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ABSTRACT Establishing reliable associations between visual appearance and dynamic behavior is
essential for multimodal perception systems that require semantic consistency across heterogeneous data
sources. This study proposes a cultural semantic-driven framework for modeling the relationship between
ethnic dance costumes and movement expression through cross-modal representation learning. Clothing
images are encoded using CLIP to extract texture, color, and structural features, while spatiotemporal
characteristics of dance movements are captured by ST-GCN from threedimensional skeletal sequences.
Cultural keywords are introduced as semantic anchors, and a cross-modal InfoNCE objective aligns visual
and motion embeddings within a shared feature space under weak supervision. To improve interpretability,
cross-modal attention and Grad-CAM are employed to generate association heatmaps that reveal the
correspondence between costume elements and movement semantics. Experimental evaluations on
representative ethnic dance datasets demonstrate superior semantic consistency, lower semantic alignment
error, robust interpretability under increasing motion complexity, and improved agreement with human
cognitive judgments compared with mainstream multimodal models. Educational intervention experiments
further confirm significant gains in cultural knowledge acquisition and aesthetic judgment stability. By
integrating visual feature extraction, semantic alignment, and interpretable multimodal reasoning into a
unified architecture, the proposed framework provides a transferable computational strategy for image—
motion information fusion and perception-oriented intelligent systems, offering methodological insights
for multidisciplinary engineering applications involving multimodal sensing, feature transmission, and

semantic association analysis.

INDEX TERMS cross-modal learning, semantic alignment, CLIP, ST-GCN, multimodal perception

I. INTRODUCTION

THNIC dance is an important carrier of multi-ethnic
Ecultural expression, and its costumes and movements
form a highly coordinated symbol system [1,2]. Clothing
serves as a visual representation of cultural identity, utilizing
the material properties of textile fibers and intricate weaving
techniques to create a structural metaphor for the rhythm,
emotions, and ritual meanings of human movement [3]; And
dance movements activate the dynamic semantics of cloth-
ing through body language, jointly completing the trans-
mission of cultural information [4-6]. The deep coupling
relationship between vision and action constitutes the core
material of ethnic aesthetic education practice [7,8]. Thor-
oughly analyzing the semantic correlation between dance
movements and the structural logic of traditional textiles
contributes to the digital preservation of intangible cultural
heritage while providing theoretical support for building an
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intelligent aesthetic education system rooted in textile-based
cultural sensitivity.

There is a clear disconnect in current research on multi-
modal analysis of dance: visual modalities focus on image
classification or style transfer, while action modalities are
mostly used for behavior recognition or action synthesis,
with very little alignment between the two at the cultural
semantic level [9,10]. On the one hand, clothing analysis
often remains at the level of surface feature extraction,
lacking binding with specific action contexts, resulting in
cultural symbols being simplified into decorative elements
[11,12]; On the other hand, although action modeling can
capture spatiotemporal dynamics, it lacks the cultural con-
text constraints provided by clothing, making it difficult
to restore the symbolic connotations of actions [13,14].
A deeper issue is that the semantic expression of ethnic
dance heavily relies on non explicit cultural knowledge, and
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these associations cannot be automatically captured through
general visual or motion models [15,16]. Existing cross-
modal methods often rely on strictly paired graphic or visual
data, and have weak generalization ability in scenarios
such as ethnic dance where annotation is scarce, semantic
granularity is high, and cultural specificity is strong [17,18].
Even if large-scale pre-trained models are introduced, their
general semantic space is difficult to cover the metaphorical
systems unique to ethnic cultures [19,20]. In addition, the
vast majority of models lack interpretable mechanisms, and
the decision-making process is like a black box, unable to
indicate which part of the clothing triggers the judgment
of specific action semantics, resulting in insufficient credi-
bility in aesthetic education teaching [21,22]. The multiple
limitations of modal isolation, shallow semantics, cultural
embeddedness, and lack of interpretation make it difficult
for technology to touch the essential structure of visual and
motor coordination in ethnic dance, seriously restricting the
ability of digital aesthetic education to restore and transmit
deep cultural logic.

This article aims to establish a fine-grained semantic
correlation model between clothing visual and dance move-
ments, and evaluate its effectiveness in aesthetic education
scenarios. Different from existing works, this study trans-
fers the image text alignment ability of CLIP (Contrastive
Language-Image Pretraining) to the cross-modal task of
ethnic clothing action, constructs semantic anchors through
cultural keywords, and guides the alignment of visual and
action features in the shared embedding space. The in-
novation is reflected in three aspects: firstly, this article
constructs a dual stream feature alignment framework with
cultural labels as a bridge. The clothing end uses CLIP to
extract visual representations with cultural orientation, and
the action end captures the spatiotemporal evolution of joint
sequences through ST-GCN (Spatial Temporal-Graph Con-
volutional Network) and aligns them with the same cultural
semantic vector; Secondly, this article designs a cross-modal
InfoNCE (Information Noise Contrastive Estimation) loss
to achieve weakly supervised fine-grained matching without
strict paired data conditions, improving the robustness of the
model to sparse labeling; Thirdly, cross-modal attention and
Grad-CAM (Gradient-weighted Class Activation Mapping)
can be integrated to generate clothing action correlation heat
maps, visualizing the activation areas of cultural semantics
and providing interpretable basis for aesthetic feedback.

Il. CLOTHING ACTION CULTURE SEMANTIC
ALIGNMENT MODELING

Figure 1 shows the architecture of the clothing action mul-
timodal semantic association model. The system includes
input branches: clothing images are segmented by Mask R-
CNN (Mask Region-based Convolutional Neural Network)
[23,24] and visual features are extracted through CLIP [25];
The action sequence is modeled spatiotemporal dynamics
using ST-GCN [26-28]; Cultural keywords are encoded
into semantic vectors through text encoding. The core
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module achieves fine-grained semantic alignment between
clothing and action in a shared embedding space through
cross-modal contrastive learning, and innovatively adopts
momentum update mechanism [29,30] and InfoNCE loss.
The interpretability module generates a heatmap of cloth-
ing action associations, intuitively revealing the activation
areas of cultural symbols. The final output evaluates the
effectiveness of aesthetic education from dimensions such
as cognitive accuracy and cultural understanding, forming a
complete closed loop from technological implementation to
educational application.

A. VISUAL FEATURE EXTRACTION AND SEMANTIC
ENCODING OF ETHNIC COSTUMES

For the clothing area in ethnic dance images, Mask R-
CNN is first used for instance level segmentation to accu-
rately extract the clothing foreground mask and eliminate
interference from irrelevant parts of the background and
human body. The segmentation results are cropped and input
into the CLIP visual encoder, which is based on the ViT-
B/32 (Vision Transformer Base/32) [31,32] architecture and
fine tuned on the ImageNet-21K dataset to adapt to the
distribution of ethnic cultural visual features. After being
processed by the encoder, each clothing image is mapped
into a 512 dimensional visual embedding vector, preserving
high-order texture, structure, and color semantics.

To establish alignment between visual representation and
cultural semantics, a set of clothing culture keywords an-
notated by experts is constructed, covering dimensions such
as ethnic affiliation, ritual attributes, and pattern symbolism.
It should be noted that the cultural keywords were jointly
determined by three scholars of ethnic dance based on the
Chronicle of Chinese Ethnic Minority Dances and field
survey data. Each costume sample was associated with only
1-3 keywords most directly related to its movement context
(e.g., “peacock spreading its tail—praying for blessings,”
“drum surface pattern—ancestor worship”), and seman-
tic focus was ensured through expert consistency testing
(Kappa > 0.78). While the CLIP text encoder cannot parse
the metaphor itself, by anchoring polysemous symbols to
specific keywords within the performance context, cross-
cultural ambiguity can be effectively avoided. These key-
words are used as text input and fed into the CLIP text
encoder, which also shares the semantic space based on the
ViT-B/32 architecture to generate corresponding semantic
vectors. This process ensures comparability between im-
ages and text within a unified embedding space, laying
the foundation for subsequent cross-modal correlations. To
enhance the consistency between visual features and cultural
semantics, contrast alignment constraints are adopted during
the fine-tuning stage. Given a clothing image and its cor-
responding keywords, the similarity of its positive sample
pairs is measured by cosine similarity:

vTt
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FIGURE 1. Architecture of Clothing Action Multimodal Semantic Association Model

v is the image encoding output, and ¢ is the text encoding
output. Maximizing the similarity of positive sample pairs
during training while minimizing the similarity between
the image and irrelevant keywords can compress semantic
ambiguity and enhance the focus of cultural orientation.

The entire process does not introduce additional net-
work structures and relies entirely on the graphic and text
alignment capability of CLIP pre-training architecture. Only
minor adjustments are made to the projection layer to
avoid damaging its original semantic priors. The image
is standardized before input, and the text is segmented
and template encapsulated before input to fit the original
CLIP training format. This strategy effectively alleviates
the problem of semantic dilution of ethnic clothing visual
symbols in the general model, enabling the extracted visual
embeddings to have clear cultural semantic anchoring.

B. SEMANTIC SEQUENCE MODELING AND CULTURAL

ANNOTATION ALIGNMENT OF DANCE MOVEMENTS

The raw motion data is collected by the Kinect V2 sensor
to obtain a three-dimensional coordinate sequence of the
actor’s body joints. Each frame contains the spatial positions
of 25 joint points, forming a spatiotemporal graph struc-
ture: nodes are joints, and edges are predefined based on
human skeletal connections. The sequence first undergoes
denoising and coordinate normalization, aligning all frames
with pelvic joint points as the origin and scaling them
to the unit scale to eliminate individual body shape and
absolute position differences. It should be specifically noted
that the unit scale scaling here only applies to the 3D
joint coordinate sequence; the clothing image maintains its
original resolution and proportions to preserve the cultural
semantic relationship between clothing and limbs.

The processed sequence is input into the ST-GCN net-
work, which aggregates spatiotemporal neighborhood in-
formation layer by layer. The spatial dimension transmits
inter joint dependencies within each frame through graph
convolution, while the temporal dimension models dynamic
evolution along frame order through causal convolution. The
network is stacked in 9 layers, and each layer is followed
by batch normalization and ReLU (Rectified Linear Unit)
activation [33-35]. Finally, action embedding vectors are
generated through global average pooling, with dimensions
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aligned with visual modalities.

To establish a mapping between action and cultural se-
mantics, a pre-built action culture label mapping library is
constructed. This database is jointly annotated by dance
experts based on movement form, rhythm characteristics,
and ethnic context, with each type of movement correspond-
ing to one or more cultural keywords. These keywords are
processed by CLIP text encoder to generate a unified dimen-
sional cultural semantic vector. Align action embeddings
and cultural vectors in a shared semantic space, and achieve
semantic binding by minimizing the distance between the
two:

aTc

Lalign =1- )

llall - flel

a is the action embedding output by ST-GCN, and c
is the semantic vector obtained by CLIP encoding the
corresponding cultural keywords. This loss term guides ac-
tion features to converge towards cultural semantic anchors
during training, enabling the model to not only recognize
action forms but also capture their cultural connotations.

The entire process transforms the original 3D joint se-
quence into semantic representations with cultural orien-
tation, avoiding action modeling from being disconnected
from ethnic contexts and providing a structured semantic
foundation for cross-modal associations.

C. CROSS-MODAL CONTRASTIVE LEARNING DRIVEN
EMBEDDING SPACE ALIGNMENT
The construction of positive and negative sample pairs is
based on the time synchronization information of dance
video clips. The clothing visual embeddings and correspond-
ing action embeddings extracted within the same segment
form positive sample pairs, ensuring consistency between
the two in cultural context and performance timing; Nega-
tive samples are generated through random pairing across
fragments, disrupting the original semantic associations and
forming interference terms. All sample pairs enter a unified
embedding space defined by the CLIP pre-trained model,
where visual and action modalities are mapped to their
respective encoders.

To achieve cross-modal alignment, the cross-modal vari-
ant of the InfoNCE loss function is used as the optimization
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objective. Assuming there are N positive sample pairs in the
batch, for the ¢-th clothing embedding v;, its corresponding
action positive sample is a;, and the remaining N — 1 action
embeddings form a negative sample set. The similarity
is measured by cosine similarity, scaled by temperature
coefficient 7 and input into softmax. The loss is defined
as:

exp(s(vi, a;)/T)
jo exp(s(vi, ;) /7)

s represents cosine similarity. This loss driven model
brings together semantically consistent clothing action pairs
in the embedding space, while pushing away irrelevant
pairings to enhance cross-modal semantic consistency.

In terms of training strategy, freeze the CLIP backbone
network parameters and only fine tune the linear projection
head behind it, adapting the original 512 dimensional output
to the alignment space. To maintain semantic stability,
a momentum update mechanism is introduced: the CLIP
encoder weights are not directly optimized, but slowly
synchronized from the teacher model through exponential
moving average, with a momentum coefficient of 0.995.
This effectively suppresses training oscillations and prevents
cultural semantics from deviating from pre-training priors
due to end-to-end fine-tuning.

The entire alignment process does not rely on strictly
paired fine-grained annotations, and only requires fragment
level synchronization to construct weakly supervised sig-
nals. By comparing learning mechanisms, an implicit asso-
ciation path between clothing and action is established in
the shared semantic space, achieving cross-modal semantic
coupling without explicit alignment labels.

N
1

Lintonce = —— ) log 3)
PRSS

D. EXPLANATORY ATTENTION GUIDED FINE-GRAINED
ASSOCIATION GENERATION

After completing the multimodal embedding alignment, this
paper directly reuses the trained clothing and action encoder
outputs and integrates a lightweight cross-modal attention
module. This module does not add any learnable parameters
and only calculates the correlation weight between clothing
region features and action keyframe embeddings through
dot product interaction. Specifically, the clothing image is
divided into spatial patches corresponding to ViT, with
each patch corresponding to a visual feature vector; The
action sequence extracts ST-GCN embeddings of several
keyframes through time pooling. The two are multiplied
pairwise in a 512 dimensional space, and then normalized
by softmax to generate a normalized attention weight matrix
that reflects the response strength of each clothing region to
specific action segments. To map the association back to
the original image space, Grad CAM technology is used for
visualization. Firstly, select the cultural semantic category as
the target output node, and backpropagate the gradient of the
last layer feature map of the clothing encoder to this node.
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Perform global average pooling on the channel dimension
to obtain the importance weight «, of each channel, where
k represents the channel index of the feature map. The
heatmap H is generated by weighted summation:

e}
H =ReLU (Z ay - Ak> )
k=1

Ay, is the feature map of the kth channel, C is the total
number of channels, and ReL.U ensures that only the positive
contribution region is retained. This heatmap is aligned with
the original clothing image through upsampling, highlight-
ing the patterns, contours, or structural regions that play a
decisive role in the current action semantics.

The entire process is entirely based on the internal
response embedded after alignment, without the need for
additional annotation or training. The attention mechanism
captures fine-grained patterns of cross-modal interactions,
while Grad CAM maps abstract embeddings to pixel level
interpretations, forming a traceable path from cultural se-
mantics to visual elements. The output heatmap is directly
used for aesthetic feedback, allowing learners to intuitively
understand how specific dance movements activate cultural
symbols in clothing, enhancing the transparency of cultural
cognition and teaching credibility. This design achieves
visual decoupling of semantic associations while keeping
the model concise.

lll. MULTIDIMENSIONAL QUANTITATIVE EVALUATION
OF AESTHETIC EDUCATION EFFECTIVENESS
A. EXPERIMENTAL DATA
The experimental data collection covers typical dance types
of major ethnic minorities, including Mongolian bowl dance,
Tibetan string dance, Uyghur Sainaim, Miao reverse wood
drum dance, and Dai peacock dance, totaling 127 high-
definition performance videos (1080p/30fps) with a total
duration of about 9.6 hours. After manual verification,
2840 high-quality samples were extracted from the clothing
images, and the motion data was synchronously captured
by Kinect V2 to generate a 3D joint sequence of 38760
frames, with a unified frame rate of 25Hz. All motion
sequences are manually verified, severely occluded frames
are removed, and median filtering and interpolation are used
to repair minor noise to ensure the reliability of the data
input to ST-GCN. It should be noted that the selected dance
types are all highly stylized representative dances of various
ethnic groups, with highly standardized costume-movement
combinations and limited intra-class diversity;

moreover, the test set is completely isolated by ethnicity.
The cultural keyword system was jointly constructed by
three ethnic dance scholars, including 5 categories, 23
subcategories, and 112 fine-grained semantic labels, cov-
ering clothing pattern symbolism, action ritual function,
and ethnic aesthetic principles. The test set is divided into
ethnic categories to ensure that there is no overlap between
training and evaluation. Although training and testing share
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the same set of cultural keywords (standardized by experts),
no text input is provided during the testing phase. The
model calculates cross-modal similarity only based on un-
seen clothing images and action sequences; therefore, high
consistency reflects semantic generalization ability, not label
memorization. All comparison models are run on the same
data slice, and the input is uniformly preprocessed: clothing
images are cropped to clothing areas and normalized, action
sequences are aligned to the center of the human body,
and skeletal scales are standardized. This data provides a
reliable foundation for cross-modal alignment and aesthetic
education efficacy evaluation.

B. EVALUATION OF CULTURAL SEMANTIC
CONSISTENCY

This article calculates the cosine similarity and seman-
tic alignment error (SAE) of clothing action pairs in a
shared embedding space. SAE is defined as the mean
square error between the embedding distance and the man-
ually annotated semantic level. Several typical ethnic dance
groups (Mongolian, Tibetan, Uyghur, Miao, and Dai) were
selected, and the proposed method was compared with
five mainstream cross-modal models: VILBERT (Visual-
and-Language Bidirectional Encoder Representations from
Transformers), UNITER (Universal Image-Text Representa-
tion Learning), ALBEF (Align Before Fuse), BLIP (Boot-
strapped Language-Image Pretraining), and Flamingo. Eval-
uation was based on a unified test set to ensure consistent
input format.

The horizontal axis in Figure 2 represents the cross-
modal methods compared, and the vertical axis represents
five typical ethnic dance categories. Figure 2a reflects the
semantic affinity of clothing action pairs in the shared
space, while Figure 2b measures the deviation between
their embedded representations and artificial semantic lev-
els. The proposed method has a significant advantage in
consistency, with cosine similarity ranging from 0.82 to
0.86 and SAE ranging from 0.12 to 0.15. This is due to
its alignment mechanism guided by cultural keywords and
weakly supervised contrastive learning strategy, effectively
bridging the semantic gap of general models in ethnic
cultural contexts. Although mainstream models such as
VILBERT or BLIP perform well in general graphic and
text tasks, their pre-training corpora lack the unique symbol
system and action costume coupling logic of ethnic dance,
resulting in cultural semantic dilution in the embedding
space. This article uses CLIP to anchor cultural terms, ST-
GCN to model action context, and explicitly constrains
cross-modal distance during training, making the model
more discriminative of fine-grained differences in ethnic
culture. The systematic reduction of SAE further confirms
that when visual and action features are co optimized
under the guidance of the same cultural semantic vector,
the embedding distance can more accurately reflect the
semantic hierarchy annotated by experts, thereby supporting
the quantitative judgment of cultural expression accuracy in
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aesthetic education scenarios.

C. AESTHETIC PERCEPTION INTERPRETABILITY
ASSESSMENT

Attention Coverage Ratio (ACR) and Key Region Hit Rate
(KRHR) were used to measure whether the model focused
on the core cultural region. ACR calculated the proportion of
the attention heatmap covering the clothing pattern area, and
KRHR counted whether the motion keyframes hit the cul-
turally labeled motion nodes. The model was compared with
the five models mentioned above under different dance style
complexities (low: repetitive single movements; medium:
combined movements; high: complex rhythms and multi-
limb coordination).

The horizontal axis of Figure 3 represents different cross-
modal methods, and the vertical axis corresponds to two
types of interpretability indicators: Figure 3a is ACR, and
Figure 3b is KRHR, which sequentially reflect the model
performance under low, medium, and high complexity dance
movements. The proposed method is significantly superior
in all types of complexity, with slow performance degrada-
tion. Under high complexity dance style conditions, ACR
and KRHR are 0.87 £ 0.04 and 0.88 £ 0.04, respectively.
This advantage stems from its alignment mechanism guided
by cultural semantics and non parametric attention design.
In a single repetitive action, the model can accurately focus
on the core pattern of clothing; With the increase of action
combinations and the enhancement of limb coordination,
the general cross-modal model lacks ethnic and cultural
context constraints, and attention is easily dispersed in
irrelevant areas, resulting in action activation deviating from
cultural annotation nodes. The proposed method anchors
cultural keywords through CLIP and employs cross-modal
contrastive learning to constrain visual and motion fea-
tures within a fine-grained embedding space constrained
by cultural semantics. Even in high complexity scenarios,
it maintains high sensitivity and structural consistency to
cultural symbols, ensuring interpretability does not drasti-
cally decrease with the dynamic complexity of actions. This
indicates that the embedding of cultural priors is not only the
key to performance improvement, but also the fundamental
source of interpretability robustness.

D. USER COGNITIVE FEEDBACK CONSISTENCY
EVALUATION

This article conducts controlled user experiments to collect
participants’ ratings (1-5 points) for clothing action match-
ing, and calculates the Spearman rank correlation coefficient
(p) and root mean square error (RMSE) between the model’s
predicted similarity and user ratings. The experiment was
divided into three groups based on users’ knowledge level
of ethnic dance (no foundation, enthusiasts, professional
learners), and a double-blind test was conducted on a fixed
video set to compare the consistency between the model
output and human judgment.
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FIGURE 4. Consistency Evaluation of User Cognitive Feedback Across Professional Levels

Figure 4 depicts the performance of different cross-modal
models in terms of user cognitive feedback consistency: the
horizontal axis represents six models including the method
proposed in this paper, and the vertical axis in Figure 4a
represents the Spearman rank correlation coefficient (p), re-
flecting the ranking consistency between model predictions
and human ratings; The vertical axis in Figure 4b represents
the root mean square error (RMSE), which measures the ab-
solute deviation between predicted values and user ratings.
The three curves with error lines correspond to three types of
user groups, distinguished by their knowledge level of ethnic
dance. This method achieves optimal alignment performance
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in all groups, with a Spearman rank correlation coefficient
mean of no less than 0.82 and a root mean square error
mean of no more than 0.38, and the advantage expands
with the improvement of user professionalism. This phe-
nomenon arises from the model explicitly aligning cultural
semantics in the shared embedding space, rather than relying
on surface statistical associations. Professional learners are
more sensitive to the metaphorical logic of clothing action,
and general models lack cultural semantic anchoring, which
can lead to their predictions deviating from deep cognitive
structures; The keyword guided alignment and interpretable
heatmap mechanism introduced in this article make the
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model decision logic more closely aligned with the path
of human cultural understanding. Although the criteria for
enthusiasts and non basic users are relatively rough, they can
still perceive semantic coordination. The robust performance
of the model in this group confirms that it not only adapts to
expert knowledge systems, but also has universal explana-
tory power for mass aesthetic education. The error range
narrows with increasing specialization, further indicating
that cultural semantic modeling effectively reduces cognitive
noise and improves the consistent boundary of human-
machine judgment.

E. EFFECTIVENESS EVALUATION OF AESTHETIC
EDUCATION INTERVENTION

To verify whether the model truly supports the educational
goals of digital aesthetics, this paper designed a pre- and
post-test educational intervention experiment to directly
assess learners’ improvements in cultural knowledge acqui-
sition and the stability of aesthetic judgment. To measure the
improvement in cultural knowledge mastery (AKnowledge)
and aesthetic judgment stability (AStability) of users after
viewing model generated associated content. AKnowledge
calculates the score difference of standardized cultural
knowledge test questions, while AStability measures the
variance change of scores in repeated aesthetic tasks. This
article conducts parallel control experiments with content
generated by five comparison models.

TABLE 1. Effectiveness of Aesthetic Education Intervention

Method AKnowledge (mean £  AStability (mean + p-value (vs
standard deviation) standard deviation) Proposed
Method)
Proposed 23.6 + 3.1 0.41 £ 0.05 —
Method
VILBERT 142 £+ 3.8 0.27 £ 0.07 1.32¢-05
UNITER 135 £ 4.0 0.25 £ 0.08 7.84e-06
ALBEF 158 £ 3.6 0.29 £ 0.06 2.17e-04
BLIP 15.1 +£ 3.7 0.28 £ 0.07 1.05e-04
Flamingo 129 £+ 4.1 0.24 £+ 0.08 4.91e-06

Table 1 presents the effectiveness differences of different
cross-modal models in aesthetic education intervention, fo-
cusing on two core indicators: cultural knowledge mastery
and aesthetic judgment stability. The method presented in
this article performs well, with a AKnowledge score of (23.6
+ 3.1) and a AStability score of (0.41 + 0.05). All other
models are significantly inferior, and statistical tests confirm
that the differences are highly significant. The data shows
that not all models with image text alignment capabilities
can effectively support the goals of ethnic cultural educa-
tion. The reason is that although the universal crossmodal
architecture can capture surface semantic associations, it
lacks a modeling mechanism for the deep symbolic system
of clothing and movements in ethnic dance. This article
uses cultural keyword anchoring, weakly supervised fine-
grained alignment, and interpretable heatmap feedback to
enable learners to not only recognize “what” but also
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understand “why” - such as how specific patterns respond
to the rhythmic tension or ritual function of actions. The
association generated by the embedding of this cultural
context strengthens the structural consistency between cog-
nition and aesthetic judgment. In contrast, the contrastive
model relies on a universal semantic space, which can
easily lead to semantic drift on ethnic specific symbols,
resulting in shallow knowledge transmission and a lack
of cultural basis for aesthetic feedback, thereby weakening
the learning transfer effect. Therefore, the effectiveness of
aesthetic education depends not only on the accuracy of
modal alignment, but also on the explicit modeling and
interpretable guidance of cultural logic, which is the key
to surpassing mainstream architectures in this method.

IV. CONCLUSION

This study breaks through the bottleneck of visual and motor
modality separation in the digital aesthetic education of
ethnic dance by integrating the structural logic of textile
crafts into a cultural semantic-driven multimodal correlation
modeling framework. Unlike existing methods that rely on
universal alignment targets, this paper integrates CLIP’s se-
mantic priors with ethnic knowledge systems, using cultural
keywords as anchor points to guide clothing and action
to achieve fine-grained coupling in a shared embedding
space. Crossmodal contrastive learning enhances semantic
consistency under weakly supervised conditions without the
need for dense labeling. It is particularly crucial that through
the collaboration of non parametric attention and Grad
CAM, the model not only establishes associations, but also
traces the activation path of cultural symbols, making “why
does clothing respond to this action” a visible, solvable, and
trainable question. User experiments and multidimensional
evaluations jointly verify that only by embedding technology
alignment into cultural logic can aesthetic education inter-
vention go beyond surface matching and touch upon the
core of meaning generation. This path provides a technical
reference combining the structural depth of textile art with
educational transparency for the intelligent inheritance of
intangible cultural heritage dance, offering a methodological
framework for applying cross-modal learning to culturally
sensitive scenarios where material craft and motion intersect.
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