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ABSTRACT

Ethnic folk dance in Southwest China is known for its unique regional characteristics and cultural
background, and the optimization of its movement choreography strategy is especially crucial for the
inheritance and development of this artistic influence. In this study, an optimized graph neural
network model is used to choreograph the movements of folk dances in Southwest China. The model
is equipped with multi-feature fusion, spatial modeling and temporal modeling modules, which can
maximize the recognition performance of the graph neural network model. Based on the model, a
framework for automatic generation of folk dance movements is designed, and the model is trained
and validated using Laban-16 and Laban-48 dance movement datasets. The experimental results show
that the method of this paper is well tested, and the loss value and accuracy convergence algebra of
the training set and the test set are basically the same, reaching 0.25 and 96%, respectively. The lower
limb motion recognition rate on Laban-16 dataset is improved by 5.21%~15.81% compared with the
comparison model. Under the music of different rhythms, a variety of dance movements can be
reasonably choreographed to, and the feasibility score of the model by experts is between 85 and 95,
indicating that the model in this paper has practical value.

Keywords: graph neural network, multi-feature fusion, spatial modeling, temporal modeling, folk dance
movement choreography

1. Introduction

As we all know, Chinese folk dance is a relatively representative form of folk art, which has an
extremely deep mass base in China and is an important part of Chinese national culture. Its unique
artistic and humanistic values have enriched Chinese culture. The folk dance of Southwest ethnic
minorities is a typical folk art, with its distinctive dance forms and strong narrative characteristics. In
the beginning, these folk dances were very loose, without the slightest generalization and systematic,
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scattered in different tribes, mainly in weddings and funerals, rituals and these occasions. However,
with the continuous development of society and the protection of national traditional culture, these
folk dances have undergone some changes and gradually developed and expanded. Therefore, it is
necessary to express this extremely vivid and rich dance form with deep and accurate dance
connotation through dance movement choreography to increase the artistic value and appreciation
value of the dance.

Traditional dance choreography is time-consuming and labor-intensive, requiring a large amount of
manual participation and repetitive labor, which seriously impedes the further development of ethnic
folk dance [1]. The development of neural networks makes it possible to train models based on
massive data, but the scarcity of paired data for dance and music has limited the research of intelligent
choreography [2]. The diversity of dance requires a wide variety of dances and rich combinations of
movements, and even for experienced motion capture companies, building a large and compliant
dataset is quite a daunting task [3-4]. Nowadays, digital platforms have become an increasingly
important part of people's lives, and the realization of storing, organizing classifying, retrieving,
storing, and utilizing multimedia data such as dances through dance intelligent choreography and
presentation systems can not only significantly promote the research and development of intelligent
choreography, but also enrich people's lives [5-6].

Literature [7] explores the connection between traditional folk dance and modern choreography,
showing that the rich cultural connotations of folk dance art forms provide a lot of creative inspiration
for modern choreography, while the control of music and rhythm in the process of modern
choreography increases the appreciation value of folk dance. Literature [8] shows that folk dance
allows for stylistic changes and improvisation characteristics for the modern choreography process
creates difficulties, there is an urgent need for high-quality digital technology to obtain the folk dance
movement sequences and create them, in order to promote the inheritance and dissemination of folk
dance. Literature [9] takes Yunnan traditional dance as the object to study the innovative creation
process of folk dance, and analyzes the choreographic creation concept of traditional folk dance from
the starting point of movement extraction, choreography creation and emotional expression.
Literature [10] analyzes the worldwide trend of dance design and finds that the main feature of
modern choreography is the amazing combination of modern dance techniques and traditional art
forms, which provides theoretical support for the development of modern choreography of Chinese
folk dance.

Literature [11] uses motion capture technology to accurately capture the movement details of folk
dance performers, and learns and analyzes the extracted movement data through 3D convolutional
neural network in machine learning, which significantly improves the accuracy, real-time and
generalization performance of movement recognition. Literature [12] developed DeepDance, a cross-
modal association framework based on graph convolutional neural networks, which is capable of
creating one-to-many mapping relationships between music and dance movements, as a way to realize
the generation of corresponding dance sequences based on music inputs, which plays an important
role in the creation of improvisational dance choreography. Literature [13] emphasizes that dance
choreography needs to fully consider the complex coordination between body movements and music,
and proposes a choreography generation model that integrates the gated Transformer, graph neural
network (GNN), and temporal convolutional network (TCN), which can not only produce creative
dance movements synchronized with the music, but also capture the nuances of the art film and
television. Literature [14] proposes an instruction set framework based on a data-driven learning
strategy that can choreograph high-quality dance movements to a given music, by beat-aligning
movement sequences with music clips to synthesize nodes of a dynamic motion graph, combined with
stylistic and rhythmic evaluations, and ultimately achieving aesthetically consistent movement
generation. Literature [15] proposes a music-oriented graph convolution GRU model for dance
choreography, which can model the relationship between human skeleton structure and dance time
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sequences, and fuses the graph features by establishing path attention blocks, so that the generated
dance motion graph is consistent with the music, and effectively solves the dance choreography task.
Literature [16] proposes a multimodal convolutional self-encoder for the problem of prediction error
accumulation in recurrent neural network choreography models, which can generate novel dance
movement sequences of arbitrary length by taking 2D skeletal features and audio information as input
conditions.

This paper firstly outlines the macro and micro factors affecting the choreography of folk dance
movements, and specifically divides the micro factors into five categories: strength, smoothness,
posture, time and rhythm, and indicates the points of attention for the use of graph neural network to
choreograph dance movements. Then, through the acquisition of dance movement data and dance
movement database, the automatic generation framework of dance movement based on improved
graph neural network is designed. And later on, the modified graph neural network model is described
in detail in terms of multi-feature fusion, spatial modeling, and temporal modeling. At the end of the
article, specific experiments are conducted to evaluate the effect and feasibility of the model
constructed in this paper based on the choreography of folk dance movements in Southwest China.

2. Factors affecting the choreography of folk dance movements

2.1. Choreography of Dance Movements under Macro Factors

To study the choreography of folk dance movements, we have to start from the local culture, history
and living habits of the ethnic groups. Because of different living habits for folk dance unique dance
movements create a superior subject matter, folk dance from the daily material elements, the use of
unique movement art expression. Ethnic dance is a national characteristic, each ethnic dance
movement is unique, is the embodiment of the way of life of each ethnic group, cultural development,
religion and other content, so ethnic dance can not be unified form of presentation.

For example, the same Yi dance, the Yi dance of Daliang Mountain in Sichuan Province and the Yi
dance of Honghe Prefecture in Yunnan Province have very different styles. From a macro point of view
to analyze, although the same Yi dance, but different geographic environment, cultural background
and religious beliefs affect the unique dance movements of the ethnic groups, thus forming the same
type of dance, but has a different form of expression of dance movements.

2.2. Micro-factors affecting movement choreography

Ethnic dance movements usually have very strong national characteristics, dance movements in
different geographic environments will be affected by it, in order to penetrate into the hearts of the
people for the creation of ethnic dance, it is necessary to start from the basic constituent elements of
the dance dance movements. The factors affecting the movement of folk dance are analyzed from a
micro point of view in the following points.

2.2.1. Force factors. The degree of muscle exertion in dance is the expression of the element of
strength. The control of the strength is the key to show the characteristics of folk dance, because each
folk dance to express the spirit and emotion is different, thus requiring different strength. Controlling
the strength can make the dance more national characteristics, the rhythmic beauty of different dances
and the different coordination of the beauty of different national dances make the difference between
the characteristics of the dance at a glance.

2.2.2.  Fluidity factors. The transition links between multiple movements are a reflection of the
overall fluidity of the dance. The effect of the dance and the feeling given to people should be mediated
by the fluency factor. The graphic neural network movement choreography is to bring together the
body parts of the dancers, according to the requirements of the dance work, and the body language of
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the dancers through different gestures and postures according to the needs of the dance situation. The
main factor in this process of change is to grasp the fluidity between movements.

2.2.3. Attitude factors. The posture of the folk dancer demonstrates the artistic embodiment of the
dancer's spatial range. The control and expression of the dance posture is an obvious feature to show
the characteristic folk dance. Each folk dance is formed by each movement posture of the body, dance
posture elements in folk dance is very important, because the use of graphic neural network
choreography dance movements to express the spirit of the nation, the custom should be presented
through the dance posture, to give the viewer a visual impact, is to watch intuitively feel the
connotation of the nation.

2.2.4. Time factor. The time factor is the length of the interval between the various movements of
folk dance, which expresses the speed of the movements and the continuity of the movements
themselves in folk dance. There is also a big difference in the speed or rhythm of each folk dance, for
example, rapid body changes in the jumping and fast rotating movements can express the enthusiasm
of the nation's spontaneity, while the slow movement can reflect the body's beautiful and soothing, but
also can be used to reflect the nation's introspection and the beauty of the subtle.

2.2.5.  Rhythmic factors. Different ethnic groups have different choices and understandings of music,
which requires dancers to ensure that they have the order and rules of movement when performing.
When choreographing, it is necessary to integrate the lightness and urgency of the rhythm and the
staccato, and at the same time, through the rich rhythmic changes to reflect the flavor of different
ethnic dance movements, which requires the graph neural network in the dance movement
choreography learning, familiar with the ethnic dance style, to make the movement coherent, smooth
and harmonious, and a good grasp of the rhythm and laws of the music of the ethnic group.

When the graph neural network is utilized to create ethnic dance movements, the above five points
are applied, and the dance works not only retain the ethnic dance styles, but also innovate the dance
vocabulary to a certain extent, so as to form a contemporary ethnic dance works accepted by the
audience today.

3. Choreography of Southwest Ethnic Folk Dance Movements Based on Graph
Neural Networks

3.1. Motion Capture Data Acquisition

Motion capture [17] is a technology that quasi-tracks and measures the trajectory or attitude data of
an object's movement in real three-dimensional space, and stores and 3D reconstructs the recorded
motion state in a computer device.

The workflow for obtaining motion capture data using motion capture devices is as follows:
1) Preparation. Performers wear matching motion capture suits. The staff needs to debug and calibrate
the hardware and software of the motion capture system, including starting the software, calibrating
the home position, and setting the capture frame rate.
2) Establish the skeleton model. When ready, the performer enters the capture area and maintains the
preparatory posture at the home position calibration, i.e., standing naturally with both arms raised flat
and the body in a “T” shape. At this time, the software operator establishes a three-dimensional
skeleton model for the performer.
3) Motion data acquisition. After the model is established, the motion capture device starts to record
the movement process of the performer.
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3.2. Dance movement database

There are several common storage formats for motion capture data such as BVH, ASF/AMC and HTR.In
this paper, the most common BVH format is used to store motion capture data.

The BVH file contains two parts, the first part is the tree-like human skeletal structure definition
area, and the second part is the motion capture data area. The first part starts with the keyword
“HIERARCHY”, and first defines the root node ROOT, whose initial position in 3D space s (0, 0, 0). Then,
we define the name, number of channels and spatial position offset relative to the parent node for each
joint point by level.

The second part starts with the keyword “MOTION” and first lists the total number of frames of the
motion capture data in the segment, identified by the keyword “Frames”, and then gives a fixed time
interval between two frames, identified by the keyword “Frame Time”. Finally, the motion data for each
frame is provided in the hierarchical order of the defined zones, containing the spatial position of the
root node, expressed as 3D coordinates, and the relative rotation information of the non-root nodes,
expressed as Euler angles.

In order to train and validate the ethnic dance movement generation algorithm proposed in this
paper, 2 ethnic dance generation datasets based on motion capture data are constructed with the
following basic information:

1) Laban-16: the dance video clip of the Miao dance “Squeeze Oil Tip” in Southwest China, recorded by
the author through the fieldwork method. The dance fully shows the passionate and pure character
traits of the Miao A-Go-A-Mei, highlights their love for life and the yearning pursuit of love, embodies
its typical and unique national character traits, is very rich in national flavor, and at the same time,
reflects the most sincere and pure thoughts of the local Miao people on the love of life. The dataset,
which can be used to train and validate an end-to-end continuous dance score automatic generation
algorithm, contains 1,600 consecutive unsegmented human movement samples, totaling 7,121 lower
limb (left and right leg) medial element movements, with a total duration of 1,119,706 frames. Each
continuous motion sample randomly contained 3 to 8 elemental movements. These actions covered 8
horizontal orientations, totaling 16 labeled categories. The goal of the analysis and identification for
this dataset was to map the 8 horizontal orientation symbols for the two support bars in the Laban
dance score.

2) Laban-48: Dance video clips of the Miao dance “Lusheng Dance” recorded in Southwest China by
the author through the fieldwork method. This dataset can be used to train and validate the end-to-
end continuous dance score automatic generation algorithm, and contains 4,800 consecutive human
motion samples, totaling 19,200 elemental movements of the lower limbs (left and right legs), with a
total duration of 3,018,199 frames. Each continuous motion sample randomly contained 3 to 8
elemental motions. These actions covered 8 horizontal orientations and 3 vertical layers, totaling 48
labeled categories. The goal of the analysis and identification for this dataset was to map the 24
spatially distributed symbols of the two support columns in the Laban dance score.

3.3.  Architecture for Automatic Dance Movement Generation

In this paper, we adopt and optimize the efficient graph neural network for human movement
modeling, and focus on exploring the “end-to-end” automatic folk dance movement generation
algorithm, in order to achieve the global optimization of the dance score generation system, and the
high-precision and full-automatic generation of continuous human movement.

The Connection Timing Classifier CTC [18] is used to realize the automatic generation of continuous
Laban dance score, and the framework of the automatic generation of folk dance movements is shown
in Fig. 1. Connected Timing Classifier CTC is a multi-label prediction method widely used in sequence
recognition tasks such as machine translation, speech recognition, etc. Its role in the framework of
automatic generation of continuous dance movements is to decode and transcribe the results of the
graph neural network's movement prediction for each frame of the input continuous movement into
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an optimal sequence of movement symbols.
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3.4. Semantic-assisted directed graph neural network based on multi-feature fusion

In this section, a semantically-assisted directed graph neural network model (MF-SDGNN) based on
multi-feature fusion is proposed for the task of generating dance movements based on motion capture
data. Figure 2 demonstrates the specific flow of the algorithm in this paper. Under the constraints of
five factors, namely, strength, fluency, gesture, time and rhythm, this paper utilizes the model to test

the choreographic effect of ethnic folk dance movements in Southwest China.
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Fig. 2. The process of semantics-guided directed graph neural networks

3.4.1. Directed Graph Representation of Motion Capture Data. Equation (1) is shown:
The motion capture data records the rotational offset of each joint point of the human body relative

to its parent node in terms of Euler angles (jﬂ,(ﬂ), and thus its transformation relies on the Euler
angles, where the three angles denote the rotational angles of the joints around the X, Y,and Z

axes, respectively. Denote by S = {Jl,---,JT} a segment of human motion of length 7 recorded by

the BVH file, where each frame J = {J,- =(j,49,(0) i =2,...,N} represents the pose of N a joint in
the skeleton, while denotingby 0. the offset ofthe ithjointineach frame relative to the parent node.

Assuming that the initial offset of J; relative to the parent node at moments ¢—1, (<7 is

1

oiH =(x,y,z),ifthe rotation matrix K isused to denote the rotation of J; relative to the parentnode

atmoments ¢—1 to f,the J; new offset 0§=(x’,y',2’) at moment ¢ is shownin Eq. (1):

(x’,y’,Z’)ZR[-(x,y,Z) (1)

A bone is the difference in coordinates between two connected joints, and if given the coordinates
of two joints p, =(x1,y1,zl) and p, :(xz,yz,zz) that have a connecting relationship, the bone €
that connects p;, and p, can be calculated based on Equation (2):

e:p1_p2:(x1>y1321)_(x2>y2122) (2)

In this paper, we consider that the root node is connected to itself, so the set of edges in the skeleton
directed graph can eventually be represented as £, = {em |m= 1,2,---,Ne} ,where N, isthe number
of lower limb bones in each frame of the skeleton and has the same value as N, .

The connectivity of vertices and directed edges in the lower extremity directed graph is described
by an association matrix 4 ofsize N, xN,. Different values of the association matrix element 4;,
can reflect different connections of vertex V, and directed edge e, , where k=12,..,N, ,
m=1L2,...,N,. If vertex v, and edge e, are unconnected, then matrix element 4, , =0. If vertex
V, is the target vertex of directed edge e, , then 4, =—1. Eventually, each frame of the directed
graph can be definedas G = (V,egs, E,. A), which contains both the set of vertices of the graph, the set
of directed edges, and the association matrix describing the structural information.

3.4.2. Multi-feature fusion module for directed graphs. In this section, the multi-feature fusion [19]
operation is illustrated with a single-frame directed graph as an example, where the set of joints is
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={em | m =1,2,...,Ne} JIf
the input of the network is a continuous sequence of directed graphs of length T, the multi-feature
representation of the sequence can be obtained by repeating the following operation 7 times.
Based on the multi-feature fusion of joint information flow, the velocity of joint points is calculated
firstly, then the joints and joint velocities are embedded into the high-dimensional space of dimension
C1 respectively, and finally the two types of features in the high-dimensional space are fused to obtain
the multi-feature representation of the joints, which is denoted as z, € R® . The multi-feature
representation of the joint information flow in each frame of the skeleton can be illustrated in Eq. (3):

k,={z |k=12,..,N,}eR" (3)

denoted as V,, = {Vk lk=12,..., Nv} and the set of bones is denoted as £,

egs

Multi-feature fusion based on skeletal information flow refers to the fusion of skeletal position
information and skeletal velocity information in a high-dimensional space. If a bone vector

T - .
e, = (x,qm,y,’m,z,’m) e R’ at the current moment #,¢<T is given, the same bone vector at moment

0 T - 0 " 0 . e
1-1L2<t<T is e, = (x,_l’m,y,_lsm,z,_l,m) , and the original velocity information V,,, of bone ¢,,

can be expressed as shown in Equation (4):

e

V[,m = et,m - el—l,m

(4)

T
= (xt,m - xt—l,m b yt,m - yt—l,m s Zt,m - Zt—l,m )

Embedding the bone vectors and their velocities into a high-dimensional space of dimension C|,
and fusing the bone and its velocity features in the high-dimensional space, a multi-feature
representation of the bone can finally be obtained, which is denotedas w, € R“. As a result, the multi-
feature representation of the bone information flow in each frame of the skeleton is shown in Equation

(5):
k,={w,|m=12,.,N,} e R -

Finally, let Vi, =k,, E., =k, each frame of the directed graph after the multi-feature fusion
operation can be denoted as G = (V,egv,E,ggq, A). If the length of the continuous motion data is T, the
above operation is performed on 7 frames of the directed graph respectively to obtain the multi-
featured representation of the sequence of directed graphs, denotedas S = {Gl G2, GT} :

3.4.3. Module for spatial modeling based on dense connectivity. The architecture of the spatial
modeling module is shown in Figure 3. The spatial modeling module adopts DGN as the basic unit of
spatial modeling. The DGN can update the directed graph that introduces semantic information. There

are two kinds of elements in a directed graph: vertices V,,, = {vk lk=1,2,.. .,NV} and directed edges

E, .= {ek |k =1,2,~..,Ne} , and updating a directed graph means updating the vertices and directed
edges in the graph.

For both elements, the DGN updates the element itself by aggregating the spatial information on the
points and directed edges with which it has a connectivity relationship. Considering the directedness
of edges, the DGN contains two aggregation functions g and g for aggregating the spatial
information on the set of vertex incoming edges ¢ and the set of outgoing edges e", respectively. In
addition, considering the different dependencies of vertices and directed edges, the DGN updates
vertices and directed edges in the directed graph through two update functions /4 and #",
respectively. If the updated versions of vertices and directed edges are denoted by V, and e,,
respectively, the update process of the directed graph is specified as follows in Eq:

6 =g (&) (6)
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3.4.4. Residual linkage-based time modeling module. The temporal modeling module consists of a
summation operation, a spatial maximum pooling layer SMP, two TCN layers, and an average pooling
layer, whose basic architecture is shown in Fig. 4.
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Fig. 4. The architecture of temporal modeling module

The basic unit of the temporal modeling module is the TCN, which allows temporal modeling of
directed graphs.The core of the TCN is the convolution operation with convolution kernel size &, x1.
To apply it, it is only necessary to select a suitable value of X, and use that value as its convolution
kernel size along the time dimension. As a result, the TCN applies the convolution operation to the
time dimension of vertices and directed edges. Finally, inspired by residual learning, jump connections
from ResNet [20] are added between the two TCNs as a way to improve the training efficiency of the
network.

3.4.5. Action Symbol Transcription. The frame-by-frame motion prediction matrix is generated by
the module before CTC. After the temporal modeling module, the obtained joint information streams

Z and bone information streams Z are stacked by channel dimension and integrated into a two-
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dimensional tensor of shape T><2|C3|. This is converted into a frame-by-frame action prediction

matrix y= {y’ |t= 1,2,---T} of size TxCard(L') using the softmax function [21], where the one-
dimensional vector 6 represents the probability distribution of all dance movement types at moment
L,

The CTC can define a conditional probability for any path 7T={7l} GL'},:L'_',T of length T on the
frame-by-frame action prediction matrix. If y,t,t is used to denote the probability of predicting the
action at moment ¢ as 7, the conditional probability is defined as shown in Equation (10):

p(r|y) =1jy5,, (10)

The training objective of the network is to minimize the negative log-likelihood of these sequence
conditional probabilities. If N, denotes the number of action samples in the training set, and "
and /" denote the frame-by-frame action prediction matrix of the 7th sample and the Laban symbol
sequence of the model output, the negative log likelihood of the conditional probabilities of the
sequences is shown in Equation (11):

0== 3 logp(I" ) (11)

n=l,...,Ny

The most probable action in each moment is usually chosen to represent the final optimal sequence
of action symbols, as shown in Equation (12):

"~ B(argmax p(r| y)) (12)

4. Organizational effectiveness test analysis

4.1. Model Training Tests

The study proposes a semantic-assisted directed graph neural network model with MF-SDGNN multi-
feature fusion for Southwest folk dance movement choreography. The performance of the method is
first validated. The simulation environment is Matlab (R2017b), discrete graphics card GeForceMX150,
7th generation Intel i5 processor, 2GB GDDRS5, 256GB PCle SSD, memory 8GB DDR4, DeepLeaning-
Toolbox. The experiments are performed on the Laban-16 dance video movement dataset described
above. The dataset is divided into training set and test set according to 3:7.

Fig. 5 shows the loss value and accuracy variation curves of the MF-SDGNN model on the selected
dance action dataset. From the data in the figure, it can be seen that with the increase of the number
of training rounds, the loss value of the model in this paper converges in the 30th round of the test, at
which time the loss value is about 0.25. In addition, the accuracy of the MF-SDGNN model in the test
increases rapidly from the beginning, and the convergence occurs in the 35th round, at which time the
accuracy is as high as 96%. And the loss value and accuracy convergence between the training set and
the test set are basically the same, which indicates that the model in this paper has a better training
effect in the dance video action dataset.
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Fig. 5. MF-SDGNN model changes loss and accuracy of the dance action data

4.2. Performance evaluation tests

This section evaluates the MF-SDGNN model proposed in this paper on two datasets, Laban-16 and
Laban-48. In order to correctly generate the corresponding symbols, the classes of action segments
need to be learned and recognized from the data. Therefore, this problem can be seen as a specialized
recognition task. The performance of the method evaluated with the average recognition rate. For the
segmented training and test sets, 30% of the samples from the data for each action category are
randomly selected for training and the remaining samples are tested. Due to the randomness of the
algorithm, the experiment is repeated five times and the results are averaged to obtain the final results.
Comparative analysis with DTW, Multi-class SVMs, Histogram-based, CRNN, and GRU-RNN, 5 groups
of models are also performed to evaluate the performance of this paper's model in performing time-
series modeling and recognizing dance movements to generate action symbols.

Figure 6 demonstrates the performance of the six groups of models in recognizing lower limb
movements on the two datasets. From the figure, it can be known that the motion recognition rate of
this paper's method is significantly higher than that of the above five methods, e.g., on the Laban-16
dataset, the recognition rates of left and right lower limb motions are 95.65% and 94.04%, respectively,
which is higher than that of the DTW, Multi-class SVMs, Histogram-based, CRNN, and GRU-RNN models
by 5.21% to 15.81%. This indicates that the time series dynamic modeling method based on semantic-
assisted directed graph neural network model with multi-feature fusion is applicable to the analysis
of motion capture data and can achieve good results.
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Fig. 6. The identification performance of the six group model movement

In order to further investigate the contribution of each module (i.e., multi-feature fusion module,
spatial module, and temporal module) in the proposed MF-SDGNN model, we conducted an ablation
study using different model configurations. The GNN model is set as the baseline method, which
represents the base model without fusion of the above three modules, the MGNN represents the GNN
model combined with the multi-feature fusion module, the SGNN and the DGNN are the GNN models
that only fuse the spatial module as well as the temporal module, respectively, and the MF-SDGNN is
the complete model proposed in this paper that fuses the above three modules. The basic GNN, MGNN,
SGNN, DGNN, and MF-SDGNN are denoted as Models 1-5 in turn, and then we evaluate the impact of
each module on the overall method performance through different combinations of module
configurations.

The results of comparing different configuration models on the two datasets are shown in Fig. 7.
From the figure, by comparing the results of configuring Model 1 with Models 2-4, we can see that the
models incorporating the auxiliary modules (Models 2-4) improve the recognition rate by 9.78% to
17.46% compared to the baseline model (Model 1), which demonstrates the advantages of the
proposed auxiliary modules in capturing dance movements.

In addition, by comparing Models 2-4 with Model 5, we can clearly see the performance gain from
the multi-module fusion, with the recognition rate of the model used (Model 5) being above 94%. This
demonstrates the effectiveness of our proposed MF-SDGNN model and that the three modules
proposed in this paper can work together and improve the overall model accuracy.
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Fig. 7. Different configuration models compare results in two data sets

4.3. Choreographic features of dance movements

In this section, 10 pieces of music with different rhythms are selected and the model constructed in
this paper is used for automatic generation of dance movements to realize the choreography of folk
dance works. The dance movements used in each work are recorded and analyzed, and based on the
data compiled and analyzed, the dance movement choreography ability of the MF-SDGNN model under
different music rhythms is explored. The study only recorded the basic movements in folk dances,
which are spinning, jumping, kicking, swinging, stepping, twisting, turning, shaking the shoulders,
bending, fluttering the sleeves, stomping, and cross-steps, totaling 12 different basic movements.

Figure 8 demonstrates the frequency of choreographed dance movements of the MF-SDGNN model
under different music tempos. From the figure, it can be seen that MF-SDGNN choreographed all the
above movements under different music tempos, which indicates that the model can skillfully
choreograph the same dance movements into different dance works by learning from folk dance
videos, and demonstrate the regional characteristics and cultural features of Southwest China's folk
dances by reasonably connecting each movement. In addition, the frequency records of movements
show that the MF-SDGNN model choreographed the above basic movements 5-20 times, which
indicates that the basic movements are indispensable in the choreography of sets of movements, and
that good combinations can not be made without the padding of basic movements.
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4.4. Usability testing

This section analyzes the usability of folk dance movement choreography strategies based on the MF-
SDGNN model. The study invites three experts to appreciate 10 folk dance works choreographed by
the above model under different music rhythms, and evaluates whether the test has feasible value by
means of a questionnaire.

The questionnaire covered five micro-factors affecting movement choreography, i.e., the strength of
movement choreography, the fluency of movement transitions, the gestures of folk movements, the
interval transitions, and the degree of grasping the rhythm of the music. The survey adopts the expert
rating system, and through the collection of statistical expert evaluation results, the feasibility level of
this paper's model at each level is classified. According to the experts' suggestions, the feasibility grade
division interval is shown in Table 1.

Table 1. The feasibility grade interval

Grade Very feasible Feasible General Unrecommend

Score =90 70~89 60~69 <60
Fig. 9 shows the results of experts' ratings on the feasibility of action choreography of this paper's
model under different levels. From the expert evaluation results, the model of this paper has high
usable value. The ten dance works choreographed in this paper have achieved high ratings in the
strength of movement choreography, smoothness of movement transition, gestures of ethnic
movements, transformation of movement intervals, and the degree of grasping the rhythm of music,
with an average rating of >85, which means that the model of this paper is feasible as a strategy for
choreographing the movements of ethnic dances in Southwest China. Taking the degree of grasping
the rhythm of music as an example, the average ratings of the three experts for the ten works were
between 87.93 and 91.73, indicating that the dance movements choreographed by the model of this
paper are able to grasp the rhythmic laws of different music, generate dance movements according to
the beat of the music, and enhance the coordination and expression of emotions in folk dance
performances.
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Fig. 9. The results of the feasibility score of the expert's action choreography
5. Conclusion

The article analyzes the influencing factors of folk dance movement choreography in Southwest China
by taking the Yi ethnic group in Sichuan and Yunnan, China, as an example. The graph neural network
model is optimized by embedding modules such as multi-feature fusion. On this basis, a framework
for automatic generation of ethnic folk dance movements based on the optimized graph neural
network is designed, and several experiments are carried out to explore the potential of this paper's
model as an optimization strategy for dance movement choreography.

1) Experiment Summary. The MF-SDGNN model shows a good training effect as the loss value and
accuracy converge to 0.25 and 96% respectively before 40 rounds of training. The model's lower limb
motion recognition rate on Laban-16 and Laban-48 datasets is above 90%, which is improved to
different degrees compared with the comparison model. The multi-feature fusion module, the spatial
modeling module, and the temporal modeling module work together to improve the performance of
the graph neural network model for dance movement recognition. The model in this paper can
choreograph folk dance movements under different music beats, and the feasibility score is higher
than 85, which can be used as a strategy for choreographing folk dance movements in Southwest China.
2) Insufficiency and Prospect. Intelligent choreography has insufficient data, which is a challenge for
the training and accuracy of graph neural networks. Without enough data, the algorithm may not be
able to learn enough patterns and features, which affects the quality and diversity of folk dance
movement choreography. With the development of augmented reality and virtual reality technologies,
graph neural networks can enable a more immersive choreography and learning experience on these
platforms.
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