recorded. 
The baseline configuration is 𝜆𝜆1 = 0.5, 𝜆𝜆2 = 0.2, 𝜌𝜌0 = 0.6, 𝛾𝛾 = 1.0, 𝜏𝜏 = 1.0. When adjusting one 
parameter, the others are fixed at baseline values. Tables 1–3 present the performance comparisons 
under different hyperparameter values. 

Table 1 shows the impact of mixed loss weights 𝜆𝜆1 and 𝜆𝜆2 on model performance. When 𝜆𝜆1 =
0.5 and 𝜆𝜆2 = 0.2, the model achieves the optimal MAE (3.62 points) and SRCC (0.873). When 𝜆𝜆1 
increases to 1.0, MAE rises to 3.92 points (an increase of 8.2%), indicating that overemphasizing the 
ranking loss interferes with regression accuracy. When 𝜆𝜆1 decreases to 0.1, SRCC drops to 0.772 (an 
11.5% decrease), indicating that the absence of ranking loss reduces the model’s ability to distinguish 
relative relationships between samples. The model’s performance is stable when 𝜆𝜆2 is in the range 
0.15–0.25, with MAE fluctuation below 3%; outside this range, either too strong or too weak local 
smoothing constraints reduce accuracy. 
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Table 1. Sensitivity analysis of mixed loss weights 

𝜆𝜆1  𝜆𝜆2  MAE (points) SRCC 

0.1 0.2 4.28 0.772 

0.3 0.2 3.89 0.841 

0.5 0.1 3.75 0.858 

0.5 0.15 3.67 0.865 

0.5 0.2 3.62 0.873 

0.5 0.25 3.70 0.861 

0.5 0.4 3.91 0.832 

0.7 0.2 3.74 0.866 

1.0 0.2 3.92 0.851 

Table 2 presents the sensitivity results of the initial proportion 𝜌𝜌0 for difficult case mining. When 
𝜌𝜌0 = 0.6, the model performance is the best, with an MAE of 3.62 points and a SRCC of 0.873. If 𝜌𝜌0 
is too low (0.4), extreme samples will be frequently ignored, and the model's fitting ability for high-
score and low-score samples will decline, with the MAE rising to 3.94 points. If 𝜌𝜌0 is too high (0.7), 
the effect of difficult case mining will weaken, the training convergence speed will decrease, and the 
final accuracy will slightly drop. The experimental results show that the optimal range of 𝜌𝜌0 is 0.55 to 
0.65. 

Table 2. Sensitivity analysis of the initial proportion of hard samples 

𝜌𝜌0  MAE (points) SRCC 

0.4 3.94 0.828 

0.5 3.78 0.849 

0.55 3.67 0.864 

0.6 3.62 0.873 

0.65 3.65 0.868 

0.7 3.71 0.855 

Table 3 shows the impact of difficulty threshold shift in course learning on model performance. 
Taking the baseline threshold (low difficulty <0.3, high difficulty ≥ 0.6) as the reference, the two 
thresholds were shifted by ±0.05 respectively. The experimental results indicate that the maximum 
change in MAE was 0.07 points (relative change 1.9%), and the maximum change in SRCC was 0.009 
(relative change 1.0%), indicating that the course learning strategy is insensitive to threshold selection 
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and has good robustness. 

Table 3. Sensitivity analysis of course learning difficulty thresholds 

Threshold setting MAE (points) SRCC 

Reference (0.3 / 0.6) 3.62 0.873 

Low threshold offset -0.05 (0.25 / 0.6) 3.69 0.864 

Low threshold offset +0.05 (0.35 / 0.6) 3.65 0.869 

High threshold offset -0.05 (0.3 / 0.55) 3.67 0.866 

High threshold offset +0.05 (0.3 / 0.65) 3.64 0.871 

Based on the results of the above experiments, the benchmark configuration was selected as the 
optimal set of hyperparameters: 𝜆𝜆1 = 0.5, 𝜆𝜆2 = 0.2, 𝜌𝜌0 = 0.6. The course learning used thresholds 
of 0.3 and 0.6. All subsequent experiments were conducted under this configuration. 

6. EXPERIMENTAL DESIGN AND RESULT ANALYSIS 
To fully verify the effectiveness of the proposed deep learning-based automatic assessment 

algorithm for student sports movement quality, this section designs a systematic experimental plan. First, 
the composition of the dataset and the evaluation metrics are introduced. Then, multiple representative 
methods are selected as baselines. Subsequently, ablation experiments verify the contribution of each 
core module. Next, robustness tests evaluate the algorithm’s performance in complex scenarios. Finally, 
the distribution of scoring errors is analyzed and typical misjudgment cases are dissected. 

6.1 Dataset description and evaluation metrics 

The experiment used a self-developed sports action quality assessment dataset (SAQD), 
constructed based on the multimodal acquisition platform described in Section 2. A total of 180 students 
(aged 12–18 years, height 145–185 cm) performed four sports actions: standing long jump, one-minute 
sit-ups, basketball free throw, and volleyball overhead pass. Each action included 600 valid samples, 
yielding a total of 2400 action sequences. Each sample was independently scored by three sports 
professionals according to the national student physical fitness standards (scores from 0 to 100), and 
the average was used as the true label. The intraclass correlation coefficient (ICC) of the scores from 
the three teachers was 0.92, indicating high annotation consistency. The dataset was split into training 
(1440 samples), validation (480), and test (480) sets in a 6:2:2 ratio. To simulate real-world scenarios, 
20% of the test set contained low-light samples and 15% contained partially occluded samples.  

The evaluation metrics employed four quantitative indicators to comprehensively measure the 
performance of the algorithm. The first is the Mean Absolute Error (MAE), defined as the average 
absolute difference between the predicted score and the true score: 

MAE =
1
𝑁𝑁test

� ∣
𝑁𝑁test

𝑖𝑖=1

𝑦𝑦𝑖𝑖 − 𝑦𝑦�𝑖𝑖 ∣ (26) 
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Here, 𝑁𝑁test = 480 represents the total number of samples in the test set, and 𝑦𝑦𝑖𝑖 and 𝑦𝑦�𝑖𝑖 are the 
actual rating and predicted rating of the 𝑖𝑖-th sample respectively. The smaller the MAE, the higher the 
prediction accuracy. The next is the Root Mean Square Error (RMSE), which imposes a higher penalty 
for large errors: 

RMSE = � 1
𝑁𝑁test

�(
𝑁𝑁test

𝑖𝑖=1

𝑦𝑦𝑖𝑖 − 𝑦𝑦�𝑖𝑖)2 (27) 

The third is the Spearman Rank Correlation Coefficient (SRCC), which is used to evaluate the 
monotonic ordering consistency between the predicted score and the actual score: 

SRCC = 1 −
6� (𝑁𝑁test

𝑖𝑖=1 𝑟𝑟𝑖𝑖 − 𝑟̂𝑟𝑖𝑖)2

𝑁𝑁test(𝑁𝑁test
2 − 1)

(28) 

Here, 𝑟𝑟𝑖𝑖 and 𝑟̂𝑟𝑖𝑖 represent the actual and predicted rankings of the test samples respectively. The 
SRCC value ranges from [−1,1], and the closer it is to 1, the stronger the consistency of the ranking. 
The fourth metric is the accuracy within tolerance (Accuracy within Tolerance, Acc@𝜃𝜃), defined as the 
proportion of samples where the deviation between the predicted score and the actual score is within 
the threshold 𝜃𝜃. In this paper, this article adopts 𝜃𝜃 = 5 points and 𝜃𝜃 = 10 points:  

Acc@𝜃𝜃 =
1
𝑁𝑁test

�𝕀𝕀(∣
𝑁𝑁test

𝑖𝑖=1

𝑦𝑦𝑖𝑖 − 𝑦𝑦�𝑖𝑖 ∣≤ 𝜃𝜃) (29) 

6.2 Model Selection Based on Comparison 

To verify the superiority of the algorithm proposed in this paper, five representative methods were 
selected as the comparison baselines, covering traditional posture quality assessment methods and 
general video regression models. The first category is the regression method based on manual features, 
PoseQuality, which uses the three-dimensional skeletal keypoint coordinates after PCA dimensionality 
reduction as features and uses a random forest regressor for score prediction. The second category is 
the video regression model based on CNN, TSN (Temporal Segment Networks), which uses ResNet50 
as the backbone network, extracts features from uniformly sampled video frames, and outputs the score 
through the fully connected layer. The third category is the action quality assessment method based on 
GCN, USDL (Uncertainty-aware Skill Determination Learning), which extracts skeletal features using 
a graph convolution network with a fixed adjacency matrix and performs score regression. The fourth 
category is the video regression model based on Transformer, VideoMAE, which uses a video 
Transformer pre-trained by masked autoencoder for fine-tuning. The fifth category is the recently 
proposed dedicated model for action quality assessment, ActionQualityFormer, which combines 
temporal Transformer and contrastive learning. All comparison models were re-trained on the same 
SAQD dataset and used the optimal hyperparameter configuration recommended in their original papers. 

Table 4 summarizes the overall performance of the algorithm in this paper and the five comparison 
models on the SAQD test set. The algorithm achieves the best results in all four evaluation metrics: 
MAE reaches 3.62 points, 13.4% lower than the second-best ActionQualityFormer (4.18 points); RMSE 
reaches 4.85 points, 11.2% lower than ActionQualityFormer (5.46 points); SRCC reaches 0.873, 3.8% 
higher than ActionQualityFormer (0.841); Acc@5 reaches 54.2%, meaning that more than half of the 
samples have a prediction error within 5 points, and Acc@10 reaches 82.7%. It is worth noting that the 
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PoseQuality method based on manual features performs the worst, with an MAE of 7.93 points, 
indicating that traditional feature engineering is difficult to capture the deep semantics of action quality. 
TSN and VideoMAE, as general video regression models, are superior to the manual feature method, 
but their MAE is still above 6 points, indicating that pure video frame features lack explicit modeling 
of skeletal structure and temporal dependencies. USDL, using graph convolution networks to process 
skeletal data, has a performance (MAE = 5.62 points) significantly better than TSN, verifying the 
effectiveness of skeletal representation for action quality assessment. ActionQualityFormer, as the 
current optimal dedicated model for action quality assessment, achieves competitive results, but the 
algorithm in this paper achieves a comprehensive superiority after introducing adaptive graph 
convolution, temporal multi-scale aggregation, and contrastive bias correction. 

Table 4. Overall performance comparison of different algorithms on the SAQD test set 

Algorithm MAE (points) ↓ RMSE (Score) ↓ SRCC ↑ Acc@5 (%) ↑ Acc@10 (%) ↑ 

PoseQuality 7.93 10.21 0.612 28.5 54.8 

TSN 6.58 8.49 0.703 34.2 63.5 

USDL 5.62 7.23 0.761 39.7 71.3 

VideoMAE 6.17 8.02 0.725 36.1 65.9 

ActionQualityFormer 4.18 5.46 0.841 47.6 78.4 

Proposed 3.62 4.85 0.873 54.2 82.7 

Figure 1 shows the scatter plot of the predicted scores and the actual scores of six algorithms on 
the test set. Each point represents a test sample, and the diagonal line represents the ideal prediction 
(𝑦𝑦� = 𝑦𝑦). Observing the figure, it can be seen that the points of the algorithm in this paper are closely 
distributed around the diagonal line, and the outliers far from the diagonal line are significantly fewer 
than those of other methods. Especially in the high-score range (85-100 points) and the low-score range 
(0-35 points), this algorithm still maintains a high prediction accuracy, while ActionQualityFormer 
shows more deviations in the two extreme ranges, indicating that the deviation correction branch 
effectively alleviates the fitting difficulty of the sample at the score boundaries. 
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Figure 1. Scatter plot comparison of predicted scores and actual scores by different algorithms 

6.3 Ablation Experiment 

To quantify the contribution of each core module of the algorithm in this paper, six ablation 
experiments were designed. The complete model is denoted as Model-Full. Variant Model-A removes 
the adaptive graph convolution layer and fixes the use of the physical adjacency matrix A without 
learning B(ℓ). Variant Model-B removes the temporal multi-scale aggregation module and only uses a 
single-scale time-domain convolution (convolution kernel size 3, dilation rate 1). Variant Model-C 
removes the attention-guided edge weight learning mechanism (including spatial attention and temporal 
attention). Variant Model-D removes the segmented fine-grained scoring head and only uses global 
features for scoring prediction. Variant Model-E removes the contrastive learning bias correction branch 
(i.e., setting 𝜆𝜆3 = 0 and deleting the Δ term). Variant Model-F removes the sorting loss term in the 
mixed loss (setting 𝜆𝜆1 = 0). All variant models adopt the same training strategy and hyperparameter 
configuration as the complete model. 

Table 5 presents the results of the ablation experiments. The complete model (Model-Full) 
outperforms all variants in all metrics, verifying the positive contributions of each module. After 
removing the adaptive graph convolution layer (Model-A), MAE increases from 3.62 points to 4.31 
points (an increase of 19.1%), while SRCC decreases from 0.873 to 0.831, indicating that the adaptive 
learning of non-physical adjacent joint dependencies is crucial for capturing the coordination features 
in action quality. Removing the temporal multi-scale aggregation module (Model-B) leads to an 
increase in MAE to 4.28 points and Acc@5 drops to 47.3%, indicating that different time-scale action 
patterns (explosive actions and continuous actions) require joint modeling of multiple branch time-
domain convolutions. Removing the attention mechanism (Model-C) results in an increase in MAE to 
4.15 points and a decrease in SRCC to 0.842, verifying that the attention-guided edge weight allocation 
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can help the network focus on the discriminative movement features of key limbs. 

Table 5. Results of the ablation experiment 

Model configuration MAE (points) RMSE (Score) SRCC Acc@5 (%) Acc@10 (%) 

Model-A (without adaptive graph convolution) 4.31 5.76 0.831 46.5 76.2 

Model-B (without dual-scale temporal aggregation) 4.28 5.69 0.835 47.3 77.1 

Model-C (without attention mechanism) 4.15 5.52 0.842 48.9 78.5 

Model-D (without segmented scoring head) 4.06 5.38 0.851 49.8 79.3 

Model-E (without contrastive bias correction) 3.98 5.29 0.858 51.2 80.6 

Model-F (without sorting loss) 3.89 5.18 0.848 52.0 81.4 

Model-Full (complete model) 3.62 4.85 0.873 54.2 82.7 

By comparing Model-D with the complete model, it can be seen that after removing the segmented 
fine-grained scoring head, the MAE increased to 4.06 points, indicating that dividing the actions into 
four stages and independently outputting the stage scores can effectively utilize the intermediate 
supervision signals. The results of Model-E show that after removing the contrast deviation correction 
branch, the MAE increased by 0.36 points and the SRCC decreased by 0.015. In particular, the 
prediction errors for the samples at both ends of the rating range increased significantly, which is 
consistent with the observation in Figure 1. Model-F (removing the sorting loss) had an SRCC of 0.848, 
which was 2.9% lower than that of the complete model, but the MAE remained at 3.89 points. This 
indicates that the sorting loss mainly contributes to maintaining the relative order relationship between 
samples, while its impact on absolute accuracy is relatively limited. 

Figure 2 presents an intuitive comparison of the MAE increments of each ablation variant relative 
to the complete model in the form of a bar chart. It can be seen that the removal of the adaptive graph 
convolution and the temporal multi-scale aggregation module resulted in the greatest performance loss 
(MAE increments of 0.69 points and 0.66 points respectively), while the contribution of contrast 
deviation correction and the segmented scoring head was second (MAE increments of 0.36 points and 
0.44 points respectively). This sorting reveals that the two most innovative modules in the algorithm of 
this paper - the adaptive graph convolution and the multi-scale temporal aggregation - are also the core 
components that contribute the most to the improvement in accuracy. 
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Figure 2. Bar chart showing the increase in MAE caused by removing each module 

6.4 Robustness Test 

To evaluate the robustness of the algorithm presented in this paper in real application scenarios, 
three types of robustness tests were designed: illumination variation, partial occlusion, and different 
motion types. The test set was structured in the aforementioned manner, including low-light samples 
(20%, 96) and occlusion samples (15%, 72). Additionally, independent evaluations were conducted on 
the test subsets for the four motion types (standing long jump, sit-ups, shooting, and throwing the ball). 

Table 6 presents the performance of the algorithm in this study under different test conditions. 
Under normal lighting without obstruction, the MAE is 3.38 points (this value is the result calculated 
only from the standard test subset and is slightly better than the average of 3.62 across the entire test 
set). In low lighting conditions, the MAE rises to 4.15 points (an increase of 22.8%), but the SRCC 
remains at a relatively high level of 0.831, indicating that the algorithm has a certain level of 
illumination insensitivity in modeling human skeletal structure. Under partial obstruction conditions, 
the MAE further rises to 4.48 points (an increase of 32.5%), mainly due to the loss or reduced 
confidence of some key points of the skeleton caused by the obstruction. However, the model can still 
perform reasoning using the visible limb information. 

 



38 

Table 6. Algorithm performance under different testing conditions 

Test conditions Sample size MAE (points) RMSE (Score) SRCC Acc@5 (%) 

Normal lighting / no obstruction 312 3.38 4.52 0.887 57.7 

Low lighting 96 4.15 5.48 0.831 47.9 

Partial obstruction 72 4.48 5.91 0.809 44.4 

Standing long jump 120 3.71 4.96 0.861 52.5 

Sit-up 120 3.45 4.63 0.879 55.8 

Basketball shooting 120 3.92 5.21 0.848 49.2 

Volleyball spiking 120 3.58 4.78 0.870 54.2 

Figure 3 presents the MAE and SRCC values for different exercise types in the form of a radar 
chart. The sit-up exercise has the highest evaluation accuracy (MAE = 3.45 points, SRCC = 0.879), as 
the trajectory of this exercise is regular and periodic, making it easy for the model to learn its quality 
evaluation criteria. The basketball shooting has the lowest accuracy (MAE = 3.92 points, SRCC = 
0.848), because the subtle posture changes of the wrist in the shooting movement significantly affect 
the accuracy of the basket entry, and the current sampling rate of 30Hz may not be sufficient to capture 
the millisecond-level release details. The standing long jump and volleyball spike have intermediate 
performance. Overall, the MAE values of the algorithm for the four exercise types range from 3.45 to 
3.92 points, and the SRCC values range from 0.848 to 0.879, demonstrating good cross-action 
generalization ability. 

 

Figure 3. Performance radar chart for different types of movements 

To further analyze the behavioral characteristics of the model, the statistical distribution of the 
prediction errors on the test set was analyzed. The absolute error 𝜖𝜖𝑖𝑖 =∣ 𝑦𝑦𝑖𝑖 − 𝑦𝑦�𝑖𝑖 ∣. The mean error of all 
480 test samples was 3.62 points, and the standard deviation was 2.48 points. The error distribution 
showed a right-skewed feature: approximately 68.3% of the samples had errors within the range of 3.62 
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± 2.48 points, and more than 90% of the samples had errors below 7 points. However, there were a few 
samples with high errors (errors > 10 points), accounting for 4.6% of the total. Figure 4 presents the 
histogram of the error distribution and the cumulative percentage curve. It can be seen that the errors 
are concentrated in the 0-5 points range, and the cumulative curve reaches 54.2% at 5 points and 82.7% 
at 10 points. 

 

Figure 4. Histogram of test set error distribution and cumulative percentage curve 

The 20 samples with the largest errors (errors > 8.5 points) were manually reviewed and analyzed 
for cases, and three typical error judgment patterns were summarized. The first type is the “ambiguous 
action boundary” type (accounting for about 45% of the error samples), mainly occurring in the 
transitional frames between the take-off and the airborne phases of the standing long jump. Since the 
segmentation boundaries in the fourth section are automatically predicted by the model, when students’ 
take-off actions are not standard (such as using secondary force), the stage detection module has 
difficulty accurately locating the boundaries, resulting in deviation in the allocation of stage scores. The 
second type is the “atypical movement style” type (accounting for about 30%), for example, students 
with higher height adopt a lower release point when shooting, and this posture, which is quite different 
from the distribution of the mainstream samples in the training set, leads to a lower model prediction. 
The third type is the “coupled multi-quality dimensions” type (accounting for about 25%), occurring in 
the sit-up action, where there is a trade-off relationship between the two quality dimensions of waist 
height off the ground and movement speed (the faster the speed, the possible lack of waist height off 
the ground). The model sometimes has difficulty balancing the relative importance of the two. For the 
above three types of errors, the subsequent improvement directions can include introducing explicit 
temporal alignment loss for action stage detection, expanding the proportion of training samples of 
different body types, and designing multi-task learning structures to model different dimensions of 
quality separately. 

Table 7 summarizes the characteristics, proportions and typical action types of the three types of 
misjudgment patterns, providing a clear direction for algorithm optimization. 
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Table 7. Classification statistics of typical misjudgment cases 

Misjudgment mode Percentage Typical movement types Error range (points) 

Blurred action boundaries 45% Standing long jump 9.2~14.5 

Atypical motion style 30% Basketball shot 8.7~12.3 

Coupling of multiple quality dimensions 25% Sit-ups 8.9~11.8 

Based on the analysis of the above experiments, the algorithm in this paper performs exceptionally 
well under standard test conditions (MAE = 3.62 points, SRCC = 0.873), significantly outperforming 
the existing comparison methods. The ablation experiments quantified the key contributions of the core 
innovative modules of adaptive graph convolution and multi-scale temporal aggregation. The 
robustness test demonstrated that the algorithm has a certain tolerance to low lighting and partial 
occlusion, and performs stably on four different motion types. The error analysis revealed that the 
detection of action boundaries and atypical styles are the main sources of misjudgment at present, 
providing a direction for future research for improvement. 

7. ALGORITHM COMPLEXITY AND REAL-TIME PERFORMANCE 
VERIFICATION 

In actual physical education teaching scenarios, the motion quality assessment algorithm not only 
requires high scoring accuracy but must also meet real-time inference requirements on edge devices. 
Therefore, in this section, the complexity and real-time performance of the proposed algorithm are 
verified from four dimensions: parameter quantity statistics, floating-point operation count, edge device 
inference speed, and efficiency-accuracy comprehensive comparison. All experiments are conducted in 
a unified hardware environment: the training server is configured with an Intel Core i9-10900K CPU, 
NVIDIA RTX 3090 GPU (24GB memory), and the edge device uses the NVIDIA Jetson Nano 
Developer Kit (4GB memory, Maxwell architecture GPU, with the working mode set to 10W power 
consumption). 

7.1 Statistics of parameter quantity and floating-point operations count 

First, calculate the number of parameters and the number of floating-point operations for each 
component of the proposed algorithm model. Let the total number of parameters of the model be Ψtotal, 
which can be decomposed into three parts: the parameter quantity of the spatio-temporal graph 
convolution backbone network Ψbackbone, the parameter quantity of the hierarchical scoring regression 
module Ψregression , and the parameter quantity of the auxiliary network head Ψaux . The number of 
floating-point operations is measured by the total sum of multiplication and addition operations required 
for a single forward inference processing of an action sample (𝐿𝐿 = 90 frames, 𝐾𝐾 = 17 key points), 
denoted as ℱ . For the graph convolution layer, its computational quantity can be approximately 
represented as: 

ℱGCN = 𝐿𝐿 × 𝐾𝐾 × 𝐶𝐶in × 𝐶𝐶out × �1 + 𝜌𝜌edge� (30) 

Here, 𝐶𝐶in and 𝐶𝐶out represent the number of input and output channels respectively, and 𝜌𝜌edge is 
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the additional edge proportion introduced by the adaptive adjacency matrix. In this paper, 𝜌𝜌edge = 0.3 
because the number of self-learned edges is approximately 1.3 times that of the physical edges. For the 
temporal multi-scale aggregation module, the total computational volume of its parallel convolution 
branches is the sum of the computational volumes of each branch: 

ℱTMS = 𝐿𝐿 × 𝐶𝐶 × � 𝑘𝑘𝑚𝑚

𝑀𝑀

𝑚𝑚=1

(31) 

Here, 𝑀𝑀 = 4 represents the number of branches, 𝑘𝑘𝑚𝑚 is the convolution kernel size of the 𝑚𝑚-th 
branch, and 𝐶𝐶  is the number of feature channels. For the attention mechanism, the additional 
computational overhead of spatial attention and temporal attention is approximately 8% ∼ 12% of the 
total computational volume of the backbone network. 

Table 8 details the parameter quantities and the number of floating-point operations per inference 
for each component of the model. The backbone network consists of 6 spatio-temporal graph 
convolution blocks, with a total parameter quantity of 2.81M. Among them, the learnable edge weight 
matrix B(ℓ) of the adaptive graph convolution layer contributes 6 × 289 = 1,734 parameters, which 
accounts for a very small proportion. The temporal multi-scale aggregation module is repeatedly used 
in each block, with a cumulative parameter quantity of 0.52M. In the hierarchical scoring regression 
module, the parameter quantity of the global-local joint encoder is 0.18M, the parameter quantity of the 
segmented fine-grained scoring head is 0.09M (with 𝑃𝑃 = 4 stages corresponding to one lightweight 
fully connected network each), the parameter quantity of the contrastive deviation correction branch is 
0.03M, and the parameter quantity of the dual output layer is 0.02M. The total parameter quantity of 
the model is Ψtotal = 3.72 M. In terms of floating-point operations, a single forward inference requires 
approximately 1.87 × 109  floating-point operations (1.87 GFLOPs), where graph convolution 
operations dominate (about 1.28 GFLOPs, accounting for 68.5%), followed by temporal multi-scale 
aggregation (about 0.31 GFLOPs, accounting for 16.6%), and the attention mechanism and scoring 
regression module together account for approximately 14.9%. 
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Table 8. Parameter quantities of each component of the model and statistics of floating-point 
operations 

Component Name Parameter 
quantity (M) 

Percentage 
(%) 

Floating-point operation 
volume (GFLOPs) 

Percentage 
(%) 

Spatio-temporal Graph Convolutional 
Backbone (with 6 blocks) 2.81 75.5 1.53 81.8 

——Adaptive Graph Convolutional Layer 1.96 52.7 1.28 68.5 

——Temporal Multi-scale Aggregation 0.52 14.0 0.31 16.6 

——Attention Edge Weight Learning 0.33 8.9 0.14 7.5 

Hierarchical Scoring Regression Module 0.67 18.0 0.21 11.2 

—— Global-Local Joint Encoder 0.18 4.8 0.08 4.3 

—— Segmented Fine-grained Scoring Head 0.09 2.4 0.05 2.7 

—— Contrastive Bias Correction Branch 0.03 0.8 0.01 0.5 

—— Dual Output Layers 0.02 0.5 0.01 0.5 

Auxiliary Module (Dropout/BN Parameters) 
In total 0.24 6.5 0.13 7.0 

Component Name 3.72 100 1.87 100 

Figure 5 presents the distribution of parameters and computational costs in each component in the 
form of a pie chart. From the perspective of parameters, the backbone network accounts for more than 
three quarters (75.5%), which is in line with its design as the core feature extractor; from the perspective 
of computational costs, the backbone network has a higher proportion (81.8%), among which the graph 
convolution layer becomes the main source of computational overhead due to the need to aggregate 
information from different key points on each frame. In contrast, the deviation correction branch and 
the dual output layer, which only perform a small number of fully connected operations after feature 
extraction, have a parameter and computational cost ratio lower than 1.5%, achieving lightweight 
quality correction functionality. 



43 

 

Figure 5. Pie chart showing the distribution of model parameters and floating-point operation 
quantities by component 

7.2 Edge Device Inference Speed Test 

The trained model is deployed to the Jetson Nano edge device, and inference acceleration and FP16 
half-precision quantization are adopted using TensorRT. During the test, different frame lengths of 
action sequences (30 frames, 60 frames, 90 frames, 120 frames, corresponding to 1 second, 2 seconds, 
3 seconds, 4 seconds of action duration) are input respectively. 100 inference runs are performed under 
each configuration and the average time consumption is taken. The single sample inference delay is 
defined as 𝜏𝜏inf , and the processing frame rate (throughput) is FPS = 1/𝜏𝜏inf . To meet the real-time 
requirements, it is usually expected that the processing frame rate is not lower than the action acquisition 
frame rate (30 fps), that is, the single sample inference delay needs to be less than 33.3 milliseconds. 

Table 9 reports the inference performance of the proposed algorithm on Jetson Nano. For the 
standard input of 90 frames (3 seconds of action), the inference delay of the original model with FP32 
precision is 74.2 milliseconds, corresponding to a frame rate of 13.5 fps, which does not meet the real-
time requirements. After using TensorRT FP16 optimization, the inference delay is reduced to 41.3 
milliseconds (frame rate 24.2 fps), still slightly lower than 30 fps. Further combining model pruning 
(removing low-contribution convolution kernels with parameter volume less than 0.01M, with a pruning 
rate of 15%) and layer fusion optimization, the inference delay is reduced to 28.6 milliseconds, the 
frame rate reaches 35.0 fps, exceeding the real-time threshold. For shorter 30-frame input, the delay 
after optimization is only 12.4 milliseconds (frame rate 80.6 fps), which can meet the higher frequency 
real-time feedback requirements. For long sequences of 120 frames input, the delay after optimization 
is 52.7 milliseconds (frame rate 19.0 fps), slightly lower than the real-time requirement. At this time, 
an inter-frame sliding window strategy can be adopted, and only the most recent 90 frames are evaluated. 
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Table 9. Jetson nano edge device inference performance 

Input frame 
length 

Corresponding duration 
(seconds) Optimization method Inference delay 

(ms) 
Frame rate 
(FPS) 

Is it meeting the requirement 
of real-time (≥ 30 FPS) 

30 1.0 Original FP32 
TensorRT FP16 28.3 35.3 ✓ 

30 1.0 Pruning + TensorRT 14.8 67.6 ✓ 

30 1.0 FP32 original 
TensorRT FP16 12.4 80.6 ✓ 

60 2.0 Pruning + TensorRT 52.6 19.0 ✗ 

60 2.0 FP32 original 
TensorRT FP16 29.5 33.9 ✓ 

60 2.0 Pruning + TensorRT 21.8 45.9 ✓ 

90 3.0 FP32 original 
TensorRT FP16 74.2 13.5 ✗ 

90 3.0 Pruning + TensorRT 41.3 24.2 ✗ 

90 3.0 Optimization method 28.6 35.0 ✓ 

120 4.0 Original FP32 
TensorRT FP16 96.5 10.4 ✗ 

120 4.0 Pruning + TensorRT 68.9 14.5 ✗ 

120 4.0 FP32 original 
TensorRT FP16 52.7 19.0 ✗ 

Figure 6 presents the comparison chart of inference latency for three optimization configurations 
(FP32 original, TensorRT FP16, pruning + TensorRT) under different input frame lengths. It can be 
observed that the pruning + TensorRT combination achieves approximately 60% to 65% latency 
reduction compared to the original FP32 model across all input lengths. Moreover, as the input frame 
length increases, the absolute latency savings become more significant. Additionally, we also tested the 
inference latency when the batch size is 4. Under 90 frames of input, the batch processing latency is 
85.3 milliseconds, with an average latency of 21.3 milliseconds per sample. The real-time performance 
is further improved in the batch processing scenario. 
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Figure 6. Relationship between inference delay and input frame length under different 
optimization methods 

7.3 Comprehensive efficiency-accuracy comparison with the comparative model 

Finally, the proposed algorithm is compared with the contrast model in Section 6.2 in terms of 
efficiency and accuracy. The comprehensive efficiency index “precision-speed trade-off coefficient” 
𝜂𝜂 = SRCC/(𝜏𝜏inf × Ψtotal) is defined. This index takes into account the sorting correlation, inference 
delay (in milliseconds), and model parameter quantity (in millions). The larger the value, the higher the 
comprehensive efficiency. All models are implemented on Jetson Nano using the optimal inference 
acceleration scheme (each model uses TensorRT FP16, the proposed algorithm additionally uses 
pruning, and the contrast model performs pruning optimization as recommended in its original paper). 
The input frame length is uniformly set to 90 frames. 

Table 10 presents the comparison results of the six models in terms of accuracy (MAE and SRCC), 
parameter quantity, inference delay, and comprehensive efficiency coefficient. The proposed algorithm 
achieves an SRCC of 0.873 with 3.72M parameters and an inference delay of 28.6 milliseconds, with 
an MAE of 3.62 points. Compared with ActionQualityFormer (with 5.84M parameters, 35.2 
milliseconds delay, and an SRCC of 0.841), the proposed algorithm reduces the parameter quantity by 
36.3%, lowers the inference delay by 18.7%, and increases the SRCC by 3.8%. Compared with USDL 
(the graph convolution baseline model), the proposed algorithm only increases the parameter quantity 
by 0.47M (about 14.5%), but the SRCC increases from 0.761 to 0.873 (an increase of 14.7%), 
demonstrating the significant accuracy gain brought by the adaptive graph convolution and multi-scale 
aggregation module. Compared with the general VideoMAE (with a parameter quantity of up to 87.5M 
and a delay of 142.7 milliseconds), the proposed algorithm's deployment feasibility on Jetson Nano is 
several orders of magnitude higher, making it more suitable for edge computing scenarios. 
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Table 10. Comprehensive efficiency-precision comparison of different models on jetson nano (90 
frames input) 

Model MAE (points) SRCC Parameter quantity (M) Inference delay (ms) Overall efficiency η (×10⁻³) 

PoseQuality 7.93 0.612 0.03 3.7 5.51 

TSN 6.58 0.703 24.9 68.5 0.41 

USDL 5.62 0.761 3.25 24.8 9.44 

VideoMAE 6.17 0.725 87.5 142.7 0.06 

ActionQualityFormer 4.18 0.841 5.84 35.2 4.09 

Proposed 3.62 0.873 3.72 28.6 8.21 

Although PoseQuality has extremely low inference latency (3.7 ms) and the smallest number of 
parameters (0.03M), its SRCC is only 0.612, indicating insufficient accuracy for actual teaching 
assessment requirements. The proposed algorithm achieves the highest SRCC under the premise of 
moderate parameter quantity and inference latency, with the comprehensive efficiency coefficient η 
reaching 8.21×10⁻³, ranking first among all models with “available accuracy” (SRCC > 0.8).  

In summary, the proposed algorithm maintains high accuracy (MAE = 3.62 points, SRCC = 0.873) 
while being optimized through pruning and TensorRT. After optimization, it can run in real-time on 
Jetson Nano at a speed of 28.6 milliseconds per sample (35 FPS), with the parameter size controlled at 
3.72M. The overall efficiency is superior to existing mainstream action quality assessment models and 
meets the requirements for edge deployment in actual sports teaching scenarios. 

8. CONCLUSION 
This paper addresses the actual demand for automatic assessment of students' movement quality in 

physical education teaching scenarios, proposing an end-to-end assessment algorithm based on deep 
learning. The entire paper conducts a systematic study around six core aspects: multi-modal data 
acquisition and preprocessing, adaptive spatiotemporal graph convolution backbone network, 
hierarchical scoring regression module, mixed loss function and training strategy optimization, 
experimental verification, and complexity analysis. At the data level, a multi-modal acquisition platform 
including RGB cameras, depth sensors, and wearable inertial units was constructed. Time series 
alignment, three-dimensional pose extraction and normalization processing were carried out, and three 
types of data augmentation strategies such as temporal distortion, skeletal perturbation and perspective 
synthesis were designed to provide high-quality skeletal sequence inputs for subsequent model training. 
At the network architecture level, an adaptive graph convolution layer based on human topology was 
designed, breaking the limitation of fixed adjacency matrix and achieving dynamic modeling of the 
collaborative relationship between non-physically adjacent joints; a temporal multi-scale aggregation 
module was introduced to capture the pattern features of actions at different time granularities through 
parallel convolution branches; combined with the attention-guided edge weight learning mechanism, 
the network automatically focuses on the most critical limb connections and temporal stages for quality 
discrimination. At the scoring regression level, a hierarchical architecture including a global-local joint 
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encoder, segmented fine-grained scoring head, contrastive learning bias correction branch and dual 
output layers was proposed to achieve comprehensive quality modeling from overall coordination to 
local posture and individual deviation compensation. At the training optimization level, a mixed loss 
function integrating mean squared error, ranking loss and local consistency loss was designed, along 
with sample difficult case mining and curriculum learning scheduling strategies, effectively improving 
the model's ability to distinguish boundary samples and generalization performance. 

Through a large number of experiments on the self-built sports movement quality assessment 
dataset, the algorithm achieved an average absolute error of 3.62 points and a Spearman rank correlation 
coefficient of 0.873, significantly outperforming five comparison methods such as PoseQuality, TSN, 
USDL, VideoMAE and ActionQualityFormer. Ablation experiments quantitatively verified the positive 
contributions of each core module, including adaptive graph convolution, temporal multi-scale 
aggregation, attention mechanism, segmented scoring head, contrastive bias correction and ranking loss. 
The removal of adaptive graph convolution and multi-scale temporal aggregation modules led to an 
increase of 0.69 points and 0.66 points in the average absolute error, highlighting the crucial role of 
these two as core innovative components. Robustness tests showed that the average absolute error was 
4.15 points in low-light conditions and 4.48 points in partial occlusion conditions, and the algorithm 
maintained stable performance in four different sports types such as standing long jump, sit-ups, 
basketball shooting and volleyball spiking, demonstrating excellent cross-scenario and cross-action 
generalization capabilities. In terms of algorithm complexity, the total parameter quantity of the model 
was controlled at 3.72 million, and the single inference floating-point operation count was 1.87 billion. 
After pruning and TensorRT optimization, it could achieve a processing speed of 35 frames per second 
with a latency of 28.6 milliseconds per sample on the Jetson Nano edge device, meeting real-time 
requirements. The comprehensive accuracy-efficiency comparison showed that the algorithm achieved 
the best overall efficiency coefficient among all available precision levels (Spearman rank correlation 
coefficient greater than 0.8). 

The main advantages of the algorithm in this paper are as follows: First, the adaptive graph 
convolution mechanism can dynamically adjust the connection weights between joints for different 
movement types. For example, it automatically strengthens the coupling relationship between the wrist 
and shoulder in the shooting action, and strengthens the coordination relationship between the hip, knee 
and ankle in the standing long jump. This data-driven modeling approach significantly improves the 
scoring accuracy. Secondly, the segmented fine-grained scoring head not only outputs the overall score 
but also provides independent scores for different action stages such as pre-swing, take-off, flight, and 
landing, offering students actionable local improvement directions and enhancing the interpretability of 
the model. Thirdly, the deviation correction branch effectively alleviates the scoring system deviation 
caused by individual differences such as student height and flexibility, making the model more stable 
on different body types of test samples. Fourthly, the pruned and quantized model has the ability of real-
time inference at the edge, enabling automatic scoring within the sports venue without relying on cloud 
computing power, reducing deployment costs and network latency. The applicable boundaries of the 
algorithm mainly lie in: the current version relies on three-dimensional skeletal key points output by 
depth sensors, and in scenarios with only ordinary RGB cameras, additional posture estimation 
algorithms need to be deployed; for long sequences with action duration exceeding 4 seconds, the single 
inference delay will rise to 52.7 milliseconds, although it can be handled through sliding window 
strategies, the real-time performance will be somewhat reduced; moreover, the algorithm has been 
trained for four basic sports actions, and for action types with significantly different complexity, it needs 
to be retuned. 
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Looking to the future, the research in this paper can be further expanded in the following directions. 
First, the introduction of weak supervision and self-supervised learning. The current algorithm relies on 
three sports teachers to independently annotate the score of each sample, which incurs high annotation 
costs and cannot completely eliminate subjectivity. In the future, contrastive learning and metric 
learning could be explored to train quality assessment models using only action category labels or 
pairwise comparison labels, significantly reducing reliance on detailed scoring annotations. Specifically, 
a self-supervised pre-training task based on ranking consistency could be designed, first learning 
temporal structure representations of actions from large-scale unlabeled skeletal sequences, and then 
fine-tuning on small labeled datasets. Second, improving cross-action generalization. The current model 
trains or fine-tunes separately for different action types, failing to fully exploit shared quality assessment 
knowledge across actions. In the future, research on meta-learning or domain generalization methods 
can be conducted to train a quality assessment basic model that can quickly adapt to new action types 
with only a small number of new action samples. For example, by constructing an action-independent 
motion quality representation space, the common quality dimensions such as “coordination”, 
“standardization”, and “coherence” can be decoupled for learning. Third, deep integration and 
complementarity of multimodal information. The current algorithm mainly relies on skeletal keypoint 
sequences, whereas RGB images contain subtle cues like muscle tension and facial expressions, as well 
as acceleration details in IMU data that have not been fully utilized. In the future, a multimodal fusion 
Transformer could be designed to adaptively fuse skeletal structure, texture, and inertial information at 
the feature level, further improving robustness in occluded and fast-moving scenarios. Fourth, 
enhancing interpretability of assessment feedback. Although the segmented scoring head outputs stage 
scores, it has not yet identified specific problematic limbs or joints for individual students. In the future, 
by combining attention map visualization and skeletal heatmap technology, the system could annotate 
specific problem areas such as “insufficient takeoff angle” or “off-center landing” while providing a 
score, enabling truly intelligent error correction guidance. Fifth, online learning and personalized 
adaptation. Different students have different physical conditions and sports habits, and static models 
cannot adapt to each individual. In the future, an online incremental learning framework could be 
designed, performing lightweight parameter updates based on a small amount of student feedback or 
consistency signals from repeated actions after deployment. This would enable the assessment standard 
to gradually align with each student’s specific situation, evolving from general to personalized 
assessment. In conclusion, the method proposed in this paper provides a new technical pathway for 
intelligent assessment of sports movements. Subsequent research will continue to advance in the 
directions of weakly supervised learning, cross-action generalization, multimodal fusion, and 
explainable feedback, with the goal of truly deploying the algorithm in daily physical education 
scenarios. 
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