J. COMBIN. MATH. COMBIN. COMPUT. 127a (2025) 6979--6994

Journal of Combinatorial Mathematics ‘
and Combinatorial Computing ~ ’

www.combinatorialpress.com/jcmcc

Combinatorial Press

Research on Al music generation and melody optimization
based on topological sorting algorithm
Qi Liut"™

1 Department of Art and Technology, School of Music and Dance, Communication University of Zhejiang, Hangzhou, Zhejiang,
310018, China

ABSTRACT

In this paper, DAG is utilized to represent the dependencies between musical features, and a
topological sorting algorithm based on layer order relationships is used as the sampling algorithm for
Al music generation models. The feature de-entanglement mechanism of VAE is utilized to learn
multiple feature representations, and Transformer-XL is used as the encoder and decoder of the model
to design the Control-VAE model that manipulates the latent variable representations to change the
music structure. Statistical autocorrelation coefficients, spectral analysis, and diversity auto-
assessment metrics data were used to evaluate the model performance in terms of three dimensions:
melody, timbre, and diversity. The feasibility of Control-VAE model Al music generation and melody
optimization is examined through the evaluation of practical application effects. The results show that
the autocorrelation coefficients and frequency amplitudes of the music generated by Control-VAE
model are basically consistent with the original music, and reach human-like PPL values, self-BLEU
values and Zipf coefficients near p=0.95.The music pieces generated by Control-VAE model have a
certain degree of musicality, and the melody-optimized music is clear, accurate and novel and
interesting.

Keywords: topological sorting algorithm, VAE, Transformer-XL, Al music generation

1. Introduction

With the continuous development of society and the improvement of people's living standards, music
as an art is also evolving and growing. The historical evolution of music can be traced back to the
Gregorian chant in the Middle Ages, through Baroque music with its mathematical nature,
metamorphosed into classical music, Romanticism, and then Impressionism and modern music, and
so on for many periods [1]. From the initial monotonous music to the introduction of dominant and
polyphonic forms of music, from church music gradually to the masses, from stone knapping to bowed
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string instruments to electronic instruments, music has continued to diversify and evolve [2-4]. The
production of music requires a wealth of specialized knowledge and relevant musical skills. The
process of creating a song includes many aspects such as composing, lyrics writing, arranging, and
post-mixing [5]. And outstanding musical works require even more creative inspiration from
musicians, which shows that music creation is an extremely time-consuming and laborious process.
Professional knowledge of music theory provides the basis for music production, while the skillful use
of musical skills determines the quality of the final work [6]. Among them, melody is the soul of music,
which is an organic combination of notes in time within a certain pitch range, presenting a musical
form rich in beauty and artistry [7]. Melody makes people empathize and emotionally resonate with
music, and is often an important part of creation [8].

The process of music creation is both a technical work and requires the creator's deep
understanding of music and sensitive grasp of emotions. Therefore, the development of music is not
only the progress of technology, but also the result of the creator's unremitting efforts and inspiration,
through the computer technology to assist in the creation or realization of the automatic generation
of music can greatly reduce the workload of music creators [9]. And as deep learning has achieved
good results in the fields of natural language processing, computer vision, etc., it has also been
gradually applied to music generation, and a new cross-discipline-Artificial Intelligence (Al) music has
been gradually formed [10]. The application of Al music has had a far-reaching impact on music
creation, industrial development, and so on. Different generative models can be used as auxiliary tools
for creators, providing them with creative inspiration, generating scores, innovating styles and
melodies, customizing the generation of music, and exploring new musical forms [11-14]. Through
intelligent algorithms, Al systems are able to learn and imitate different styles of music, helping
creators to improve efficiency and expand their ideas in creation, and injecting new forces into the
music production industry [15]. It can be seen that both from the perspective of theoretical research
and practical application, music generation is of great significance.

The process of generating music is usually divided into three stages, creating a score, performing
the score, and generating audio. The technical generation of music, on the other hand, usually involves
learning existing data, training and then extracting features such as notes and melodies to further
generate the target music. For example, literature [16] takes music therapy as a starting point and
creates statistical machine learning models for generating new compositions that are similar to a given
repertoire structure, style, melody, and chords. Literature [17] created a language model-guided
diffusion model MeLoDy in order to achieve high-speed sampling and infinite continuation, and at the
same time, the model generates works with better musicality and quality compared to the current
state-of-the-art music language models.

In the field of music generation, deep learning is widely used. Literature [18] uses Recurrent Neural
Networks (RNN) to learn and train existing melodies or songs to generate new music, but due to the
gradient vanishing problem of RNN, it is defective in the long-term consistency of the generated music
structure. Whereas Long Short-Term Memory Neural Networks (LSTMs) have advantages in modeling
long sequences, literature [19] uses LSTMs to learn input music fragments that have been converted
to different tunes, which can be learned to obtain arbitrary notes, which are picked by LSTMs to
synthesize satisfactory music. Literature [20] utilizes a convolutional neural network to recognize and
classify human facial emotions, followed by a two-layer LSTM to build a music generation model, which
together accomplish emotion-focused music generation. However; the defect of prediction accuracy of
LSTM in music generation is obvious. Literature [21] utilizes Adaptive Crocodile Optimization
Algorithm (ACOA) to optimize LSTM and constructs a new ACOA-LSTM automated music generation
model, which not only improves the music prediction accuracy, but also is friendly to the quality and
speed of the generated music. In addition, Variational Auto-Encoder (VAE), as a generative model in
deep learning, can also decode long sequences, specifically recognizing and learning to pass the
probability distribution of a given track in order to generate a new track. Low-fidelity music generation
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studied in the literature [22] is the use of the encoder of the VAE model to learn the latent vectors of
the music structure, which is computed by the decoder to generate new music samples.

The Transformer model can also be used for generation with two main stages, encoder and decoder,
where the encoder inputs the music sequence and converts it into a series of vector representations,
and outputs these vectors through a decoder. Literature [23] constructed a multi-track music
generation model using a bidirectional encoder representation from a Transformer network, which is
the result of optimization on a deep learning model and has significant advantages in pitch
prediction.The Transformer model is quite successful in background music generation, literature [24]
innovated a controllable music transducer for the tempo of the rhythm between the video and its
background music relationship between the video and its background music and music type and user-
selected instruments are controlled locally and globally, respectively, as a way to generate background
music that conforms to the rhythmic melody of the video. And literature [25] articulates different
background music segments in the video through the Transformer model, so that the background
music of the video will not appear abrupt and breakpoints. In the form of decoder input, the
Transformer model inputs in the form of traditional music sequences, while the Generative Adversarial
Network inputs in the form of images. The generative adversarial network transforms music data into
images and then performs feature extraction, alternates training with the generator and discriminator,
and repeats to obtain the best training results, which does have better results in music generation. For
example, literature [26] gives a learning automata-self-attention generative adversarial network
model for generating music with real-time emotions, which utilizes the self-attention mechanism to
generate music-like structures while eliminating redundant structural fragments with a learning
automata iterative algorithm. Literature [27] describes a method for automatic music generation given
the music duration, i.e., an adversarial network generated conditionally by inception modeling, which
is done jointly with a convolutional neural network considering the music duration distribution and
an inception model considering the music quality. Literature [28] introduces deep neural networks,
machine learning algorithms, VAE, long and short term memory networks and Transformer model to
construct a hybrid framework for music generation which processes in terms of tempo, pitch, and
spectrum and subsequently generates high quality music.

Melody is the focus of a musical composition, and there are few studies that consider melody in
music generation. Literature [29] constructed a generative pre-trained-2 model for music text using
generative pre-trained-2 text generation model and transfer learning, which can generate music
melody that possesses a variety of information such as soprano, rhythm, and pause. Literature [30]
proposed a statistically supported music generation method, which showed significant advantages in
musical rhythm and melodic consistency. Literature [31] proposes an Expectation-Recurrent Neural
Network framework for interactive music generation, which can specify a certain meta-constraint and
has advantages in realizing individuality requirements such as melody for music composition. Some
of the above algorithms try to minimize the search space through simple music representations that
are prone to loss of diversity and quality. Since the audio can be converted into a spectral image for
input, the music generation model can be realized by learning the generation of spectrograms. And the
basic idea of topological ordering algorithm is that by continuously selecting the vertex with incidence
0 and removing that vertex from the graph, the final sequence of vertices obtained is the topological
ordering of the graph [32]. This algorithm belongs to the graph algorithm, through the two methods
of depth and breadth-first search, it can find out the order that satisfies all the dependencies, and carry
out the target ordering of notes, melodies, etc., which is no longer a simple representation of music,
and satisfies the diversified generation of music and quality assurance.

In this paper, we describe and sort out the common topological sorting algorithm process, and
propose the definition of LB tree based on the layer order relationship. The iterative transformation
of LB tree is utilized to complete the output of topological order, and the topological sorting based on
layer order relationship is realized. The topological ordering algorithm based on hierarchical
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relationship is used as a sampling algorithm to isolate potential variable representations about
rhythmic and tonal features relying on the feature de-entanglement mechanism combining the
independent encoder and generating adversarial loss function constraints. With the help of
Transformer-XL's segment-level looping and relative position encoding mechanism, the effective latent
variable information is utilized to generate the final music sequence and realize the design of Control-
VAE model. The Vanilla Control-VAE model using the traditional Top-k sampling algorithm is selected
as the baseline model, and the melodic and timbral effects of the music are generated using the
autocorrelation coefficient and spectral analysis considerations. PPL, self-BLEU and Zipf coefficient
metrics are introduced to examine the performance level of the proposed model in terms of music
generation diversity. The Control-VAE model is used to generate music and optimize melody
respectively to explore its application effect.

2. Al music generation model based on topological sorting algorithm

For a directed acyclic graph (DAG), the goal of topological sorting is to output a sequence of all nodes
in V that is guaranteed to satisfy u before v for every edge (u,v) belonging to FE, denoted
u<v. The topological sorting problem is a fundamental problem in graph algorithms, and this
algorithm is widely used in scheduling problems. In Al music generation models, the sampling
algorithm determines how to generate the actual music content from the model. In this paper, DAG is
used to represent the dependency relationship between music features, and the topological ordering
algorithm based on layer ordering relationship is used as the sampling algorithm of Al music
generation model, which transforms the potential space generated by the model into concrete music
elements.

2.1. Topological sorting algorithm

2.1.1. DFS-based topology sorting. Graph theory is the science of graphs, which are composed of a
number of vertices and edges connecting these vertices. Traversal of a graph means accessing all the
vertices in the graph, and it requires accessing them sequentially along the directed edges connecting
the vertices. Currently, the commonly used algorithms to implement the traversal operation of a graph
are depth-first search algorithm (DFS) as well as breadth-first search algorithm (BFS).

DFS means starting from a vertex, traversing all the vertices along a path, then backtracking to the
previous level and continuing to traverse all the vertices on the next path. This is repeated until the
initial vertex is reached. BFS, on the other hand, starts from a vertex and traverses all the neighboring
vertices of the initial vertex, then goes to the next level and traverses the neighboring vertices of the
neighboring vertices. This is repeated until all vertices are visited. Examples of the basis of the two
traversal methods are shown in Figure 1, with DFS on the left and BFS on the right, and the numbers
in the figure indicate the order in which the vertices are visited.

Fig. 1. Shows an example of two different traversal methods
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A graph exists with loops if the above two methods traverse to nodes that have already been visited,
when the loops correspond to loop-forming flows in percolation fields. And there is a conclusion in
graph theory that if a directed graph has loops, its topological ordering does not exist, and the opposite
holds.

Based on the above knowledge, for a directed acyclic graph G consisting of n vertex and m
directed edges has vertex set V :

> n=1°"n

Vz{vl,vz,--- Vv .,V },n>1 (1)
The bounded set E':
Ez{el,ez,---e e },le (2)

m—1°"~m=1

A topological ordering is to give a sequence of vertices about Figure G :

STopo = (VO'I ’VO'Z o ’VO'H ’VO'” ) (3)

And for any directed edge in the set of edges E, it is necessary to ensure that the arc head of that
directed edge always precedes the arc tail in the sequence S, .
One way to obtain the topological ordering is to traverse the graph based on DFS. Each time a path
is searched to the last vertex of the path, the vertex is then stored in sequence o' until all vertices
have been traversed and sequence o' will contain all vertices. At this point a kind of topological

sequence o of the original graph is the inverse of sequence o'.

2.1.2. Topological ordering based on layer order relationships. The partial order relationship of each
node on the DAG is called layer order. Based on the layer order, this paper proposes the definition of
LB tree.

Definition 1 (LB Tree) For DAG graph G = (V,E), tree T isan LB tree and satisfies the following

conditions:
1) T isaspanning tree of G.
2) The layer order of node v intree T isdefinedas L(v,T).And satisfies, if v istherootof T,

then L(v,T)=1; otherwise, L(v,T)=L(w,T)+1,where w isthe father node ofnode v in T.
Let T = (V,ET) be an LB-tree of DAG graph G =(V,E).Edgesin E, are called tree edges, while
edgesin E\E, are called non-tree edges. Itis clear that for any tree edge (u,v), L(u,T)<L(v,T) in

T.If L(u,T)<L(v,T),thentheedge (u,v) issimply said to satisfy the hierarchical ordering relation.

In this paper, non-tree edges are categorized into three kinds of edges, namely, upward edges,
downward edges and forward edges. Each kind of edge is specifically defined as follows.
An upward edge is a non-tree edge (u,v)€ E\E, and satisfies L(u,T)> L(v,T).A downward edge

is a non-tree edge (u,v)e E\E, and satisfies L(u,T)<L(v,T). A forward edge is a non-tree edge
(u,v)e E\E, andsatisfiesin 7T that u isanancestorof v and L(u,T)<L(v,T).
The structure of an LB tree is shown in Fig. 2, which illustrates an LB tree T = (V,ET) with input

DAG graphs G=(V,E) as well as G . where tree edges in E, are represented by solid lines and
non-tree edges are represented by dashed lines. Each type of non-tree edge has been labeled in Fig. 2.
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dowr'l-edge
Fig. 2. A LB tree with different kinds of non-tree-edges

Based on maintaining an in-memory structure LB-tree, after iteratively transforming upward edges
in the LB-tree into tree edges, the output layer order is a feasible topological order.

2.2. Modeling

2.2.1. Controlled generation of VAE de-entanglement. Variational Auto-Encoder (VAE) is able to
learn multiple feature representations by introducing a mechanism for de-entanglement
representation and is an effective model for realizing Al music generation due to its latent space
manipulability. In this paper, we propose a music generation model called Control-VAE that
manipulates latent variable representations to change the structure of music, and the model structure
is shown in Fig. 3, which consists of an encoder, a latent space and a decoder. When given a music input

sequence x= [Barl,Barz,...,BarT] containing 7 consecutive bars, the latent variable representation
of each music bar is learned by the encoder q¢(z | x) after a posteriori inference z, and then the

input data is reconstructed using the decoder p,(x|z), which outputs new samples x . The model
can be optimized by maximizing the Evidence Lower Bound on the Log Likelihood Function p(x)
(ELBO) as shown in Eq. (4):

log p(x) 2 Eq¢(x\x) [10g Po(x| Z)] —Dy, [% (z]x) "p(Z)J =Lupo (4)
where E [] is the mathematical expectation, the item indicates the need to maximize the probability

value of generating real data, which can be achieved by minimizing the reconstruction loss between
input x and output X. Dy, [H], on the other hand, indicates the need to minimize the KL scatter

between the latent distribution q¢(z | x) and the a priori Gaussian distribution p(z).
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Fig. 3. Macro-structure of Control-VAE model

In this paper, a feature de-entanglement mechanism with independent encoder constraints and
generative adversarial loss function constraints is proposed, and the model structure is shown in Fig.
4. Considering the rhythmic feature f and tonalfeature f, ofthe music, two encoder networks E,

and E, with the same structure are trained to learn the latent variable z, of rhythmic feature f,
and latent variable z, of tonal feature f, from the original sequence of the music, respectively, and
to predict the rhythmic feature f, and the tonal feature f, using two separate local decoders D,
and D,. Adversarial training was added to the model based on the idea of GAN. Taking z, and z,
as inputs to D, and D,, respectively, allows D, and D, to counteract each other in the training
process and make correct feature predictions only for the corresponding latent variable inputs. Thus,
the training goal of the process is then to maximize the error between the true and predicted features.
Finally, the two latent variables are combined (i.e, z= Concat[zt,zk ]) into the global decoder D,,,,

to generate the complete music sequence, which is optimized by maximizing the ELBO.The objective
loss function of the Control-VAE model can be defined as:

Lipo = E%( 1) [IOg Po (x Z,.,2; ):| ~Li, +Ly, (5)

X‘p

where L,'ﬂ:DKL[% (z,.|x)||p(zi)] , i represent rhythmic features or tonal features. L,,

represents the unentanglement loss as shown in equation (6):
Din — qu (xi|x)ag, (xlx) I:log p‘/’, (f; Z )pfﬂl (]{k |Zk ):I
+Eq¢q(x,‘x)q¢2(x,-‘x) [log(l_p(l’; (f; Zk ))(1 _p¢| (‘f}‘ ZV)):|

The first of these represents the loss when correctly predicting features, and the second represents
the adversarial loss, both of which, along with the reconstruction loss in Eq. (5), are implemented using
the cross-loss function.

L

(6)
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Fig. 4. Musical feature solution structure

Based on the above de-entanglement learning method, the Control-VAE model can effectively isolate
latent variable representations about rhythmic features and tonal features from the original music
sequence, each of which is independent of each other and does not affect each other, and either latent
variable can be manipulated to change the output music.

2.2.2. Encoders and Decoders. To address the problem of limited modeling capability on long
sequence data, Control-VAE uses a network structure based on Transformer-XL, which can learn more
contextual structures of music bars using its segment-level loop mechanism and relative position
encoding.

When Transformer-XL is used as the encoder and decoder of Control-VAE, the music input sequence

is divided into multiple segments according to bars, ie, x=[Bar,Bar,,...,Bar;], and each bar

contains an equal number of Token. Let %"} €[]““ be the hidden state of the r—1rd bar at layer

n—1 ofself-attention, where L isthe sequencelength ofeachbar, 4 isthe dimensionofthe hidden
state, and the hidden state of the 7 th bar atlayer n can be calculated as in Eq. (7):

il = Concat [SG (hf:ll ) + hf_l}
oKV =h WL W W 7)
h! = Transformer — Layer (Q,f’ K2V )

where SG(-) means that the gradient of hf:ll is not updated when the next vignette is computed,

Concat(~) means that the two hidden state matrices are spliced according to the length of the vignette,
and W,,, isalearnable model parameter. Whenever the hidden state /. of the current vignette in
layer n is computed, the key-value matrices K" and ¥ depend on the hidden state %" of the

previous vignette in layer n—1 versus the hidden state of the current vignette in that layer hr”_l . With
this looping mechanism, the contextual information can be extended to all the vignettes and only the
hidden state of the previous vignette needs to be cached in memory.

Transformer-XL uses a relative position encoding mechanism to encode the relative position into
the attention score when computing the hidden state. Let the query vector of the i st Tokenina certain
vignette be ¢, =E, +F, and the key vector of the jrd Token be k,=E +PF , where E and P

are the embedding information and the fully position-encoded information, respectively, then the
attention score can be computed according to Equation (8) as:

At =g =(E; + B WG, (E, +F)) (8)
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A parameter-free learned sinusoidal encoder matrix R €[] Ixd s introduced, where each row
represents the relative distance encoded between two positions. The relative distances are
dynamically injected into the attention scores via Eq. (9):

At = (EXTWQT tu :V)<WK,1EX, + Wk,RRi-f) ©)

ij
where u,vell?, the trainable parameter vector that replaces P'W} , is multiplied with Wy and
Wy r, respectively. W, . and W, , are two weight matrices separated from W, , which are used to
map the content information and location information of the key vector, respectively. R_; is used to

describe the relative distance between ¢, and k;. According to the segment-level loop mechanism

and relative position encoding, the hidden state of the 7 th vignette in layer n can be calculated by
Eq. (10):

An) = (q,',’f +u: v)(kzj + W:,RR,-_,-)
a’ = Soft max(Atttf )W
o! = LayerNorm (Linear (a:f ) 4 h:—l) (10)

b = FeedForward (0,',’)
h" = LayerNorm (Linear (bf ) +o! )

Based on the definition of the VAE latent distribution ¢(z|x), the mean and variance of
representation ¢(z|x) are first learned, and then the latent variables are sampled from this
distribution in a process that can be expressed as in Equation (11):

hrpo()l = Avgpool([hr]\’[l, h:\;,. . "hr{YL })

0ol 2 0ol
p=h""W,logo® =h""W, (11)
z=u+ell oe~N(0,1)

where 77" €[1?, represents the overall hidden state of the 7 nd vignette, which is obtained by

average pooling of the hidden states at all locations. u,o €[] 7/, is the mean and standard deviation
vectors of the latent distributions about all vignettes learned from the hidden states, / is the set
latent variable dimension, Wy, w_ell ! are the parameter matrices. zel[l ™ isthe latent variable

about all vignettes sampled according to the reparameterization technique. For decoding generation,
latent variable z is transformed to model uniform dimension by linear layer and input to the
subsequent self-attention layer by summing with the hidden state output from the previous layer, so
as to generate the final music sequence by utilizing the effective latent variable information.

3. Study of the effects of modeled music generation

3.1. Performance evaluation

This section examines the effectiveness of the Control-VAE model based on the topological sorting
algorithm for generating Al music by designing controlled experiments. In this paper, the Vanilla
Control-VAE model is chosen as the baseline model for the experiments, and the model references the
design in Section 2.2, but uses traditional Top-k sampling as the sampling algorithm.

The MAESTRO dataset is introduced to train the model, and a piece of music is transformed to get a
digital sequence, in which all the information of the piece of music is contained. In this paper, this
digital sequence is called the music signal time sequence, and a music sequence in the MAESTRO
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dataset is analyzed and simulated as the research object of this study, and this music sequence is called
the original music sequence. For such a music sequence, this paper introduces three statistical features,
namely autocorrelation coefficient, spectral analysis, and diversity auto-assessment metrics, in order
to express various aspects of music information.

3.1.1. Comparison of autocorrelation coefficients. Firstly, the autocorrelation coefficients are
extracted for the music sequences simulated using the two models respectively and compared with
the autocorrelation coefficients of the original music, and the autocorrelation coefficients of the whole
sequences are visualized as shown in Fig. 5. The horizontal coordinate is the bit difference 7 taking
values from 0 to 500, and the vertical coordinate is the autocorrelation coefficient. To simplify the
description, the simulated music 1 described below refers to the music generated based on the Vanilla
Control-VAE model simulation, and the simulated music 2 refers to the music simulated based on the
Control-VAE model. By looking at Fig. 5, we can see that the fundamental period of the music
corresponding to the three figures is essentially the same, all around 110. The simulation periods are
also all approximated to be around 50, and the fluctuation frequencies of the autocorrelation
coefficient curves are also basically the same. However, it can also be seen that the fundamental period
of the simulated music 1 is not as obvious as that of the other two, which indicates that the melody
and rhythm of the simulated music 1 and the other two are different.

Original music

Analog music 2

-0.4 ] / Analog music 1

-0.64/

Autocorrelation coefficient

0 100 200 300 400 500

Potential difference

Fig. 5. Comparison of autocorrelation coefficients of the whole sequence

3.1.2. Spectrum analysis. In order to compare the difference between the timbre frequencies of the
two simulated music, this paper carries out the Fourier transform and makes the spectrum diagram,
and the results of the spectrum analysis are shown in Fig. 6. From the figure, it can be seen that the
frequencies of the three pieces of music are mainly concentrated in 0~800, while the spectral
distribution of the simulated music 2 and the original music is more similar, and the amplitude value
of the frequency is basically zero outside of the 0~1200m, while the amplitude value of the frequency
of the simulated music 1 after the 1200Hz always shows a periodic increase, which indicates that the
difference between the timbre of the simulated music 1 and the original music is larger than that of
the simulated music 2 and the original music. This indicates that the difference between the timbre of
analog music 1 and the original music is larger than that between analog music 2 and the original
music.
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3.1.3. Diversity of music generation. In order to validate the model's enhancement of generating task
diversity, the following automatic evaluation metrics are introduced for consideration.

First, quality metrics are examined. Quality and fluency are evaluated by calculating the confusion
degree (PPL) of the generated samples. The lower the PPL score, the more fluent it is.

Second, diversity indicators were examined. Diversity was evaluated by calculating the self-BLEU (4,
5) value between generated samples.The lower the Self-BLEU value, the greater the difference
between generated samples, the higher the diversity.

Third, the characterization index is examined. The characteristics of the generated samples are
evaluated by calculating the Zipf coefficient. The closer the metrics are to human metrics, the better
they are, and the closer they are to the behavior of human samples.

The results of the PPL indicators of the generated music are shown in Figure 7. It can be seen that
when the p-value of the diversity parameter is small, the PPL of the generated music is much lower
than the human level, showing obvious degradation phenomenon, and the generated music will show
a lot of repetitive behaviors, with insufficiently novel content and poor diversity. And when the p-value
increases, the Vanilla Control-VAE model is unable to reach that level although it can gradually
approach the human PPL, which indicates that, for music generation, the upper limit of diversity of the
Vanilla Control-VAE model is low, and there is a certain gap from the human level. As a comparison,
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the Control-VAE model can not only reach a PPL value similar to that of humans near 0.95, but also
closer to the human value than the Vanilla Control-VAE model. This indicates that the proposed
algorithm can effectively combat the degradation problem in music generation and achieve PPL

metrics similar to humans. This increase in diversity is not achievable by the Vanilla Control-VAE
model.

| Vanilla Control-VAE
Control-VAE

0.50

Fig. 7. Experimental results of generating musical PPL indicators

The self-BLEU metrics for the generated music are shown in Figure 8. In this case, the human metrics
are the self-BLEU values calculated for all 1735 pieces of music on the MAESTRO dataset (taking the
first 1024 tokens for each piece of music), with a self-BLEU4 metric of 0.26 and a self-BLEU5 metric
of 0.10, and the Vanilla Control-VAE model achieves a self- BLEU values are significantly higher and
diversity is worse. Note that the Vanilla Control-VAE model has much higher selfBLEU values than
human levels. This is highly consistent with the PPL metrics, suggesting that musical diversity is more
demanding and difficult to achieve using the Vanilla Control-VAE model. As a comparison, the Control-
VAE model can achieve close to human levels on the self-BLEU4 metric and outperforms the Vanilla
Control-VAE model. For the self-BLEU5 metric, the Control-VAE model can still achieve lower scores
than the Vanilla Control-VAE model, obtaining higher diversity and thus having an advantage.
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(a) Self-BLEU4 (b) Self-BLEU5

Fig. 8. Experimental results of generating music self-BLEU indicators

The results of the Zipf coefficient metrics for the generated music are shown in Figure 9. Where the
human Zipf coefficient is 0.95. It is clear that the Vanilla Control-VAE model requires a p relaxation
close to 1.0 to reach the human Zipf coefficient, while the Control-VAE model reaches the human Zipf
coefficient near 0.95. This result also reveals a higher requirement for diversity in music, with a human
Zipf coefficient of 0.95 indicating a flatter distribution of human music and therefore a higher

requirement for diversity. And with Control-VAE modeling, the diversity can be significantly improved,
and thus a Zipf coefficient closer to the human level can be achieved.

| Vanilla Control-VAE
Control-VAE

= WRRTROD Wz

Fig. 9. Experimental results of generating Zipf coefficient index for music
3.2.  Analysis of application effects

In order to investigate the practical application of the Control-VAE model, two musical compositions
were generated from the drawn melodic directions, and three musical compositions were generated
by extracting an existing melody and adjusting the melodic directions. The three pieces are a detuned
version of an existing melody, a slower version, and a version of an even-numbered-note tempo
multiplied by two, respectively. In this section, these five music clips are selected for the analysis of the
results, and these music pieces are presented in a figurative manner. The melodic direction diagrams
and corresponding musical results, and the melodic direction diagram modifications and
corresponding musical results are shown in Fig. 10(a)(b), respectively.
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Fig. 10. Music generation results

Listening to the music generated by the model in the direct melodic direction drawing mode, we can
feel that the works generated by the Control-VAE model have certain musicality. The generated notes
conform to certain tonal and cyclic relationships, and the generated musical works are more musically
structured than other music generation models, and are more in line with the human listening
experience. By listening to the music generated by the model in the mode of modification of existing
melodic fragments, we can feel that the Control-VAE model has been modified in the details of pitch
range, note density, pitch mean, rhythmic complexity, etc. The modified music results are clear,
accurate, novel and interesting.

4. Conclusion

This paper proposes an Al music generation model based on topological sorting algorithm, and sets
up control experiments to explore its performance and application effects.

The fundamental period of the simulated music 1, simulated music 2 and the original music is
basically about 110, and the proposed period is all approximated to 50, and the fluctuation frequency
of the autocorrelation coefficient curve is also basically the same, but the fundamental period of the
simulated music 2 is not as obvious as that of the other music. The amplitude values of the music
generated by the proposed model and the original music are basically zero at frequencies other than
0~1200 m, while the amplitude values of the simulated music 1 are always periodically increased at
frequencies after 1200 Hz. The Control-VAE model achieves PPL values and Zipf coefficients similar to
those of human beings around p=0.95, while the Vanilla Control-VAE model has a low PPL values, high
self-BLEU values, poor diversity, and the need to relax p to near 1.0 to reach human Zipf coefficients.

Using the Control-VAE model to generate music, and forensically listening to the musical works
generated by the model in the mode of directly drawing the melodic direction map, it can be felt that
the works generated by the Control-VAE model have a certain degree of musicality. Listening to the
music generated by the model in the mode of modifying the existing melodic fragments, we can feel
that the results of the Control-VAE model are clear, accurate, novel and interesting.
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