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ABSTRACT 
Rhythm matching of music and dance is an important research area in cross-modal analysis. In this 
paper, a music and dance rhythm matching algorithm based on time series analysis is proposed to 
extract the time series features of music and dance, and a genetic algorithm is used to determine the 
correspondence between music and dance movements to reflect the degree of correlation between 
changes in music and dance rhythm movements. In order to improve the matching and smoothing 
degree between the dance movement time series and the music time series, a constraint-based 
dynamic programming algorithm is introduced. The experimental results show that the model 
performs well in the matching degree and matching efficiency enhancement between dance 
movement time series and music time series, and its matching efficiency is 2-3 times of the traditional 
method. It shows high practicality in dance choreography and music matching, and can match any 
music clip with smooth and beautiful dance movements. The research in this paper provides new 
technical means for dance choreography and music matching, which will further optimize the 
transition harmony between music time series and dance movement time series. 

Keywords: time series features, dynamic programming algorithm, rhythm matching algorithm, match 
enhancement 
 

1. Introduction 

Any kind of dance, any dancer must be according to the rhythm of the music to dance movement 
creation, music is like the oxygen of the dance creation environment, all the time reϐlects its existence. 
The combination of music and dance has enriched the expression of musical art, and people's various 
aesthetic needs are satisϐied in the splendid and colorful comprehensive art after the combination of 
the two [1-4]. 
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Dance needs music to stimulate emotion and action to strengthen, leaving music, dance is difϐicult 
to fully express feelings. Music is the art of sound, is to sound for the performance of the physical form, 
its main means of expression is melody, rhythm and harmony, while the dance is mainly physical 
movement for its performance of the physical form, the main means of expression is the dance, dance 
and modeling [5-8]. Music is the art of time, space and hearing, and dance is the art of space and vision. 
From the point of view of the combination of dance and music, rhythm is the common ground that 
exists between dance and music, and rhythm is the basic factor that constitutes the melody of music 
as well as dance movements [9-11]. Dance as a comprehensive art, the role played by music in it is 
obvious. Dance belongs to the category of visual, tangible and silent, while music belongs to the 
category of auditory art, sound and intangible, the two can be organically combined [12-13]. In the art 
of dance performance, beautiful music with, can help the dance in the whole performance process to 
express the mood, reϐlect the personality and atmosphere, so as to shape the perfect dance image [14-
16]. Music in dance is an integral part of completing the artistic image and revealing its thematic ideas 
in dance works, while the emotional changes in dance performance are reϐlected through the melody, 
rhythm, speed and intensity of music [17-20]. 

Literature [21] constructed a model for matching dance movements with music rhythmic features 
in order to improve the degree of matching between dance movements and music rhythms, revealing 
that the model has good matching accuracy and signiϐicant advantages. Literature [22] proposed a 
music-driven movement synthesis framework that generates movements controlled by the musical 
content and is able to produce effective natural movements in a variety of dance genres and respects 
the overall structure of the dance. Literature [23] proposed two models, timbre similarity and 
rhythmic similarity, which extract feature values from audio clips and veriϐied that the accuracy of the 
rhythmic similarity model is very high, while the accuracy of the timbre model is medium. Literature 
[24] examined the effect of metrical matching between music and dance and the kinematic familiarity 
of dance movements on the audiovisual integration of rhythm, revealing that the mechanisms of 
rhythm perception and movement simulation are able to modulate the temporal integration of this 
audiovisual stimuli. Literature [25] developed a VR application (DRF) that combines frame-by-frame 
rendering with motion trajectory visualization; the DRF program enabled users to signiϐicantly 
improve choreographic skills and rhythmic accuracy compared to a video-based VR system. Literature 
[26] analyzed the effect of musical rhythmic complexity on dance performance accuracy and examined 
the effect of varying degrees of auditory syncopation on the execution of dance sequences by dancers 
and non-dancers, revealing that the pattern of differences between dancers and non-dancers was 
similar, a result that has a greater impact on practitioners. Literature [27] introduced MuDaR, a music-
dance representational learning framework, and synchronized music and dance rhythms explicitly 
and implicitly, verifying that the framework largely outperforms other self-supervised methods. 

This paper proposes a music and dance rhythm matching method based on time series analysis, 
aiming to further improve the synchronization between music and dance through more accurate time 
series feature extraction and matching degree optimization algorithms. The action time series features 
and music time series features are extracted separately using time series analysis. A genetic algorithm 
with relationship accuracy as a function of ϐitness was introduced to construct the correspondence 
between music and dance movements. In order to optimize the search results, a dynamic programming 
algorithm is used to minimize the distance between the action time series features and the music time 
series features, and to complete the improvement of the matching degree between music and dance 
rhythm. Quantitative analysis experiments and visualization experiments are used to determine the 
relevant performance of the model in this paper. 

2. Music and motion feature extraction and segmentation 

Feature extraction and segmentation of music and dance movements is the starting point of music and 
dance rhythm matching modeling, and common features include spectrum, constant Q transform, 
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intensity, time series features, etc. Feature extraction of dance movements involves the position of 
joints, movement trajectories and other information. These features provide actionable data for 
subsequent model training and matching. 

2.1. Music feature extraction and music segmentation 

In this section, we will introduce music spectrum analysis based on ConstantQ transform [28], music 
rhythm extraction based on note onset, music intensity extraction based on human ear auditory 
attributes and music segmentation based on note repetition structure and rhythm. 

2.1.1. Music spectrum analysis. Music spectrum analysis provides the basis for music rhythm 
extraction, intensity extraction and music segmentation. The original music signal is a waveform signal 
in the time domain, but in order to extract richer information about the music, such as rhythm, 
intensity, etc., the music signal needs to be transformed from the time domain to the frequency domain 
and then analyzed. 

In this paper, the Constant Q   Transform (CQT) algorithm is used to make the music signal 
decomposed at the frequency points of the twelve mean laws, reϐlecting the frequency distribution law 
of music. 

The CQT transform of the ϐinite length music signal ( )x n  is: 
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According to music theory, the frequency of the k st note is calculated as follows: 
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where 0f  is the minimum frequency, which corresponds to the frequency of the C3 note at 130.8 Hz, 

and b  indicates the number of semitones contained in an octave. a constant factor Q  in the CQT 
transform indicates that the frequency to bandwidth ratio is a constant value: 
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After the above CQT transformation, the CQT spectrum of the music signal is obtained. In the 
subsequent sections, ( , )X n k  denotes the spectral energy of the k th note of the n th frame of the 
signal. 

2.1.2. Music Rhythm Extraction. Music beat extraction is based on the following two principles: 
1) Musical beats are periodic in nature. 
2) The period of musical beats is equal to the interval of musical start notes. 
The input audio signal ( )x n  is transformed by CQT to obtain the CQT spectrum  ,X n k . Using the 

distance between adjacent frames of the same frequency, and denoising optimization at the same time, 
the calculation formula can be obtained as follows: 
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The ϐinal value of the mutation point function, ( )D n , is obtained by summing the increments of all 
frequencies at the current moment: 

 ( ) ( , )
k

D n d n k  (6) 

Then, beat period prediction is performed. Based on the cycle characteristics of musical beats, an 
autocorrelation function is deϐined to predict the beat length: 

 
/2

1

( ) ( )* ( ), 0,
2

len

n

len
AC D n D n  



    
 

  (7) 

Finally, the beat point evaluation is performed. Assuming that the position of the current beat is nT , 
the position of the next beat can be predicted based on the beat cycle: 

 1 maxn nT T     (8) 

There is a small error between the predicted value 1nT   and the true rhythm point 1nT   due to the 
error in the actual performance. In this paper, the moment near the prediction value 1nT   such that 

( )D n  is a local maximum is taken as the rhythm point. 
From the above, the rhythmic characteristics of music clip iM  are deϐined as follows: 
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2.1.3. Music intensity extraction: 
The extraction of musical intensity is based on the following three principles; 

1) Spectral energy increases with increasing tone intensity. 
2) Musical melodies use frequencies above C4. 
3) The human ear readily recognizes sounds with frequencies much higher than adjacent 

frequencies in the spectrum. 
Based on this principle, the transformed CQT spectrum is utilized to ϐirst ϐind the average energy of 

the knd note of music clip iM : 
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Calculate the local peak of the average energy: 
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Considering the auditory properties of the human ear and the frequency of the signal, a musical 
intensity signature is obtained: 
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where kf  is the frequency value corresponding to C4-C6. 

2.1.4. Music segmentation. Two approaches to music segmentation are considered, one approach is 
based on the principle that music is structured by the repetition of several musical segments. 
Therefore, the goal of music segmentation is to extract patterns of repeating music segments and then 
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segment the music based on the repeating patterns. The other approach is to simply take music 
segments of 16 rhythmic lengths. 

In this paper, a music segmentation algorithm with 16 rhythmic lengths is used. The music 
segmentation algorithm that takes 16 beat lengths is mainly used to segment music uniformly where 
the melody is not strictly repetitive. When segmenting music, it is segmented at intervals of max16  

according to the beat length max   obtained from the rhythm extraction analysis. For the audio 
Antrikos2 with a duration of 35.2s, according to the corresponding beat length of 0.2s, 11 music 
segments can be obtained, with an average length of 3.2s. It can be seen that the music segments 
obtained by this segmentation method are more uniform and not too short, which is conducive to the 
subsequent matching of features and the synthesis of dance articulation. 

2.1.5. Music Time Series Extraction. The database in this paper consists of a collection of musical 
melody fragments. The input search fragment will be matched with every melody fragment in the 
database. In general, subsequence retrieval is slower than whole sequence retrieval because the 
number of possible candidate sequences is much larger for subsequence retrieval. For ϐiles, a melodic 
fragment consists of a sequence of binary groups (notes, durations). Because we are using a 
monophonic melody, there is only one note at a moment in time. We use a sequence of binaries to 
represent a piece of musical melody that begins with a note of duration 1, followed by a note of 
duration 2, and so on. A binary sequence can be converted into a time sequence. 

To obtain segments of music, this paper uses a standard speech ϐile streaming class library to store 
music segments in wav format. This acoustic input is segmented into frames of 10ms length, and then 
each meal is converted to a pitch using a pitch extraction algorithm. This melodic fragment is then 
processed in the same steps as a database ϐile. This creates a time series of pitches. Since there is no 
highly accurate algorithm for splitting notes, the time series method avoids note slicing. Note that this 
does not include information about the rests of the melody. 

2.2. Dance feature extraction and dance segmentation 

Since the feature matching of music and dance rhythmic movements is based on the common features 
of music and movements - rhythm and intensity, the rhythmic features and intensity features of 
movements need to be extracted. In order to fully mine the features at a ϐiner granularity and at the 
same time facilitate the reuse of movement data, the movements are segmented. In this paper, all 
features are deϐined on the scale of action/music segments, which is the basic data unit for model 
analysis. 

The action sequence N   is segmented to obtain multiple action segments 1 2, ,N N   . All 

subsequent references to action segment  1iN i n   refer to action segments in action sequence 

N , abbreviated as action segment iN . The action features extracted from action segment iN  are 
denoted as: 

  
 
 
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Motion
R

iMotion
I

F f
Motion Feature f f N

F f

 
  
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 (13) 

where f  is the frame number of action segment iN , and Motion
RF  and Motion

IF  are the rhythm and 
intensity characteristics of the action segment, respectively. 

2.2.1. Dance Rhythm Extraction. For heel-stepping beat type of dance, this paper proposes a rhythm 
extraction method based on foot joints and hip joints. The foot joint-based rhythm extraction considers 
the positions of the great and small values of the vertical displacement of the foot joint as the rhythm 
points. 
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From the above, the rhythm extraction algorithm based on foot vertical displacement threshold for 
action segment iN  is as follows: 
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The formula for rhythm extraction based on the vertical displacement of the arm is as follows: 
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In summary, the rhythm extraction formula can be obtained by combining the rhythm extraction of 
the foot joints and arm joints: 
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2.2.2. Dance intensity extraction. For the dances used in this paper, the momentum depends mainly 
on the vertical movement of the feet and the horizontal movement of the center of the human body. 
The instantaneous intensity of the current movement segment iN  can be obtained as: 

 ( ) ( ) ( )foot rootI f v f k v f    (17) 

By averaging the intensities of neighboring frames in the same rhythmic cycle in which the current 
frame is located, the intensity features of action segment iN  can be extracted as follows: 
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Wherein, f
sR  denotes the start frame number of the same rhythmic cycle in which the action of the 

current frame f  is located, and f
eR  denotes the end frame number of the same rhythmic cycle in 

which the action of the current frame f  is located. 

2.2.3. Dance segmentation. Dance movement segmentation segments movements based on 
rhythmic extraction of movements. In this paper, the action segmentation is segmented by every 16 
rhythmic lengths. According to the music and action feature matching model proposed in this paper, 
when selecting action segments from the action database for matching the input music, the length of 
the action segment is required to be greater than or equal to that of the music segment, and then the 
part of the action segment that is equal to the length of the music is intercepted and matched with the 
music segment for feature matching, based on the fact that the matching of this action that is equal to 
the length of the music is better than that of the other actions that are equal to the length of the music. 
The reason is that the matching of the action with the music length is better than other actions with 
the music length. Therefore, the segmentation algorithm based on 16 rhythmic lengths in this paper 
can easily and effectively segment actions, and at the same time ensure that the length of the 
segmented action meets the music matching requirements. 

2.2.4. Dance movement time series extraction. In this paper, the sequence of frames to frames before 
and after is used as temporal information, rather than points in time. That is, the focus here is on which 



A MODELING STUDY OF MUSIC AND DANCE RHYTHM MATCHING 3777 

 

pose is located in front of a pose and which pose is located behind a pose during behavior recognition, 
rather than at what moment a pose occurs and at what moment another pose occurs before or after 
that moment. The order of frames and frames on the timeline is important for behavior recognition, 
especially if the action poses are reversible. For example, the actions of standing up and sitting down 
are a reversible pair of poses on the time axis. 

A comparison of the two actions reveals that, time aside, the postures on the crossed lines are similar. 
Thus the order of the postures in time can be important information for recognition. In order to 
preserve the order information of the time series, this paper achieves this by adding a regular term 
that controls the temporal order. This added regular term enables the sparse coefϐicients to reϐlect the 
temporal order of the original feature vectors, whereas the traditional sparse coefϐicients just select 
the feature base vectors that best express the content of the feature vectors themselves in a dictionary, 
and the closer the feature bases correspond to the original feature vectors, the larger the coefϐicients. 

3. Determining music-dance correspondence 

This paper proposes a method for determining music-movement correspondences for music and 
dance of a speciϐic style, which ϐirst performs a correlation analysis of music-movement features and 
excludes some corresponding feature pairs, and then uses a genetic algorithm to optimally select 
correspondences that satisfy the matching accuracy and computing speed. When performing 
correlation analysis, in order to better reϐlect the inϐluence of feature changes on music-movement 
matching, this paper uses the rate of change of feature values instead of the feature values themselves. 
When performing genetic algorithm training, in order to facilitate the calculation, this paper uses the 
correspondence accuracy as the ϐitness function of the genetic algorithm. 

3.1. Correspondence 

In music feature vector  1 2: , , , pM m m m  and action feature vector  1 2: , , , qA a a a , im  and ia  

correspond to a certain music feature and action feature respectively. For any im   and ia  , if the 

change of im  has an effect on ja , then im  and ia  are said to be correlated, denoted as i jm a . 

The set of correlated feature pairs is called a correspondence, i.e.,       1 1 2 2, , , , , ,f f f f f f
i im a m a m a . 

3.2. Correlation analysis 

3.2.1. Calculation of correlation coefϐicients. After extracting the music and action features, each 
music segment and action segment can be described using feature vectors. For example, the feature 
vectors of the i   music segment iM   and the j   action segment jA   are  1 2, , ,i pM m m m    and 

 1 2, , ,j qA a a a   , respectively, where pm   denotes the p  th music feature value and qa   denotes 

the q  th action feature value. Then, the music-action segment training samples that satisfy the 

matching relationship can be represented in the form of  ,i jM A . 

According to the music beat slicing algorithm, it can be seen that the music and action in the training 
samples are best matched by default, so we consider that the feature correlation coefϐicients calculated 
from the training samples are accurate. For music feature im  and action feature ja , the correlation 

coefϐicient  ,i jr m a  of both is calculated as: 

     
       2 222
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i j i j
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i i j j
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 (19) 
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3.2.2. Rate of change of eigenvalues. After the calculation of correlation coefϐicients for all music-
movement features is completed, a matrix of correlation coefϐicients is obtained. A high music-
movement feature correlation coefϐicient is manifested by a high synchronization of the change rates 
of the two eigenvalues. 

In this paper, the formula for calculating the correlation coefϐicients of music feature im  and action 

feature ja  is improved as follows: 

     
       2 222

,
i j i j

i j

i i j j

n m a m a
r m a

n m m n a a


    


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  
   

 (20) 

In the above equation, n  indicates the number of training samples. The value of  ,i jr m a  ranges 

from [ 1,1]  ,  , 0i jr m a    means positive correlation,  , 0i jr m a    means negative correlation, 

 , 0i jr m a    means no correlation, and the larger absolute value of  ,i jr m a   means higher 

correlation. 
For features that can be calculated within one frame, such as fundamental frequency, frequency ϐlow, 

attitude characteristics, etc., the calculation method of the eigenvalue change rate m  , a   is to 
compare the difference between the features of frame 7 and frame 1 with the feature value of frame 1, 
and the calculation formula is as follows: 
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where ( , )im k  represents the i th feature in the k rd frame of the  nd music clip and ( , )ja k  

represents the j th feature in the k th frame of the  th action clip. 
For the feature values such as velocity, acceleration and direction change that need to be calculated 

between different frames, the calculation method is to calculate the mean value of the features in the 
ϐirst 4 frames and the last 4 frames respectively, and then calculate the rate of change. The formula is 
as follows: 
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3.3. Correspondence optimization 

After calculating the correlation coefϐicients of music and movement, selecting which features are used 
to construct music-movement correspondences is the key to this paper. It is not reasonable to 
construct music-movement correspondences based solely on the size of the correlation coefϐicient, 
and the correspondences constructed from the music and movement features with the highest 
correlation coefϐicients do not have the highest correspondence accuracy. Moreover, when music-
movement matching is performed, if the correspondence containing all features is used for the 
matching calculation, the computation amount is huge and the computation speed is low. 
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Another reason for optimization is that music-movement correspondences in different styles of 
music-dance contain different pairs of features. 

3.3.1. Genetic algorithms. From the optimization point of view, constructing music-action 
correspondences is actually a combinatorial optimization problem. The methods to solve this problem 
include traversal search, random search and heuristic search. Genetic algorithm has a wide range of 
applications in combinatorial optimization problems and belongs to a stochastic search method. For 
the selection of complex feature sets, genetic algorithms are superior search algorithms for feature 
selection because of their global implicit parallelism and ease of jumping out of local extremes. 

A complete genetic algorithm [29] mainly includes the following steps: gene coding, population 
initialization, selection operation, crossover operation, mutation operation, end condition judgment, 
etc. 

Genetic Coding. Genetic coding is the coding of features with 0 or 1, with 0 representing unselected 
and 1 representing selected. The correspondence between the composition of the selected features is 
represented as an {0,1}  binary string. 

Population initialization. Considering that in the action generation stage, the feature pairs included 
in the correspondence for music-action matching are 10 appropriate. So after analyzing the correlation 
of music-action features, this paper selects 40 feature pairs with the highest correlation as the feature 
pairs to be selected to train the correspondence for music-action matching. 

Population evolution includes three ways: selection operation, crossover operation, and mutation 
operation. The population evolution strategy adopted in this paper is: adaptive crossover and adaptive 
mutation operations are performed on each population, and the 10 individuals with the highest 
matching accuracy are selected to form a new population after the iteration is completed. The adaptive 
crossover and adaptive mutation operations are performed iteratively in the new population until the 
end condition is satisϐied. The end condition of the genetic algorithm can be judged according to the 
evaluation function or the number of iterations. 

After the gene encoding and population initialization, operations are performed on the individuals 
of the population until the end condition is met and the feature selection operation is stopped. 

All correspondences  ,f fM A   are trained by a genetic algorithm to obtain an optimal music-

movement correspondence  : ,ff ffT M A  . Correspondence  ,ff ffM A   is used in the automatic 

dance movement generation phase for music-movement matching computation. Where ffM   is 

 1 2, , ,ff ff ff
nm m m  , ffA   is  1 2, , ,ff ff ff

na a a  , and ffM   is in one-to-one correspondence with the 

features in ffA . 

3.3.2. Adaptation function. The design of the ϐitness function [30] is the key of the genetic algorithm, 
in order to facilitate the calculation as a starting point, this paper adopts the correspondence accuracy 

_m accuracy   as the evaluation function, i.e. the ϐitness function. The higher the correspondence 
accuracy indicates that T  has a greater inϐluence on the degree of music and dance matching. 

The matching criterion used in this paper is: if the difference between the correlation value 

 cos , ,
,f f

f f

i T i T
D M A  calculated by using the new music-movement correlation fT  for the i rd music 

clip Mi   and the i  th movement clip Ai   and the correlation value  cos , ,,i T i TD M A   calculated by 

using the initial music-movement correlation T  is no more than 10%, then the correspondence is 
considered to be able to accurately match the music clip and the movement clip. If the music and dance 
movement segments obtained from the correspondence are considered to be accurately matched only 
when the correlation values are exactly the same, then the correspondence accuracy will be lower due 
to the inϐluence of data errors. The formula for calculating the correspondence accuracy is as follows: 
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A correspondence is a collection of music, action feature pairs, each consisting of music features and 
action features. The correspondence to be analyzed is  ,f fM A , where music feature vector fM  is 

 1 2, , ,f f f
km m m  and action feature vector fA  is  1 2, , ,f f f

ka a a . Once the sequences of music and 

action feature values are represented as vectors, respectively, the degree of match between the music 
and action segments can be obtained by vector computation methods. There are many methods to 
calculate the degree of matching, and in general, the classical vector cosine distance can solve the 
above problem well. The calculation formula is as follows: 

  
   

cos , , 22

( ) ( )
,

( ) ( )

i j
N

T T

i j
N N

m a
D M A

m a
 

 

 

 


  



 
 (27) 

In the above equation, ( )im   denotes the rate of change of the i rd eigenvalue of the  nd music 

clip, ( )ja   denotes the rate of change of the j th eigenvalue of the  th action clip, and N  is the 

number of eigenpairs. 

4. Music-driven dance movement matching model 

In this chapter, a constraint-based dynamic planning process is introduced in order to synthesize the 
dance movement sequence that best matches the input music. The process considers both the degree 
of match between the dance movements a music and the degree of smoothing of the resulting 
movement sequence. 

4.1. Model preprocessing 

In order to prepare the pipeline for dance movement synthesis, we ϐirst construct a movement graph 
that contains all the candidate movement segments. We use the action graph construction algorithm 
proposed by Zhao and Safonova to construct the action graph, because the action graph obtained using 
this algorithm has better coherence. In order to obtain candidate actions for action graph construction, 
those action data equipped with background music are sliced into segments based on the music tempo; 
while action segments without background music are sliced by the action tempo analysis algorithm. 
Each action segment in the action graph is labeled with information about the dance genre to which it 
belongs. The additional information recorded on these nodes allows for a complete traversal of the 
action graph or only the nodes belonging to a speciϐic dance genre. This feature is introduced because 
our model assumes that the action-music relationship is dance-genre dependent, and because dance-
genre based node selection and ϐiltering is a practical way to design. Note that action nodes in our 
action graph do not have to carry matching background music. This relaxed constraint effectively 
increases the source of candidate action segments, since in practice there exists a large amount of 
action data that does not come with background music. 
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4.2. Music-driven action synthesis objective function 

In order to synthesize matching actions for the input music clips, we consider two objectives: the 
quality of the action-music match and the smoothness of the preceding and following action clips. 
Relatively, the objective function used to guide action synthesis is divided into two parts, each 
corresponding to one of the above objectives. 

Given a piece of music data input to the model, which is sliced into n   music clip  1, , nA A  

according to the tempo, our goal is to ϐind an optimized sequence of action clips  
1
, ,

nu uM M , where 

1u
M   is the action piece clip corresponding to iA  , the following minimization objective function is 

obtained: 

    ( ) 1
1 2

, ,
n n

n j j j
j j

F R j u T u u 
 

   (28) 

In the above equation,  , jR j u  is a simpliϐied representation of  ,j ujS A M , which measures the 

matching error between music clip iA   and action clip 
ju

M  , while  1,j jT u u   is the smoothness 

score for migration from action clip 
1ju

M


 to clip 
ju

M , which can be obtained by querying the action 

graph.    is used to balance the weight between the two. This parameter can either be manually 
adjusted by the user or set based on the model default value. In our experiments, we set its default to 
0.6. 

4.3. Objective function optimization based on dynamic programming 

Assume that there are a total of w  candidate movement segments in the target dance category. The 
input music contains n  music clips. In order to ϐind the optimal sequence of movements, a brute force 
global search would result in a search in a space of up to nw . In order to achieve optimal search results 
while avoiding such a huge amount of computation, we instead introduce the following dynamic 
programming [31] framework to synthesize the resultant action sequence with the goal of minimizing 
the objective function. 

Assume that  minF i  is the minimum value of the objective function ( )F i  conditional on when the 

music segments from 1 to i  have been matched by i  action segments. We introduce the auxiliary 
function ( , )H i j  to represent the minimum of the objective function conditional on the fact that the 
music segments from 1 to i  have been matched by i  action segments and the last current action 
segment is jM . We can now deϐine the following iterative formula to ϐind min ( )F n : 

 min ( ) min{ ( , ) | 1, , }F n H n j j w    (29) 

 (1, ) (1, )( 1, , )H i R i i w    (30) 

  
: ( , )( 1, ) ( 1, ) min ( ( , ) ( , ))

1, , 1; 1, ,
tt M V iH j i R j i H j t T t i

j n i w

     

    
 (31) 

In the above equation, ( , )V i   denotes the set of action segments with smoothing degree scores 
less than    from iM  . We restrict the value of t   to this set instead of 1, ,w  , thus reducing 
unnecessary search branches. In addition, reinforcing these constraints ensures the coherence of the 
entire action sequence, and in general, this dynamic planning process yields optimized action 
synthesis results. The time complexity of the process is 0( )n w e  , where e  is the average size of 
the set of marquee action segments. It can be seen that the time complexity of the dynamic 
programming algorithm without additional constraints attached will be  20 n w , which is obviously 

a large number, especially when the candidate action fragments, i.e., w , are relatively large. 
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Once the optimal action sequence  
1
, ,

nu uM M  has been determined, we are able to synthesize 

an entire coherent action for the input music by joining these segments together. Afterwards, we 
perform two operations to further improve the visualization of the synthesized action sequence. First, 
for each action segment 

1u
A  whose length corresponds to that of its music segment 

1u
A , we scale the 

action time sequence segment to the same length as the music time sequence segment. After that, the 
action fusion technique is applied to make the transition between neighboring action segments 
smoother. 

4.4. General framework of the model 

The music-driven dance movement matching model based on time series described in this paper 
contains two phases of data training and movement generation its algorithmic ϐlow is shown in Fig. 1. 

Machine training

Synchronized motion-
music streaming

Rhythm-based action, music 
syncopation

Synchronized action-
music slice

Training Samples

Optimal correlation 
coefficient selection

Calculation of 
action-music 

matching degree

Machine learning based action-
music relationship capture

Optimized rater

Action Generation

Input new 
music

Rhythm-based 
music slicing

Optimal motion synthesis based 
on dynamic programming

Resulting animation

Input music 
slicing

Action 
graphs

 

Fig. 1. System algorithm process 

4.5. DTW distance 

Dynamic time-bending distance has been extensively studied in the ϐield of speech processing and 
introduced to the ϐield of data mining. Unlike the Euclidean distance, the dynamic time warping (DTW) 
distance does not require one-to-one matching of points between two time series, allowing the 
sequence points to self-replicate before alignment matching. When a time series undergoes time axis 
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bending, self-replication can be performed on the bending portion, allowing similar waveforms 
between two time series to be aligned and matched. 

Because the DTW distance deϐines the optimal alignment matching relationship between two 
sequences, it supports the time axis bending well, and it can perform the similarity metric between 
two non-equal-length sequences, so it is also supported for time axis stretching. Because of the 
characteristics of the time series itself, the two deformations of time axis bending and stretching are 
prevalent, and they cannot be eliminated by general normalization or preprocessing methods, so DTW 
distance is widely adopted in the similarity metric of time series. In this paper, DTW distance is 
adopted as a matching metric for music and dance rhythms. 

5. Analysis of dance rhythm matching results 

5.1. Assessment of the quality of matching in the same dance category 

In practice, the action map portion and the music map portion of the action-music mapping graph are 
mostly composed of the same dance species, so the matching quality of the resultant animations 
created by the model when the action map and the music map are constructed from the same dance 
species is ϐirst evaluated. Taking the Korean dance action maps and Korean dance music maps as an 
example, this paper evaluates them using 2 scoring methods:. 

1) Using the DTW algorithm to calculate the distance between the music and dance rhythms in the 
resultant animation as a score for the degree of matching merit. 

2) In order to test the audience's feelings about the matching quality of the resultant animation, 10 
graduate students with certain knowledge of music theory were invited to manually score the 
matching quality of the dance rhythm and music in the resultant animation. 

In the DTW scoring system, the higher the score, the lower the degree of matching. In the manual 
scoring system, the degree of matching was categorized into 5 levels of scores from 1 to 5, with higher 
scores indicating a higher degree of matching. Each user is asked to rate the resultant animation 
according to its visual and auditory smoothness. The model was fed with 5 music sequences for testing 
the choreography and 5 movement sequences for testing the soundtrack. The DTW scores and manual 
scoring values for the test data are given in Table 1, where 1, 2 and 3 in the horizontal table numbers 
represent the matching scores obtained by random traversal, the matching scores obtained by model 
traversal, and the matching scores obtained by model traversal with editing and adjustment, 
respectively. As can be seen from Table 1, according to the 2 scoring methods, the matching quality of 
the results generated by the model has a signiϐicant advantage over random traversal, and the degree 
of matching can be substantially improved after editing the dance tempo or music result data. In 
addition, the relationship between manual scoring and DTW scoring shows a strong positive 
correlation. When the number of feature points is 1, the manual scoring increases from 1.4 to 4.2, 
which represents that the degree of matching is improved after model editing, and the DTW scoring 
also decreases from 38.97 to 4.36, which represents that the degree of matching is substantially 
improved, which is in line with the results of manual scoring. This also shows that the DTW algorithm 
does effectively reϐlect the user's perception of the degree of matching between the music time series 
segments and the dance rhythm time series segments, and that the matching effect of the segments 
matched by the model in this paper is better than that of random traversal. 
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Table 1. The choreography of Korean dance and the quality of the score match 

 
Serial 

number 
Characteristic point 

DTW score Manual scoring 

1 2 3 1 2 3 

Dance 

1 24 38.97 18.94 4.36 1.4 2.8 4.2 

2 25 36.56 18.78 4.21 1.4 2.8 4.3 

3 26 41.53 16.95 3.92 1.3 3.2 4.6 

4 27 41.22 18.29 4.46 1.2 2.4 3.8 

5 28 39.45 15.89 3.58 1.2 3.4 4.4 

Music 

6 22 29.81 10.28 2.98 1.4 2.8 4.2 

7 21 25.46 9.78 2.16 1.3 3.1 4.7 

8 20 29.54 11.64 2.97 1.3 3.1 4.4 

9 18 29.54 12.89 2.44 1.3 2.8 4.2 

10 19 28.23 12.92 2.83 1.3 2.8 4.6 

5.2. Assessment of the quality of matching across dance genres 

When the dance rhythm action ϐigure part and the music ϐigure part are composed of different dance 
genres, the difference between the dance action bars and the music bars due to the style may lead to a 
change in the performance of the algorithm, and this paper also evaluates the quality of the matching 
for this case, and the results of the cross-dance genres matching quality evaluation are shown in Table 
2. For each given combination of dance rhythmic movement charts and music charts, ϐive Korean dance 
music sequences were input for testing the choreography and ϐive Korean dance movement sequences 
for testing the soundtrack according to the methodology of this paper. The difference between the 
horizontal numbers 2 and 3 in Table 2 and the corresponding items in Table 1 is that the items in Table 
2 are the average scores of the 5 resultant animations. As can be seen from Table 2, the DTW scoring 
results do not change signiϐicantly when the action and music diagrams consist of different dance 
styles, which indicates that the different dance styles do not affect the matching process of the DTW 
algorithm. However, the manual scoring results decreased, and the feature matching degree of dance 
rhythm decreased from 3.2 to 2.9, which indicates that the stylistic difference between dance rhythm 
and music has a certain negative impact on the audience's perception. How to better deal with the 
stylistic differences between dance rhythm and music is also an aspect of the rhythm matching model 
proposed in this paper that deserves further in-depth research. 

Table 2. Cross-dancing, music and music match result quality 

 

Database Method 

Action chart Music chart 
DTW Manual 

2 3 2 3 

Dance 

Korean Uygur 17.76 4.08 3.2 4.3 

Uygur Uygur 16.57 3.88 3.6 4.6 

Korean Uygur 17.87 4.36 2.8 3.9 

Uygur Korean 18.31 4.59 2.9 4.0 

Music 

Korean Uygur 11.53 2.69 2.8 4.4 

Uygur Uygur 10.23 2.46 3.4 4.7 

Korean Uygur 12.34 2.92 2.6 3.9 

Uygur Korean 13.39 3.05 2.7 4.0 
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5.3. Time performance evaluation 

The experimental data used in Section 5.1 is used as an example for the time performance review, and 
this test compares the time performance difference between the traditional method and the method 
in this paper. The time performance differences are shown in Table 3. In the traditional method, for 
each action or music bar, it is necessary to traverse the music or action graph to ϐind a best matching 
music node for it. Whereas in this paper's method only the best time series matching node needs to be 
queried. As can be seen from Table 3, the matching times of this paper's methods are all smaller than 
the traditional methods, which are 2-3 times more efϐicient than the traditional methods, and the 
search speed of this paper's methods is signiϐicantly higher than that of the traditional search methods. 

Table 3. System choreography and score time efϐiciency 

 Serial number Characteristic point Traditional method This method 

Dance 

1 24 37.5 13.84 

2 25 39.56 14.45 

3 26 43.86 15.16 

4 27 41.95 15.43 

5 28 43.69 15.69 

Music 

6 22 29.81 10.12 

7 21 26.19 9.29 

8 20 28.09 10.06 

9 18 27.98 10.48 

10 19 29.56 10.98 

5.4. Long Dance Sequence Matching Effect 

In order to verify that the dynamic programming-based dance action matching model in this paper has 
good performance in terms of long dance sequences, this section plots the FID curves of each time 
period in a long dance sequence. The speciϐic implementation process is as follows: ϐirstly, a piece of 
music with a duration of one minute is randomly selected from the YouTube-Dance3D test set and 
input to the corresponding dance sequence in the matching algorithm model and other algorithm 
models in this chapter. Then each dance sequence is evenly divided into 15 segments, and the duration 
of each segment is 4 seconds. Finally, the FID between each dance segment and the real dance is 
calculated.The experimental results are shown in Fig. 2.The algorithms in this chapter and the 
DanceRevolution algorithm have a slow-growing and smoother FID curve compared to the other 
algorithms. Among other methods, TSMT and Without Scheduled Sampling algorithms have steeper 
FID curves with signiϐicant ϐluctuations. This is due to the accumulation of errors in long sequences, 
which leads to a lower conϐidence in the predictions of the model at the beginning, and therefore a 
lower quality of the dances generated by matching. Although the FID curve of the DanceRevolution 
algorithm model is also smoother, the FID curve is higher than the other algorithms, and the FID curve 
of this paper's algorithm is lower than the other algorithms, with an average FID value of 35 and the 
overall smoothest. The quality of the dances generated by matching is optimal. 
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Fig. 2. FID curves of different approaches over time 

6. Visualization of the results of matching music and dance rhythms 

In this section, the 3D character animation software Motionbuilder is ϐirstly used to demonstrate the 
3D visualization effect of the music and dance movement matching segment generated by this model, 
and then the choreography result of this model is compared with the choreography result based on 
FCRBM-RNN algorithm, and the dance rhythm matching result of this model is evaluated according to 
the visual effect of the synthesized dance. 

A modern dance choreography segment matched by this model is selected for comparison with it. A 
segment of target music in the style of modern dance outside the training set is selected, and the music 
choreography is performed on it using this model, and the choreography results are shown in Fig. 3, 
and Fig. 4 shows that the target music has appeared in the training set. Observing the video of the 
dance clip and the snapshots of the action poses, it can be seen that in terms of visual effect, the 
choreography result of this paper's model has better authenticity and coherence, whether it is the 
trained music or the newly appeared music clip, this paper's dance tempo matching model can present 
a better effect of matching the music and dance tempo to complete the choreography task. 

The FCRBM-RNN algorithm has mixed results in matching choreography moves to target music 
using trained models. When the target music is outdated in the training set, more realistic and 
coherent movements can be generated, and the choreography results are shown in Figure 5. When the 
target music is not outdated in the training set, it is almost impossible to generate a watchable dance, 
and the choreography results are shown in Figure 6. It can be seen that for a brand new piece of music, 
the generated dance movements are extremely discontinuous, and some of the movements obviously 
do not conform to the physics of the human skeletal structure, which are impossible for human beings 
to perform, i.e., they are less coherent and realistic. For a music choreography model built based on 
time series analysis, the music in the test set used to test the model results should not appear in the 
training set, so although the choreography results shown in Fig. 5 are more effective, the choreography 
results in Fig. 6 are poor in realism and coherence, indicating that the method of the FCRBM-RNN 
algorithm is not practical, and it is not possible to generate the ideal choreography results for a brand 
new piece of music. In summary, from an intuitive visual perspective, for a brand new piece of target 
music, the music choreography model in this paper can generate more realistic and coherent dance 
movements, while the authenticity and coherence of the dance movements matched by the FCRBM-
RNN algorithm approach cannot meet the general dance requirements. 
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Fig. 3. Training the target music of the outside style 

 

Fig. 4. The goal music of the training set 

 

Fig. 5. Training the target music of the outside style 

 

Fig. 6. Training the target music of the outside style 

7. Conclusion 

This paper proposes a modeling method for matching music and dance rhythms based on time series 
analysis, which achieves efϐicient matching of music and dance rhythms through the steps of feature 
extraction, correlation analysis of music movement features, and dynamic time regularization. 

Through time series analysis, the time series features of music rhythm and dance movements can 
be accurately extracted, which provides a solid data foundation for matching music and dance rhythm. 
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The dynamic programming algorithm plays a key role in this paper, minimizing the time difference 
between the music time sequence segments and the action time sequence segments, dynamically 
adjusting the time sequence of the dance action to achieve an accurate match between music and 
dance rhythm, the matching effect is better than random traversal, and the search time is lower than 
that of the traditional method, 1/3-1/2 of the traditional method search time. 

The model constructed in this study is applicable to a variety of music styles and dance types, and 
can match dance movements to randomly generated music clips, and the generated dance movements 
have better ϐluency and realism, which is more widely used than the FCRBM-RNN algorithm, and can 
be adapted according to speciϐic needs for different application scenarios. It provides new technical 
support for the creation of music and dance, and is expected to be applied in the ϐields of music 
production, dance choreography, and human-computer interaction. 
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