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ABSTRACT Given the complex movements, lack of fixed structure, and highly variable emotional
expressions of modern dance, existing models struggle to effectively identify and capture diverse
stylistic features. Similar spatiotemporal representation challenges are also encountered in intelligent
electromagnetic information processing and signal understanding tasks. This paper proposes a modern
dance style modeling method based on the Video Swin Transformer. First, modern dance video data
are collected, and skeletal information is extracted to achieve strict spatiotemporal synchronization and
spatial alignment between RGB video frames and corresponding human skeletal keypoint sequences.
Then, hierarchical spatiotemporal dance features are extracted using the Video Swin Transformer
architecture, and a style attention mechanism is designed to construct interpretable style encoding vectors.
Subsequently, visual dimensionality reduction is applied to the low-dimensional style space to analyze the
distribution of dancer movement styles and establish style mappings. Finally, combined with a generative
decoder and a style control interface, the style vectors are used for dance movement reconstruction and
creative generation, completing a full cycle from analysis to innovation assistance. Experimental results
demonstrate that the proposed model achieves an average classification accuracy of 80.5% across different
styles, while the optimal Euclidean distance for style space separation reaches 1.42 with an overlap rate
of only 3.8%, validating its effectiveness in style control and generation and providing useful insights for
spatiotemporal representation learning in intelligent signal processing.

INDEX TERMS video swin transformer, modern dance style modeling, temporal-spatial feature
extraction, style attention mechanism, intelligent signal processing

I. INTRODUCTION

DRIVEN by the recent trend of deep integration between
artificial intelligence and artistic creation, dance has

gradually become a significant branch of computer vision
research. Modern dance, a form of dance that emphasizes
physical expression and emotional communication, pos-
sesses a high degree of freedom and individuality. Un-
like traditional dance genres, which rely on structured or
repetitive movement templates, its style is often expressed
through complex elements such as spatial routes, movement
tension, rhythmic changes, and dynamic expressions [1,2].
This multidimensional and multi-layered expression makes
the digital analysis and modeling of modern dance extremely
complex. Existing deep learning-based motion recognition
and generation methods are unable to accurately abstract
and represent the stylistic aspects of modern dance, which is
abstract, unstable, and often deviates from standard postures
[3,4]. In particular, in creative assistance and style transfer
tasks, establishing a model system that can both analyze
movement details and capture artistic style characteristics

[5,6] is one of the core challenges facing current intelligent
choreography technology.

In terms of generation technology, Zhang et al. proposed
the MotionDiffuse model, which used a diffusion model
to generate high-fidelity human motion sequences from
text, demonstrating excellent temporal consistency and style
control capabilities in dance generation tasks [7]. Anni and
Jiao conducted a case study on the innovative application of
virtual simulation experiments in dance education, propos-
ing to combine traditional ritual dance with virtual real-
ity technology, effectively enhancing cultural heritage and
teaching immersion [8]. Ting and Yi explored the integration
path of biomorphology in dance form creation, expanding
the technical boundaries of dance style design [9]. These
studies have laid a solid foundation for the construction of
dance intelligent systems from different dimensions such as
generation, education, interaction, and evaluation.

In the field of visual dance generation and dance repre-
sentation learning, recent research has shown a trend of in-
tegrating physical modeling and deep networks. Quaternion-
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enhanced attention networks are proposed to improve spatial
consistency in posture modeling. Through quaternion rep-
resentation, the naturalness and coherence of dance move-
ments are significantly optimized, demonstrating the poten-
tial of posture encoding in dance generation [10]. At the
same time, a systematic review comprehensively evaluates
the application of machine learning in dance performance,
pointing out that current research focuses on generation
quality, body coordination and style recognition, and empha-
sizes that the model’s ability to understand dance semantics
should be strengthened in the future [11]. In the field of
dance cognition and action primitive modeling, some studies
have proposed decomposing dance into a set of controllable
movement primitives, revealing the role of experience and
perception in shaping the structure of action understanding
[12]. There is also a growing number of explorations into
the integration of style evolution and modernity. A cross-
cultural study has sorted out the development process of
dance styles from traditional to modern, emphasizing the
role of technological media in promoting the diversification
of styles [13], while another study has reinterpreted the
definition of contemporary dance, pointing out that its con-
tinuous deconstruction and reconstruction process itself is a
dynamic creative mechanism [14]. In terms of cross-modal
generation, the diffusion model has once again demonstrated
its powerful capabilities. One study used audio to drive the
generation of coherent dance movements, emphasizing the
rhythmic resonance and synchronization between sound and
movement [15]. In addition, a review of crossmodal visual
content generation further shows that with the integration
of technologies such as dialogue generation, text-driven
images, and audio and video synthesis, dance generation
tasks are moving towards more semantic and multimodal
forms of expression [16].

With the core goal of style generation and innovation
support for modern dance choreography, this paper designs
a style structure modeling method based on the Video
Swin Transformer. Through multimodal video data acqui-
sition and alignment, a joint input space is constructed
between RGB (Red-Green-Blue) video and skeleton pose
information. The Video Swin Transformer structure is used
to hierarchically extract dance spatiotemporal features, and
a style attention mechanism is designed to construct an
interpretable style encoding vector. Furthermore, visual di-
mensionality reduction techniques are applied in the low-
dimensional style space to achieve distribution analysis and
style mapping of dancer movement styles. Finally, combined
with a generative decoder and a style control interface, the
style vector is applied to dance movement reconstruction
and innovation generation, completing a complete closed
loop from analysis to creative support.

This study not only proposes a new style modeling frame-
work but also constructs an operational generative system
structure for choreography-assisted creation. This structure
provides choreographers with practical support tools for
style reference, movement extension, and style blending,

enhancing the artistic expression and experimental flexibility
of dance creation. This study closely integrates dance theory
and technical implementation, guiding model design based
on the core principle of modern dance’s "balance between
expressiveness and structure." Furthermore, it establishes an
artistic evaluation dimension based on professional choreog-
raphy evaluation systems, ensuring that technical tools truly
serve the essential needs of artistic creation, thereby directly
addressing the core requirement for technical tools to align
with expert-defined quality standards.

II. STYLE STRUCTURE GENERATION AND MODELING
MECHANISM DESIGN
COLLECTION AND PREPROCESSING OF VIDEO
ACTION DATA
DATA SOURCES AND COLLECTION STRATEGY
The modern dance dataset constructed for this study is
derived from two sources: first, high-quality modern dance
performance videos from open-source platforms and profes-
sional dance institutions, covering a wide range of genres
and movement styles, all in a uniform 30fps, 1080p resolu-
tion format; second, custom samples shot by a collaborating
dance studio, recorded using a fixed viewing angle and
uniform lighting conditions to ensure clear and discernible
movement trajectories. All video clips are between 15 and
30 seconds in length and include complete starting, transi-
tion, and ending movements. During the dataset construction
phase, manual quality screening is performed to remove
blurry frames, significant occlusions, complex backgrounds,
and other clips that affect recognition accuracy. Video
footage with stable stylistic expression and smooth move-
ments is retained, providing an effective training foundation
for subsequent modeling [17,18].

POSE ANNOTATION AND MULTIMODAL INPUT
CONSTRUCTION
Pose information extraction uses the OpenPose 1.6.0 frame-
work, enabling the BODY_25 model structure, detecting
25 human key points in each frame, and outputting two-
dimensional coordinates and confidence values. The key
point data is stored in JSON (JavaScript Object Notation)
format and synchronized with the original RGB image
through frame alignment processing, with a unified sampling
rate of 30fps. To improve synchronization accuracy, a global
timestamp mechanism is introduced to perform linear inter-
polation on discontinuous frames to eliminate time offsets
caused by time-consuming pose extraction [19,20]. The
RGB frame maintains the original frame rate and image
information, and is subsequently uniformly cropped to a
fixed size to form a standard input structure. Assuming the
number of video frames is T, each frame RGB image has
three channels and a size of 224×224, and each frame pose
contains K key points (in this study K=25), then the final
model input definition is as follows:

Xrgb ∈ RT×3×224×224 (1)
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Xpose ∈ RT×K×2 (2)

Xrgb represents the input RGB video sequence, and
Xpose represents the 2D coordinate sequence of the hu-
man skeleton for the corresponding frame. The coordinate
values are normalized and mapped to the interval [-1,
1] to ensure uniform spatial distribution of samples at
different scales and reduce modeling errors. To facilitate
the downstream style modeling module to receive both
action position information and visual details, a bimodal
input structure is constructed, ensuring that the Transformer
architecture can extract complementary style features from
both input types. Figure 1 shows the human key points
detected by pose information extraction. To quantitatively
verify the spatiotemporal alignment quality between RGB
frames and skeleton data, two metrics are used: the first is
the mean confidence score of frame-level keypoints (mean
0.89, 95% confidence interval [0.86, 0.92]), used to evaluate
the reliability of pose estimation; the second is the frame-
by-frame Procrustes Distance (PD), calculated by aligning
keypoints output by OpenPose with manually corrected
samples using a similarity transformation. In the test subset
(n=200 frames), the mean PD is 3.7 pixels (standard devi-
ation 1.2), indicating a high degree of spatial consistency
between the skeleton and RGB visual content. Furthermore,
through global timestamp matching and linear interpolation,
the time offset is controlled within ±1 frame, ensuring strict
synchronization of the multimodal sequences.

DATA AUGMENTATION AND SAMPLE EXPANSION
STRATEGIES
To enhance the model’s adaptability to movement variations
and style changes, and improve the generalization effect of
the differences in the movement expressions of different
dancers, a variety of enhancement strategies are applied
in the data preprocessing stage [21]. For RGB image se-
quences, a standard video enhancement method is used:
randomly cropped to the interval size of [200, 224] and re-
sampled to [200, 224], the random horizontal flip probability
is set to 0.5, and color perturbation is applied with a ±15%
floating in the brightness, contrast, and saturation dimen-
sions. An occlusion simulation mechanism is also applied,
with no more than 3 occlusion blocks of each size randomly
placed in each frame to simulate natural interference. For
skeleton sequences, the augmentation strategy focuses on
structural deformation and motion perturbation. Specifically,
this involves applying angular perturbations to each skeleton
chain and adding random affine offsets with a magnitude
between [-5, 5] pixels to simulate the stylistic differences
and inertial jitter found in real dancers’ movements. To
enhance the expressiveness of motion rhythm modeling, a
sequence segmentation and expansion strategy is applied.
Each original sample is segmented according to the motion
speed curve to extract stable rhythm segments and align
them to a standard frame length, thus unifying the model

training structure. Low motion energy segments (static
or repetitive motion segments) are filtered out, retaining
only sequence samples with significant changes in style
expression. All enhanced samples retain their original style
labels, forming the final training set for subsequent style
feature learning and generative control module training in
the Transformer model.

SWIN TRANSFORMER FEATURE EXTRACTOR
CONSTRUCTION
FEATURE EXTRACTION NETWORK STRUCTURE
CONFIGURATION
The reason for choosing the Video Swing Transformer
(VST) instead of 3D CNN or other temporal models is
primarily because its hierarchical window attention mech-
anism can simultaneously model both the fine local move-
ments and the global non-local spatiotemporal dependencies
in modern dance. While 3D CNN excels at extracting
local spatiotemporal features, its convolutional receptive
field is limited, making it difficult to capture the dynamic
relationships spanning multiple frames and large areas in
dance; traditional Transformers have high computational
complexity, making them difficult to handle long video
sequences. VST, through its sliding window mechanism,
achieves cross-window information interaction while reduc-
ing computational cost, making it particularly suitable for
the unstructured movement patterns of modern dance, which
combine local details with global fluidity.

The feature extraction module constructed in this study
is networked and optimized based on the Video Swin
Transformer architecture to model local and global spa-
tiotemporal features in modern dance video sequences. The
input accepts an RGB image sequence in the format Xrgb ∈
RT×3×224×224, where T = 30 represents the number of
frames. The overall model architecture uses the Swin-B
basic variant and consists of four stages, Stage 1 through
Stage 4, each composed of several Swin Transformer blocks.
A hierarchical window attention mechanism is used within
each block to divide the input frame into non-overlapping
local windows and calculate attention weights within each
window. A sliding window mechanism is then applied
between blocks to propagate cross-region information. The
window size is set to 7×7, with a stride of 4, and the window
offset follows a sliding translation pattern to achieve spatial
cross-window dependency connections.

In the video modeling task, the Swin Transformer handles
the temporal dimension by stacking consecutive frames in
parallel and applying a three-dimensional patch embedding
operation. Specifically, the input frame is expanded along
the temporal dimension into a tensor block, which is then
sliced using a three-dimensional convolution kernel 3×4×4
(time, space, channel) with a step size of 2×4×4 and an
initial patch embedding size of RT/2×96×H/4×W/4, where
H = W = 224. During the layer-by-layer downsampling
process, the number of output channels in Stage 1 is 96, in
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FIGURE 1. Detecting key points of the human body during dance

Stage 2, 192, in Stage 3, 384, and in Stage 4, 768, gradually
building a deep spatiotemporal correlation structure.

SPATIOTEMPORAL FUSION MECHANISM AND
MULTI-SCALE STYLE FEATURE EXTRACTION
To further improve the model’s ability to perceive changes in
modern dance styles, a space-time joint aggregation module
is applied based on the Swin structure. The specific method
is to add a spatiotemporal fusion layer after the output
of Stage 2 and Stage 3. This layer performs temporal
convolution processing on each local patch block along
the time dimension, using a one-dimensional convolution
kernel size of 3 and a number of channels matching the
original number of channels, and applies local dynamic
feature change information through a residual structure. The
output of the fusion layer is spliced with the original features
at the channel level, and then the access layer normalization
and linear mapping layer are used to improve the distin-
guishability and stability of style semantic modeling. The
model output feature representation is expressed as Formula
3:

Fstyle = FSwin(Xrgb) (3)

FSwin(·) represents the feature extraction function con-
structed using the Swin Transformer structure and the fusion
module. The output tensor Fstyle ∈ RT ′×C , where T ′

represents the length of the frame sequence after patch
nesting and inter-layer downsampling, and C represents
the final feature channel dimension. In this study, the final
feature dimension is set to 768.

Figure 2 fully illustrates the spatiotemporal modeling
process for dance movement feature extraction. After initial-
ization via 3D block embedding, the input video sequence
undergoes four processing stages: Stage 1 performs shallow
feature extraction, outputting a 96-channel feature map;
Stage 2 integrates temporal dynamics via a spatiotemporal
fusion module, outputting 192-channel features; Stage 3
performs deep modeling via 18 Transformer blocks, com-
bined with secondary spatiotemporal fusion, outputting 384-
channel features; Stage 4 extracts high-level semantics,

outputting 768-channel features. The key innovation lies in
the temporal fusion mechanism applied in Stages 2 and 3.
This captures motion continuity through one-dimensional
convolution and enforces feature orthogonality constraints
to enhance style separation. Multi-scale outputs (resolutions
from H/4 to H/32) form a feature pyramid, fully preserving
hierarchical information from local joint motion to global
style expression, providing a robust spatiotemporal repre-
sentation foundation for subsequent style encoding.

The left side of Figure 3 shows a 7×7 attention weight
heat map generated based on a Video Swin Transformer
simulation. The horizontal and vertical axes represent the
patch index within the spatiotemporal window, respectively,
and the color depth reflects the intensity of information
interaction between different regions. This visualization
demonstrates that the model is able to focus on local or sym-
metric regions for interaction when extracting spatiotempo-
ral features, validating its effectiveness. The right side of
Figure 3 shows the three-dimensional feature distribution
after dimensionality reduction using PCA (Principal Com-
ponent Analysis). The X, Y, and Z axes correspond to the
projected dimensions of the first three principal components:
PC1 (32.7%), PC2 (18.4%), and PC3 (9.2%), respectively,
reflecting the structural relationship of the high-dimensional
style code in the reduced dimensional space. Different colors
represent four types of dance style labels. The distribution
results show that the various style samples have a clear
clustering trend in the feature space, indicating that the style
encoding method has a certain degree of discriminability and
interpretability in summarizing style dimensions, providing
style distribution support for subsequent style transfer and
innovative choreography.

STYLE SEMANTIC ENCODING VECTOR
CONSTRUCTION
INTERMEDIATE-LAYER FEATURE EXTRACTION AND
STYLE DIMENSION INDUCTION
After the Video Swin Transformer extracts multi-level spa-
tiotemporal features, this paper selects the feature tensor
output from the third stage (Stage 3) as the basic input
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FIGURE 2. Spatiotemporal modeling process for dance movement feature extraction

FIGURE 3. Attention weight heat map and three-dimensional feature distribution map after PCA dimensionality reduction

for style modeling. This feature tensor has high semantic
expressiveness and can well reflect the mid-level representa-
tion of dance movements. To further embed these intermedi-
ate features into the style feature space, the features are first
aggregated through a global average pooling operation to
obtain a unified style embedding at the per-frame level. This
process compresses the spatial dimensions while preserving
the temporal structure, extracting more representative key
style information.

In this study, the input to the style attention mechanism
comes from the output feature map of the third stage (Stage
3) of the Video Swin Transformer (VST). Specifically,
Stage 3 of VST contains 18 Swin Transformer modules,
with a spatiotemporal resolution of H/16×W/16×T/2 and
a channel dimension of 384 for the output feature tensor.
This stage retains sufficient spatiotemporal details while
possessing strong semantic abstraction capabilities, effec-
tively representing the complex movement tensions and
rhythmic changes in modern dance. The reason for choosing
Stage 3 rather than deeper stages (such as Stage 4) is
that while Stage 4 features have stronger semantics, their
spatial resolution is too low (H/32), easily losing local
dynamic information of the limbs; while Stage 2 features
lack sufficient semantics to support style discrimination,
Stage 3 thus achieves the best balance between semantics
and detail preservation, serving as the input basis for the
style attention mechanism.

STYLE CLUSTERING AND SEMANTIC CONSISTENCY
CONSTRAINT MECHANISM
To enhance the semantic consistency of style encoding,
a clustering loss function is constructed for the encoding
space. Training samples are divided into several style clus-
ters based on manually annotated style labels, with cluster
centers µk ∈ RD, where k is the style category index.
The distance between the style encoding vector and the
corresponding cluster center is minimized, and the style
clustering loss function is defined as follows:

Lcluster =
1

N

N∑
i=1

∥z(i)style − µyi
∥22 (4)

N is the number of samples, and yi is the index of
the style label to which the sample belongs. Through this
mechanism, the model continuously compresses the encod-
ing distribution of samples of similar styles during training,
improving the distinguishability and aggregation of the style
space. The cluster center µk is updated every epoch, and the
update trajectory is smoothed using an exponential moving
average to alleviate unstable training performance caused by
fuzzy style label boundaries.

The left side of Figure 4 shows the style cluster similarity
matrix. By calculating the cosine similarity of the central
encoding vectors of the four style clusters, the relative
closeness between different styles is revealed. The similarity
between Flowing and Fractured is relatively high (0.36),
indicating that they have some overlap in motion styles in
the encoding space. However, Fractured has low similarity
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with other styles, reflecting its uniqueness in motion rhythm
and path characteristics. The right side of Figure 4 shows
the distribution of style clusters in the two-dimensional
encoding space. The horizontal and vertical axes represent
the first two principal component dimensions of the style
encoding vector, respectively, which are used to preserve the
main variance information of the high-dimensional encoding
space. The four types of style samples show relatively
clear distribution boundaries on the plane, and the clusters
are separable, verifying that the designed style attention
module has good discrimination and semantic embedding
capabilities, providing effective support for subsequent style
control generation.

To verify the interpretability of the style attention mech-
anism, this paper analyzes it from two dimensions: the
7×7 attention heatmap shows that the model focuses on
the symmetrical region of the torso and limbs (such as
arm extension and spinal curvature) when extracting styles,
which is consistent with the concept of "tension axis" in
choreography theory; by calculating the contribution of each
dimension of the 32-dimensional style vector to different
style labels, it is found that the "flow" style has significantly
higher weights in dimensions 6, 12, and 16 than other styles
(p<0.01, t-test), while the "fragmented" style is prominent
in dimensions 5, 9, and 21. This consistent dimension-style
mapping indicates that the attention mechanism is not a
black box, but rather learns semantically meaningful style
representation channels.

STYLE VISUALIZATION FEEDBACK MODULE DESIGN
STYLE ENCODING DIMENSIONALITY REDUCTION
MAPPING CONSTRUCTION
To enhance the interpretability of the dance style semantic
space and assist choreographers or researchers in under-
standing the structural distribution of the encoding space,
this study designs a style visualization feedback mechanism
based on the style encoding vector zstyle ∈ RD generated
in the previous stage. This mechanism uses two nonlinear
and linear dimensionality reduction strategies—t-SNE (t-
distributed Stochastic Neighbor Embedding) and PCA (Prin-
cipal Component Analysis)—to map the encoding vector
into two or three-dimensional space for spatial aggregation
analysis and feature interpretation of different style groups.
For principal component analysis, let the original encoding
matrix be Z ∈ RN×D, where N is the number of sam-
ples. First, Z is centered, and then the covariance matrix
Σ ∈ RD×D is calculated, as shown in Formula (5):

Σ =
1

N
(Z − Z̄)⊤(Z − Z̄) (5)

Eigenvalue decomposition is performed on the covariance
matrix; the first d principal components (set as d = 2 or
d = 3 in this paper) are retained; the projection matrix
Wpca ∈ RD×d is formed. The low-dimensional mapping of
the encoding vector is Formula (6):

Zpca = Z ·Wpca (6)

This process achieves linear decoupling of style features,
facilitating subsequent observation of the clustering and
boundary transitions of different style clusters on a two-
dimensional plane. At the same time, to reveal the nonlin-
ear distribution relationship of local semantic structures in
high-dimensional space, the t-SNE dimensionality reduction
algorithm is further applied. This algorithm first maps the
Euclidean distance dij between any two samples in high-
dimensional space into a conditional probability pij , and
then reconstructs it into a probability distribution qij in low-
dimensional space. Reconstruction optimization is achieved
by minimizing the Kullback-Leibler divergence, as shown
in Formula (7):

Ltsne =
∑
i̸=j

pij log

(
pij
qij

)
(7)

The t-SNE mapping results can effectively reveal the non-
linear semantic differences between styles, especially when
dealing with blurred boundaries or style fusion, demonstrat-
ing superior separability and recognition clarity compared
to PCA. The resulting coordinate matrix is used to visualize
style clusters and track trends in dancers’ behavioral styles.

VISUAL FEEDBACK MECHANISM AND INTERFACE
DESIGN
Based on these low-dimensional representations, a style
feedback visualization interface is constructed, mapping the
results to a two-dimensional or three-dimensional scatter
plot. Each dot represents the style code of a sample, and
the colors are automatically categorized based on the style
label. Samples can be filtered and highlighted based on
information such as dancer identity, movement sequence
timing, and style goals. The system supports dynamic focus,
sample comparison, and trajectory analysis.

Furthermore, the system supports direct point selection
based on spatial coordinates to retrieve source video clips,
completing the "code-to-action" feedback loop. This design
makes style encoding not only an intermediate variable in
the modeling results but also a cognitive tool and guiding
basis for dance creation, further expanding the practical
application of computational modeling of modern dance
in human-computer collaboration. The left panel of Figure
5 shows a three-dimensional trajectory of style evolution.
The horizontal and vertical axes represent the two principal
component dimensions of the style encoding, respectively,
while the depth axis represents time frames, simulating the
path of a dance over time within the style encoding space.
The three-stage evolution of the style encoding trajectory
in the three-dimensional style space corresponds to three
distinct trends in style evolution: the first segment shows
a continuous upward trend, reflecting the convergence of
style expression; the second segment exhibits oscillations
and deviations, simulating the flow and transition of style;
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FIGURE 4. Style cluster similarity matrix and style cluster distribution in two-dimensional encoding space

the third segment is stable, indicating the convergence or ter-
mination of style expression. The Z-axis represents the time
frame sequence. The overall trajectory forms a clear style
evolution path, which helps to observe style stability and
transition. The right panel of Figure 5 shows a stacked plot
of the attribution weights of different style categories for
each encoding dimension in the 32-dimensional encoding
space. Visualizing the distribution characteristics of various
styles in high-dimensional space reflects the differences in
the dimensional focus of style features. The Flowing style
has higher weights in dimensions 6, 12, and 16, while the
Converging style has higher weights in dimensions 20, 22,
and 25, indicating that different styles have distinguish-
able representation patterns at the encoding level. Figure
5 intuitively reveals the dynamic process and dimensional
attribution of style modeling, which helps understand the
model’s ability to express style evolution.

STYLE EVOLUTION ANALYSIS AND STYLE FEATURE
ATTRIBUTION
To enhance the readability of the style encoding space, a
further style evolution trajectory analysis is performed based
on the low-dimensional visualization results. It samples
consecutive clips of different dancers performing the same
task (e.g., "repeated tension release") and connects their
style encoding points through dynamic trajectories. The
displacement direction and amplitude in the style space
are used to reflect the internal tension and characteristic
change rate of the style movement process. Combined with
the previously defined style dimensions (force, speed, path
tension, etc.), the area occupied by different style clusters
in the reduced-dimensional space is calculated, and a style
region map is constructed.

IMPLEMENTATION OF THE STYLE CONTROL
RECONSTRUCTION MECHANISM
ACTION SEQUENCE GENERATION MODEL STRUCTURE
DESIGN
The generative decoder used in this study is based on the
standard Transformer decoder architecture, containing six
stacked multi-head self-attention and feedforward network

modules, rather than RNN, VAE, or GAN structures. The
input consists of a historical motion sequence (25 keypoints
× 2 coordinates × T frames) and a target style vector,
which are embedded through positional encoding and then
fed into the decoder. Style guidance terms are integrated
into each attention mechanism layer, enabling global control
of the generation process by style. This design inherits the
advantages of Transformer in long sequence modeling while
avoiding the potential spatial ambiguity of VAEs or the
training instability of GANs, making it more suitable for
the controllable generation of long-duration, non-repetitive
movements in modern dance.

After completing the construction and visualization of
the style semantic encoding, it further constructs a motion
reconstruction module based on the Transformer decoder
architecture to achieve style-driven motion generation and
deformation construction. This module aims to establish a
direct mapping between the style encoding vector zstyle ∈
Rd and the dance motion sequence, thereby enabling the
synthesis of new motion sequences under style control.
The input is the target style vector zstyle and the historical
motion sequence representation H ∈ RT×F , where T
represents the number of motion frames, and F is the
dimension of the pose feature of a single frame (in this
experiment, F = 50, containing the coordinates of 25 key
points (x,y)). The decoder uses a self-attention mechanism
to jointly model the contextual motion semantics and style
control signals. The decoder uses a standard multi-layer
Transformer structure, with each layer consisting of a multi-
head attention submodule with style bias and a feedforward
network module. Style control embeds a style encoding
vector into the attention weight calculation of each layer,
allowing the action generation process to be guided by
the target style dimension. Specifically, in the multi-head
attention calculation of each layer, a style guidance term is
added as shown in Formula (8):

Attention(Q,K, V, zstyle) = softmax

(
QK⊤
√
dk

+Wszstyle

)
V

(8)
Q, K, V ∈ RT×dk are the query, key, and value matrices,

respectively. Ws ∈ R1×dk is the linear transformation matrix
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FIGURE 5. 3D trajectory diagram of style evolution and stacked attribution weight diagram

of the style vector, used to map the style embedding to
the attention dimension space. By applying this term, the
generation of each frame’s action not only depends on
the context structure but is also explicitly regulated by the
global style objective, thus achieving guided shaping of style
transfer or generated behavior.

STYLE VECTOR INJECTION AND MOTION
DEFORMATION MECHANISM
The core of the style control mechanism lies in the precise
correspondence between the injection method of style infor-
mation and the action reconstruction target. To ensure that
style control has a significant impact on the decoder output,
a style vector expansion and fusion strategy is designed.
The low-dimensional style vector is repeatedly expanded
into a sequence-dimensional vector Zstyle ∈ RT×d, which
is concatenated with the historical encoding representation
H ∈ RT×F as the input sequence of the Transformer
to form a multimodal feature fusion vector, as shown in
Formula (9):

Xinput = Concat(H,Zstyle) ∈ RT×(F+d) (9)

In this way, style information participates in the decoding
process throughout the sequence dimension, rather than
serving as a separate initial condition or marker signal,
thereby achieving deep coupling between dynamic style
control and action generation. The reconstruction target
at the output is a continuous action skeleton sequence
Ŷ ∈ RT×K×2, where K is the number of key points, and
prediction is performed using frame-by-frame coordinate re-
gression. During training, the coordinate-level least squares
loss is applied as the reconstruction loss term, as shown in
Formula (10):

Lrecon =
1

T ·K

T∑
t=1

K∑
k=1

∥ŷt,k − yt,k∥22 (10)

In addition, to enhance the style expression effect, style
consistency loss is applied to re-encode the generated action
sequence to obtain the style vector zgenstyle and align it with
the target style vector, as shown in Formula (11):

Lstyle = ∥zgenstyle − ztargetstyle ∥22 (11)

The final loss function is the weighted sum of the above
two, as shown in Formula (12):

Ltotal = Lrecon + λLstyle (12)

λ is a weight hyperparameter that controls the influence
of style consistency on the overall optimization (set to λ=0.5
in this experiment).

CREATION-ASSISTED APPLICATION SCENARIO
CONSTRUCTION
After model training is complete, a creative experiment
interface module is constructed to enable user interaction
between the style-controlled movement generation system
and the user. Users can manually select and input his-
torical movement clips and target style encodings, and
the system automatically outputs new movement sequences
consistent with the target style, enabling individual dancer
style transfer, replication of different styles, or generation
of mixed styles. Without altering the semantic structure
of the movements, the style control mechanism can guide
the generation of modern dance movement sequences with
greater tension, distinct rhythm, or clear directionality.

In addition, a style control slider or category selection
menu is provided, allowing users to adjust the stylistic level
of the generated results in real time. The system output can
be exported as a JSON-formatted keypoint sequence, which
can be displayed through skeletal animation rendering using
3D human body visualization tools, as shown in Figure 6.

This system not only has the ability to generate move-
ments but also forms a supporting tool framework for mod-
ern dance teaching, choreography research, and movement
enhancement.

III. EVALUATING THE EFFECTIVENESS OF STYLE
MODELING
The evaluation experiments in this study use a dataset
selected from publicly available modern dance videos and
instructional demonstration videos collected from univer-
sity dance academies. This dataset covers various styles
(convergent, divergent, fluid, and discontinuous), totaling
approximately 60 hours of high-quality dance videos. Ap-
proximately 400 short clips (5-15 seconds each) with typical
stylistic features are manually labeled, providing a training
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FIGURE 6. 3D human skeleton animation rendering

and evaluation basis for style encoding and generation.
The "style" labels in this study are independently labeled
by three professional choreographers with over 10 years
of experience, and the final labels are determined through
consensus. Style definitions are based on the four elements
of Laban Movement Analysis (LMA): Body, Space, Effort,
and Relationship. Combined with modern dance teaching
practice, they are summarized into four categories:
(1) Convergent (body contracting inwards, short movement
path, restrained force);
(2) Divergent (limbs abducting outwards, wide spatial cov-
erage, explosive force);
(3) Flowing (coherent movements, no obvious pauses,
curved path);
(4) Fragmented (discontinuous movements, abrupt rhythm
changes, abrupt force).

Before annotation, annotators receive standardized train-
ing. The Krippendorff’s α reliability coefficient reaches
0.82, indicating a high degree of consistency in annotation.

STYLE CONSISTENCY ASSESSMENT
Style consistency assessment measures the semantic corre-
spondence between the generated action sequence and the
target style vector. Specifically, the generated sequence is re-
encoded using a trained style encoder and compared with
the input target style vector. A small distance between style
features indicates that the generated action style is consistent
with the target style. This process is repeated using multiple
typical style labels (such as "flow" and "break"). A statistical
analysis of the match between the human-annotated results
and the automatic encoding is performed to verify the
model’s ability to accurately represent style semantics.

Figure 7 illustrates two key aspects of style consistency
assessment. The left figure shows the similarity distribu-
tion of four modern dance styles (convergent, divergent,
fluid, and discontinuous). The horizontal axis represents the
different style categories, and the vertical axis represents
cosine similarity, reflecting the style consistency between
samples within the same style. It can be seen that the
convergent and fluid styles have high consistency, with
the distribution generally concentrated above 0.7, while the
discontinuous style has the lowest consistency and exhibits
greater dispersion, indicating that the movements within
this style vary more drastically and are difficult to model
uniformly. The right figure shows the confusion matrix for

style classification. With the exception of discontinuous
style, the prediction accuracy of the other three styles
exceeds 75%, with convergent and fluid styles achieving
the highest accuracy (85% and 86%, respectively).

ACTION DIVERSITY EVALUATION
Action diversity assessment focuses on whether the model
can generate rich, non-repetitive action expressions under
fixed style conditions. Using different random initial ac-
tions or historical fragments, multiple action sequences are
generated under the same style control, and the differences
between them are calculated. By analyzing the action se-
quence similarity metric based on DTW (Dynamic Time
Warping), the range of skeleton path variation, and velocity
distribution differences, the magnitude of variation in the
generated sequences is observed to determine whether the
model can maintain a stable style while generating diverse
content, thereby evaluating its practicality and support for
creative space.

Table 1 shows the results of evaluating the diversity of
motions generated by the model under fixed style control,
covering five metrics measuring sequence differences: DTW
distance, path range, velocity variance, joint angle variance,
and acceleration variation. The data shows that the Fractured
and Divergent styles have significantly higher values across
all metrics, with DTW distances of 0.42 and 0.38, respec-
tively. This indicates that the motion sequences generated by
the model under the same style conditions are more diverse
and have stronger content expansion capabilities. In contrast,
the Convergent style has the lowest metrics, especially in
path range (0.12) and acceleration variation (0.07), indicat-
ing that its generated motions are more consistent and have
limited variation.

TABLE 1. Action diversity evaluation

Style DTW Distance Path Range Speed Var Joint Angle
Var

Accel Change

Convergent 0.15 0.12 0.08 0.09 0.07
Divergent 0.38 0.32 0.28 0.31 0.25
Flowing 0.25 0.22 0.18 0.2 0.17
Fractured 0.42 0.35 0.31 0.37 0.3

TEMPORAL COHERENCE ASSESSMENT
This evaluation metric verifies the temporal coherence and
naturalness of the generated movements. The generated
movement sequence is fed into a trained temporal discrimi-
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FIGURE 7. Similarity distribution of modern dance styles and confusion matrix of style classification

nator, which determines whether the sequence conforms to
the natural temporal characteristics of human movement.
Furthermore, the continuity of the movement is quantified
by calculating metrics such as the smoothness of the skele-
ton position changes in each frame and the frequency of
speed mutations. At the visual level, professional chore-
ographers are invited to blindly evaluate the generated se-
quences, examining any abrupt frame skipping or structural
discontinuities, thereby assessing the practical usability of
the generated movements.

Figure 8 shows the evaluation results of the temporal
coherence of the model-generated dance movements, con-
sisting of two sub-figures. The top figure is a bar chart
comparing human and generated movements under different
metrics. The horizontal axis represents four continuity-
related metrics: position smoothness, velocity continuity,
acceleration stability, and the discriminator score, while the
vertical axis represents a score between 0 and 1. The results
show that real human movements slightly outperform the
generated movements in all metrics, particularly in position
smoothness and acceleration jitter, which exhibit more stable
temporal transitions. This suggests that the generated model
still exhibits some local discontinuities. The bottom figure
shows the velocity curves of the real and generated move-
ments, with the horizontal axis representing time (seconds)
and the vertical axis representing normalized velocity. Speed
abrupt changes are marked with "×" (10 for human and 20
for the model). It can be observed that the model movements
have significantly more abrupt changes than the human
movements, indicating that the generated movements still
exhibit local instabilities in terms of continuity and fluidity.

STYLE SPACE SEPARABILITY EVALUATION
Style space separation is used to test the discriminability and
independence of different styles in the embedding space.
Style encodings are extracted from multiple style-labeled
video clips; their clustering in the embedding space is
calculated; two-dimensional dimensionality reduction and
visualization are performed using t-SNE to observe the
spatial distribution of various styles. The average Euclidean
distance between encodings of different style categories
is also calculated to assess the clarity of the boundaries
between style semantics in the encoding space. A higher

degree of separation indicates that the model can stably
distinguish and express multiple styles, making it a key
indicator of interpretable style modeling.

Table 2 presents the quantitative evaluation results of
style space separation, measuring the model’s ability to
distinguish different styles using the average Euclidean
distance between style pairs, the t-SNE spatial overlap, and
the intra-class variance. The results show that the Diverging
vs Fractured style pair has the largest Euclidean distance
(1.42) and the lowest t-SNE overlap (3.8%), indicating that
the model establishes a clear boundary between the two
styles and achieves the best discrimination. In contrast, the
Converging vs Flowing style pair has the weakest separation,
with an average distance of only 0.95 and an overlap of
8.1%, indicating that there is some ambiguity between the
two styles in the embedding space. Furthermore, the overall
intra-class variance is low (ranging from 0.10 to 0.15),
indicating that the model’s internal style encoding is stable
and the style semantics are concentrated.

TABLE 2. Evaluation of style space separation

Style Pair Mean Euclidean
Distance

t-SNE Overlap
(%)

Intra-class
Variance

Converging vs
Diverging

1.25 5.2 0.12

Converging vs
Flowing

0.95 8.1 0.1

Converging vs
Fractured

1.38 4.3 0.15

Diverging vs
Flowing

1.1 6.5 0.11

Diverging vs
Fractured

1.42 3.8 0.14

Flowing vs
Fractured

1.2 5.9 0.13

MANUAL SUBJECTIVE SCORING EVALUATION
Subjective human scoring is applied as a comprehensive
evaluation method, and a number of choreographers, dance
teachers, and professional dancers are invited to partic-
ipate in the review. Standardized evaluation criteria are
set, including style fit, naturalness of movement, rhythmic
rationality, and creative inspiration. Scoring is based on a
five-point Likert scale, and all results are aggregated to cal-
culate the mean and standard deviation. Subjective scoring
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FIGURE 8. Comparison of human motion and generated motion, and speed change curves of real and generated motion

effectively reflects the model’s acceptance in actual creation
and use, balancing the artistic and practical nature of the
style expression. It serves as an important bridge in the
transition from technical evaluation to practical application.
All eligible participants signed an informed consent form.

Figure 9 shows the distribution of expert ratings for
the four movement styles across four subjective evaluation
dimensions. The horizontal axis represents the evaluation
indicators, including style matching, naturalness, rhythm,
and creativity, while the vertical axis represents the average
score, ranging from 1 to 5. Error bars reflect the dispersion
of the five expert ratings. The fluid style receives high
ratings across all dimensions, particularly in naturalness,
exceeding 4.5, demonstrating strong dynamic fluidity and
coordination. The discontinuous style, on the other hand,
has the lowest overall rating, with scores below 4 for style
matching, naturalness, rhythm, and creativity, indicating
a stiff and disjointed performance. The convergent and
divergent styles perform relatively intermediate, with the
former having a slight advantage in naturalness and the latter
having an advantage in creativity.

FIGURE 9. Distribution of expert ratings for four action styles on four
subjective evaluation dimensions

ABLATION EXPERIMENT
To verify the effectiveness of the proposed style attention
mechanism, an ablation experiment is designed to compare
three style encoding schemes:
(1) Directly applying global average pooling (GAP) to the
VST Stage 3 features as the style vector (Baseline);
(2) Adding a fully connected layer after GAP (GAP+MLP);
(3) The style attention mechanism proposed in this paper.

The experiments are conducted under the same training
settings, and the evaluation metrics include style classi-
fication accuracy, Euclidean distance in style space, and
style consistency score of generated actions. The results
show that the accuracy of the Baseline scheme is 72.1%;
GAP+MLP is 75.3%; Style Attention reaches 80.5%. On
the "divergent-fragmented" style pair, the Euclidean distance
of the Baseline scheme is 1.18, while that of the proposed
method is improved to 1.42. This indicates that the style
attention mechanism significantly enhances the discrimina-
tiveness and controllability of style features.

IV. CONCLUSION
This study focuses on the modeling and generation of
modern dance choreography styles and proposes a dance
style modeling and innovation-assisted method based on
the Video Swin Transformer. This research into capturing
complex, non-rigid stylistic features is directly applicable
to industrial challenge. By applying a spatiotemporal hier-
archical modeling mechanism and a style attention mod-
ule, this paper achieves style semantic encoding of dance
movements. Combined with visual feedback and a control
reconstruction mechanism, this method effectively improves
the interpretability of style expression and the diversity of
generated movements. Experimental results show that this
method performs well in style consistency modeling and dis-
criminative expression. The internal similarity of convergent
and fluid styles is concentrated above 0.7, demonstrating
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good style stability. However, the similarity of discontinuous
style is discrete and has the lowest classification accuracy
(73%), indicating that it is more difficult to model. In terms
of style diversity control, the Fractured style achieves high
DTW distance (0.42) and velocity variance, demonstrating
the model’s ability to generate highly complex styles. Fur-
thermore, in the inter-style separation assessment, the "Di-
verging vs Fractured" style achieves the largest Euclidean
distance (1.42) and the lowest overlap (3.8%), confirming
the clear boundaries of the style space. Subjective ratings
show that the Fluid style scores over 4.5 for naturalness,
further supporting the model’s effectiveness in modeling
movement fluidity and rhythm. However, the current model
still has certain limitations in handling extremely abstract
styles and long-term style evolution. Future work can further
apply cross-modal emotional features and music rhythm
coordination control mechanisms, and expand the modeling
to more dance types and individual differences, to enhance
the system’s generalization and applicability.
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