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For the strategy of building a sports power, gymnastics teaching is confronted with
the core contradiction between the high-precision requirements of movements and the
insufficient supply of personalized resources. Generative artificial intelligence (AIGC)
provides a technical path for innovation in this field. This study constructs an AIGC content
generation framework for gymnastics teaching based on the diffusion model. Experimental
verification shows that this framework significantly outperforms the baseline model in terms
of generation quality, action coherence and personalized adaptability, enriching the
application research of AIGC in the vertical teaching field.
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Against the backdrop of the in-depth advancement of the digitalization strategy in education, the
construction of a sports power is making coordinated efforts [1]. The deep integration of new-
generation artificial intelligence technology and education and teaching has become the core engine
driving the modernization of education [2,3]. At the national level, a series of policy arrangements
have been successively introduced, explicitly stating that an innovative education ecosystem should
be built under the leadership of AIGC to help achieve "education for everyone", which has pointed
out the direction for innovation in the field of physical education [4].

The implementation of the Healthy China strategy has set higher requirements for the high-
quality development of physical education. Gymnastics combines the complexity of skills, aesthetic
value and educational function [5]. The digital transformation of its teaching is the key to
responding to the national strategy. The core pain point in gymnastics teaching is the poor
adaptability of the traditional resource model, which is difficult to meet the differentiated learning
needs [6].

The breakthrough in AIGC technology provides an innovative path for this field. Diffusion
models, with their high-fidelity advantage, have become the preferred choice for generating action-
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related content [7]. Research shows that the efficiency of the time-series aware latent diffusion
model is superior to that of ComMDM [8]; The diffusion model-derived frameworks such as
SMGDiff were used to achieve controllable generation of sports actions, and their adaptability was
verified [9].

The technological evolution of diffusion models provides core support for solving the above
problems. The denoising diffusion probability model lays the core mechanism of reverse denoising
[10]. The latent diffusion model is compressed to a low-dimensional latent space through a VAE
encoder [11], and the conditional diffusion model is injected to achieve generation controllability
[12]. The digital deconstruction of gymnastic movements relies on the collaborative technology of
skeletal point sequence tensor characteristics, motion trajectory time series modeling and dynamic
feature extraction to construct a representation system [13]. Based on this, this study focuses on the
core demands of gymnastics teaching, constructs a personalized AIGC content generation
framework, fills the research gap in the integration of intelligent technology and personalized
gymnastics teaching, and provides technical support for the digital transformation of physical
education.

2. Framework design
2.1. Overall framework architecture

The core design concepts include conditional drive, potential diffusion and multimodal decoding.
The interaction relationships among each link are shown in Table 1.

Table 1. Interaction relationship of each link

Stage Input Core Function Output
Requirement  Teaching Objectives, Movement Types, Standardized Validation of Structured Requirement
Input Learner Profiles Requirements Document
Condition Structured Requirements, Personalized Multimodal Semantic Conditional Feature
Encoding Parameters Embedding and Fusion Vector
Lat(?nt S.p ace Conditional Vector, Initial Noise Iterative Denoising Generation Latent Representation of
Diffusion Content
Resource . Multimodal Resource Video/Illustration/Text
. Latent Representation .
Decoding Reconstruction Resources
Ou'tpu't Multimodal Resources Personalized Adaptation and Customized Resource
Application Push Package
2.2. Design of multimodal conditional encoder
The semantic embedding of teaching intention text is based on the CLIP model [14] :
Vteat = CLI Pyt (t) € RY (1)

Here, t represents the teaching text, d represents the feature dimension, and the text intent
completion mechanism is synchronously integrated.

Personalized parameter embedding quantifies the learner profile as Myqer € R¥*? through the
Analytic Hierarchy process, and after L2 normalization, it is weighted and fused with v, :
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Vinit = O * Vgegt + (1 - Oé) -avg (Muser) (2)

Among them, « € (0,1) are the weight coefficients.

After CLIP encoding, the temporal attention layer is embedded to enhance the temporal
relationship weights related to the action sequence.

2.3. Construction of potential diffusion models with temporal perception

The latent space construction is based on VAE. The encoder E maps the high-dimensional action
sequence x € RT*CH>XW 5 » = E(z) € RT**"% | Decoder D reconstructs z = D (2) ;

Training objective:
Lyas =Le + B Lny 3)

Here, £, represents the reconstruction loss, Zx ¢ is the KL divergence, and [ is the

equilibrium coefficient.
Optimize the embedding of the temporal attention module in the upper encoding/decoding layer
to calculate the inter-frame feature correlation weight:

A;; = softmax (%) 4)

It 1s used to enhance inter-frame dependencies. Conditional injection adopts the cross-attention
mechanism [15]:

Attn (g, k,v) = softmax (f/—k;; )’U (5)

Among them, g = vinit , k,v are the latent features extracted by U-Net.
3. Experimental design
3.1. Experimental dataset

The public data is sourced from the Human3.6M and AIST++ datasets, and a total of 500 gymnastic
movement sequences were screened out.

The self-built dataset was obtained through motion capture of professional gymnasts. Ten athletes
of different skill levels were recruited, and 15 types of core gymnastic movements were collected.
Each type of movement was repeatedly captured 5 times to generate 375 movement sequences. The
individual characteristics of the athletes were simultaneously recorded as personalized labels.

Finally, an experimental dataset containing 875 action sequences was constructed and divided
into a training set and a test set in a 7:3 ratio.

3.2. Design of the evaluation index system

The specific indicators are shown in Table 2.
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Table 2. Evaluation indicators

. Indicator Name .
Indicator Type (Abbreviation) Core Function

. Fréchet Inception
Genera'tlon Distance (FID)
Quality

Evaluate the distribution similarity between generated and real videos

Inception Score (IS) Evaluate the diversity of generated content

Percentage of Correct . o
& Evaluate keypoint localization accuracy

Motion Keypoints (PCK)
Coherence i
Joint ?&g}lg Error Measure the smoothness of motion transition between adjacent frames
Personah.zed Cosine Similarity (CS) Evaluate the adaptation degree between generated resources and learner
Adaptation profiles
Subjective Likert 5-point Scale Calculate the average score based on motion standardization, explanation
Rating Rating clarity, personalized adaptation degree and teaching practicality

3.3. Experimental scheme design

The experiment consists of 3 groups of comparative experiments and 1 group of ablation
experiments. The core protocol is shown in Table 3.

Table 3. Experimental scheme

Experiment
Type
Comparative
Experiment 1

Specific Settings

Experimental Group: Proposed Framework; Baseline Models: DDPM, Basic LDM, ActionGAN

Comparative

. Generate resources for test samples with different skill levels/physical parameters
Experiment 2

Comparative
Experiment 3

Ablation ABLI1: Removing Temporal Attention; ABL2: Removing Multimodal Condition Fusion; ABL3: Basic
Experiment VAE replacing Optimized VAE; ABL4: Removing Personalized Parameter Embedding

Statistic the single resource generation time and GPU memory usage of each model

4. Experimental results
4.1. Overall performance results

The proposed framework demonstrates significant advantages in terms of generation quality, action
coherence, and personalized adaptability.

4.2. Personalized generation of effect results

As shown in Table 4, the CS values of the proposed framework for learners of different skill levels
all exceed 0.9, and the subjective scores all exceed 4.5 points, showing a significant improvement
compared to the baseline model.
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Table 4. Personalized generation effect

Model Beginner Learners Intermediate Learners Advanced Learners
(CS/Subjective Rating) (CS/Subjective Rating) (CS/Subjective Rating)
Basic LDM 0.71/3.2 0.75/3.5 0.72/3.3
ActionGAN 0.69/3.0 0.72/3.3 0.70/3.1
Proposed 0.93/4.7 0.91/4.6 0.92/4.8
Framework

4.3. Results of operational efficiency

The comparison of the operational efficiency indicators of each model is shown in Figure 1. The
proposed framework ensures performance while maintaining an efficient generation capacity. This
stems from the efficiency advantages of optimizing VAE's efficient compression of high-
dimensional action sequences and its potential spatial diffusion mechanism, achieving a coordinated
balance between performance and efficiency, and providing feasibility for large-scale application in
actual teaching scenarios.

B. Multi-dimensio

Model Architecture
B 00N B ok iDM B AcionGAN R Propoed Method

Figure 1. Shows the results of operational efficiency
4.4. Ablation experiment results

As shown in Figure 2, the CS values of ABL2 and ABL4 have dropped sharply by more than 0.2,
indicating that these two modules are the core for ensuring personalized adaptation. The decrease in
ABLI1 and PCK while the increase in FID confirm their crucial role in the generation quality. The
performance of ABL3 has significantly declined. The synergy of each core module is the guarantee
of the framework's high performance.
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Performance Deviation from Baseline (%) 3D Performance Landscape
100

Full Framework +0.0% +0.0% +0.0%

2 Normglized PerfGrmance S

ABLI +34.8% +149%

ABL2 449.4% 123% +272% 0

ABL3 +28.0% +8.0% +4.3%

ABL4 +33.5% +1.2% +293%
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(Higher])
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Figure 2. Results of the ablation experiment
5. Conclusion

This study addresses the pain point of insufficient personalized resource supply in gymnastics
teaching and designs an AIGC content generation framework for gymnastics teaching based on the
diffusion model, achieving efficient generation of personalized teaching resources. The experimental
results confirm that this framework significantly outperforms the traditional baseline model in terms
of generation quality, action coherence and personalized adaptability. The research not only provides
a practical and feasible technical solution for the digital transformation of gymnastics teaching, but
also enriches the application paradigms of AIGC in the vertical education field, laying a foundation
for subsequent research on the intelligent generation of teaching content for multiple sports.
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