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Abstract

Deep learning has been widely applied to digital art and 
music creation. However, producing melodies that follow 
music theory and match human compositional patterns 
remains challenging. This study proposes a symbolic music 
generation system that integrates supervised learning and 
reinforcement learning. The core framework employs 
recurrent neural networks for sequence modeling, while a 
reinforcement learning module formulates music rules as 
reward functions to guide pitch, duration, and rhythm. This 
hybrid approach helps produce outputs that better match 
human compositional patterns. We deploy the proposed 
framework as an Internet-based system that supports five 
distinct music styles and is publicly accessible online.

Keywords: Symbolic music generation, Reinforcement 
learning, Long Short-Term Memory (LSTM), Asian music 
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1  Introduction

Deep learning has advanced generative modeling, 
including music generation, through improved training 
methods, large-scale datasets, and increased computational 
resources. While commercial systems can generate and edit 
music under style or user-specified constraints, generating 
melodies that follow music theory and align with human 
preferences remains challenging.

Music generation tasks are commonly categorized 
into audio and symbolic types. Audio methods operate on 
waveforms and focus on sound quality. Symbolic methods 
use representations such as MIDI and focus on musical 
structure with lower computational cost. This work focuses 
on symbolic music generation. We target monophonic 
melodies that follow distinct style patterns, with a primary 
emphasis on traditional Chinese music.

Model training for specific styles is often constrained 
by data scarcity. In this study, only about 200 original 
scores were collected per style. We therefore apply 
supervised learning with a Markov model guided by music 
theory to generate additional training data. The augmented 
scores are selected by experts. The final dataset for each 
style is about ten times larger than the original set.

Music composed by humans follows structural 
and theoretical rules that are difficult to capture using 
supervised training alone. The learning framework adopted 
in this work builds upon a previously established approach 
that combines supervised learning and reinforcement 
learning for symbolic melody generation [1]. We formulate 
music rules as reward functions to guide pitch, duration, 
and rhythm. This hybrid approach helps the system learn 
both data patterns and music theory expectations. This 
study extends the framework to an Internet-based system 
that supports five styles.

Music evaluation is challenging. Therefore, we provide 
an Internet-based system for public access and feedback. 
The tool is available online at https://sites.google.com/
g.ncu.edu.tw/minelabaimusicvideo. It generates music in 
five distinct styles. Feedback from users and musicians has 
been positive, and we are collaborating with a local music 
company to further improve the system.

2  Related Work

Early studies on music generation relied on rule-based 
systems, Markov models, and neural networks. Todd 
[2] and Mozer [3] introduced early recurrent approaches 
that are related to modern RNN formulations [4]. With 
improved computation, deep learning became practical for 
sequence generation, and LSTM networks [5] were widely 
adopted to model long-term dependencies.

Symbolic music generation has been studied with 
LSTM-based architectures in various styles. Eck and 
Schmidhuber [6] applied LSTM to generate blues music, 
while DeepBach [7] used stacked LSTM layers for chorale 
generation. Time with Feeling [8] extended LSTM-based 
modeling to predict both notes and dynamics. These 
studies demonstrate the effectiveness of recurrent sequence 
modeling for musical structure.

Beyond general sequence architectures, cultural 
characteristics have also been considered. MG-VAE [9] 
models Chinese folk songs with regional style factors 
using a variational autoencoder and adversarial training. 
However, it does not explicitly incorporate reinforcement 
learning or rule-based music theory constraints.

To improve realism and diversity,  generative 
adversarial networks (GANs) [10] and other neural 
generative models have been explored. C-RNN-GAN 
[11] combines GAN training with LSTM generation, and 
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MuseGAN [12] targets multi-track polyphonic music. 
Symbolic Music GAN [13] generates structured symbolic 
melodies. Museformer [14] applies a Transformer model 
with hierarchical attention for long sequences, and 
Transformers have broadly influenced both text and music 
generation [15]. Music Transformer [16], developed in the 
Magenta project [17], uses relative attention for melody 
generation. More recently, MIDI-DDPM [18] applies 
diffusion modeling with a variational autoencoder in 
latent space, and discrete diffusion models [19] provide 
symbolic-level control. CP Transformer [20] supports 
interactive generation with structured MIDI input. Many 
of these methods focus on data-driven generation and often 
do not explicitly encode music theory rules.

Reinforcement learning has been applied to symbolic 
music generation to improve controllability and enforce 
constraints. RL-Tuner [21] combines a melody RNN 
with double DQN [22] to guide generation toward 
user preferences. RL-Duet [23] supports real-time 
accompaniment with human and system input. RL-Tuner-
CP [24] integrates reinforcement learning with constraint 
programming, and Amadeus [25] combines supervised 
training with planning for polyphonic generation. RL-
Chord [26] applies reward-guided generation for chord 
sequences, while MuseBERT [27] uses reinforcement 
learning in a BERT-style model for long-term coherence. 
Polyffusion [28] addresses rhythm generation under low-
data conditions. A hybrid supervised and reinforcement 
learning framework for symbolic melody generation was 
previously validated in an academic thesis [1]. The present 
work extends this line of research by adopting PPO-
based reinforcement learning with rule-defined rewards. It 
also implements an Internet-based system for multi-style 
melody generation.

3  The Proposed Models

Our system includes three models that follow the same 
design strategy. Each model is an LSTM-based sequence 
generator. The three models are the pitch model, the 
duration model, and the bar profile model. At each time 
step, each model generates one value: pitch, duration, or 
bar profile.

The bar profile is a high-level feature that represents 
the rhythm pattern within a bar. More details are given in 
the next section. Because this work uses symbolic music 
generation, we define each note using two basic attributes: 
pitch and duration. We represent durations using the thirty-
second note as the smallest unit. For example, an eighth 
note equals four thirty-second notes, and a quarter note 
equals eight thirty-second notes. We do not model note 
velocity because our focus is melody.

To use both reinforcement learning rewards and dataset 
features, we train the models with supervised learning and 
reinforcement learning in an interleaved manner. Both 
training stages use the same network architecture. During 
supervised training, we train the policy network that is 
later used in reinforcement learning. The value network 

is not used in supervised training because only the policy 
network selects actions. This strategy lets the model learn 
from the dataset while following constraints. All three 
models are trained using the same procedure.

The pitch, duration, and bar profile models are trained 
separately with the same architecture, as shown in Figure 1. 
In this figure, the term “symbol” refers to pitch, duration, 
or bar profile, depending on the model. At each time step, 
the current symbol is represented by a one-hot vector, as 
in standard LSTM training. We also include additional 
input features to improve learning. These features are 
described in the next section. Although the explicit input at 
each time step is one symbol, the LSTM also maintains a 
hidden state. The hidden state stores the sequence history. 
Therefore, generation depends on both the current symbol 
and the sequence context captured by the hidden state.

Figure 1. Overall architecture of the proposed framework 
with interleaved supervised learning and reinforcement 
learning

During both training and generation, the bar profile 
model outputs one bar profile for each bar. This bar profile 
is used as an input to the pitch model and the duration 
model for the same bar. In addition, both models take the 
current pitch and the current duration as inputs. In Figure 
2, b, p, and d denote the bar profile, pitch, and duration, 
respectively. Mb, Mp, and Md denote the bar profile, pitch, 
and duration models, respectively. For clarity, Figure 
2 omits the hidden state, additional input features, and 
positional encoding. These components are described in 
the following section.

Figure 2. Architecture for generating a single bar, where 
b, p, and d denote the bar profile, pitch, and duration, 
respectively
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3.1 Hierarchical Recurrent Neural Network (Bar 
Profile)
Inspired by [29], one model in our system generates 

a sequence of bar profiles. A bar profile is a high-level 
representation of the rhythm pattern within a bar. We define 
16 bar profiles, and each profile is represented by a one-
hot vector of length 16. This representation is consistent 
with those used for pitch and duration. Following [29], 
we construct bar profiles as shown in Figure 3. We first 
segment each melody in the dataset into bars. We then 
convert the note durations in each bar into a binary 
sequence of 0s and 1s, using the thirty-second note as the 
smallest unit. In this step, pitch information is not used.

[10000000100010001000000010000000]

Figure 3. Converting note durations in a single bar into a 
binary sequence of 0s and 1s

We then apply K-modes clustering, a discrete variant 
of K-means in which cluster centers are integer vectors. 
We cluster all bar clips and select 16 cluster centers as the 
main bar rhythm patterns. If clustering performs well, these 
16 bar profiles should match most bar clips in the dataset. 
They can therefore represent the rhythmic structure of the 
dataset.

We choose K=16 based on practical experience. Our 
goal is to use a reasonable number of rhythm patterns 
that cover the dataset well. If K is too large, the generated 
music may sound overly random and show less repetition. 
A larger K also increases the input dimension, which can 
reduce model performance. Figure 4 shows the average 
distance from each bar rhythm in the dataset to the K 
cluster centers for different values of K. We set K=16 to 
balance computational efficiency with the ability to capture 
recurring rhythm patterns.

Figure 4. Average distance from each bar rhythm to the K 
cluster centers for different K values

We run the clustering method multiple times and select 
the set of profiles with the lowest average distance to 
the cluster centers. Because the initial cluster centers are 
randomly chosen, the results vary slightly across runs. The 
final rhythm patterns for the 16 bar profiles are shown in 
Figure 5. Each line in the figure shows two bars. As noted 
in [16], the bar profile sequence is much shorter than the 
pitch and duration sequences because the model generates 

one bar profile per bar. This shorter sequence makes it 
easier for the model to learn the overall structure of high-
level rhythm patterns.

To reduce the input dimension, we select only the 22 
pitches that are most common in our dataset. For durations, 
we select the 11 duration types observed in the dataset. 
These 22 pitches and 11 durations cover most of the 
content in Taiwanese Opera and Hakka Folk Song, which 
are the main styles in this study. If other researchers apply 
our modules to other styles, these values can be adjusted 
accordingly.

Figure 5. Rhythm patterns of the 16 bar profiles

Each time the duration model generates a value, 
it outputs an explicit duration. This encoding follows 
the note-level representation described in [30], where 
each duration is represented by a one-hot vector. This 
format is close to how humans describe duration during 
composition. Because each note has both a pitch and a 
duration, the pitch and duration sequences always have the 
same length. Another common approach is a frame-based 
sequence. In this approach, a melody clip is divided into 
fixed-length frames, and each frame represents an event. 
Events can include pitch onset, no event, or pitch offset. 
Both encoding methods can represent any monophonic 
melody. In our experiments, the note-level one-hot 
encoding gives better results. Figure 6 compares the two 
encoding methods.

Explicit encoding
Pitch:      [E5  E5 G5  A5  Rest]
Duration:[4   2  2   4   4   ]

Implicit encoding
[E5 N N N E5 N G5 N A5 N N N Off N N N]

Figure 6. Two methods for encoding the duration of the 
same melody clip (In the implicit encoding, N denotes “no 
event” and Off denotes “pitch offset.” Both methods use 
the sixteenth note as the smallest time unit.)
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For the pitch model, we use the current pitch, the 
current duration, and extra structural information. These 
features help the model learn rhythm and timing more 
effectively. The input to the pitch model includes the 
following components:

1.	 Current pitch: represented by a one-hot vector of 
length 22.

2.	 Current duration: represented by a one-hot vector 
of length 11.

3.	 Beat position within the bar: represented by a one-
hot vector of length 4 (since there are 4 beats per 
bar).

4.	 Frame position within the beat: represented by a 
one-hot vector of length 8 (since there are 8 frames 
per beat).

5.	 Bar parity: represented by a binary value (0 for 
odd-numbered bars and 1 for even-numbered 
bars).

6.	 Relative position in the melody: represented by a 
floating-point value between 0 and 1 (0 indicates 
the beginning and 1 indicates the end).

7.	 Current bar profile: represented by a one-hot 
vector of length 16 (output from the bar profile 
model).

We combine these seven components to form an input 
vector of length 63. The shortest duration in our system is a 
thirty-second note. Therefore, each bar contains 32 frames. 
Components 3 and 4 specify the exact note position within 
a bar because 32 frames equal 4 beats with 8 frames each. 
We include component 5 because the dataset shows a 
clear difference between odd and even bars. Component 
6 indicates the relative position of the note in the full 
melody. These features help the model learn timing and 
rhythmic structure. The duration model uses the same 
input format as the pitch model. For the bar profile model, 
the input consists of the bar profile itself (length 16), plus 
the bar parity and relative position features.

In our implementation, we use the same network for 
supervised learning and reinforcement learning. We adopt 
PPO with an LSTM architecture, which is often called 
Recurrent PPO [31]. To implement this setup, we include 
the LSTM hidden state in the input. When the environment 
transitions to the next state, we pass the hidden state to the 
next time step. During data collection, we also store the 
hidden state for training. Figure 7 shows this process. PPO 
captures long-term dependencies by maximizing reward 
over an episode. The LSTM further improves the memory 
of past information through its hidden state.

In our input representation, we use a single floating-
point value to indicate the relative position of a note in 
the full melody. For example, the value 0.254 in Figure 8 
indicates that the note occurs at about one-quarter of the 
melody. However, our experiments show that this feature 
is not effective for learning rules related to global structure, 
including the pitch and duration of the final note. One 
reason is that relative position does not reflect differences 
in melody length. For instance, the ending note of an 8-bar 
melody might occur at a relative position of 0.9. In a 32-

bar melody, the same value appears too early to indicate 
the ending note.

Figure 7. Recurrent PPO architecture with an LSTM 
hidden state passed across time steps

[0..1..0    0..1..0    0100    00001000    0    0.254    0..1..0]
 (pitch       duration   beat      frame     odd/even   pos      profile)

Figure 8. Pitch model input for a single note, assuming 
the note in the red frame is in an odd-numbered bar with a 
relative position of 0.254

To address this limitation, we add absolute position 
information to the model. We adopt Length-Difference 
Positional Encoding (LDPE), which is a modified version 
of the Transformer positional encoding proposed in [32]. 
In the Transformer, the attention mechanism lacks built-
in knowledge of sequence order. To address this issue, 
[30] introduced positional encoding, which maps each 
position to a vector of a chosen dimension. For example, 
if the input embedding has 16 dimensions, each position is 
mapped to a 16-dimensional vector. This approach is more 
efficient than using large one-hot vectors, especially for 
long sequences. The original positional encoding formula, 
PE(pos, i), is shown below. Here, i is the dimension index, 
pos is the position, and d is the total dimension.

( ),2 2sin

10000
pos i i

d

posPE
 
 =   
 

( ),2 1 2cos

10000
pos i i

d

posPE +

 
 =   
 

(Source: [15, 32])

The method in [32] aims to control the length of the 
generated sequence. It treats the position relative to the 
end of the sequence as more important than the position 
relative to the beginning. This idea aligns with our melody 
generation task, where the ending position is more critical 
than the starting point. If the model does not learn this well, 
the melody may sound incomplete. The key difference 
between the original positional encoding and LDPE is how 
position is measured. LDPE encodes position based on the 
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distance to the end of the sequence. Therefore, positions 
with the same distance to the end share the same encoding. 
The LDPE formula is written as LDPE(pos, len, i), where len is 
the target sequence length.

( ),2 2sin

10000
pos i i

d

len posLDPE
 

− =   
 

( ),2 1 2cos

10000
pos i i

d

len posLDPE +

 
− =   

 
(Source: [32])

In the original Transformer, positional encoding is 
added to the output of the embedding layer, and the result 
is then fed into the attention blocks, as shown in Figure 9. 
In our implementation, we do not use an embedding layer 
or attention blocks. Instead, we add the LDPE vector to 
the output of the first linear (fully connected) layer, and 
then pass the result to the second linear layer, as shown 
in Figure 10. In the rest of this paper, we use the term 
“positional encoding” to refer to LDPE as proposed in [32], 
which is the method used in our system.

Figure 9. Positional encoding is added to the embedding 
output before the attention blocks in the Transformer 
encoder (Adapted from [15])

Figure 10. Data flow of adding LDPE to the output of the 
first linear layer in our network

Reward functions for melody generation are highly 
subjective. In our system, we design these functions 
based on input from music experts. Different music 
styles often require different reward rules. For example, 
although Taiwanese Opera and Hakka Folk Song are both 
influenced by traditional Chinese music, their reward 
rules are different. Designing these functions takes time 
and repeated adjustment. Frequent discussions between 
music experts and engineers are needed to ensure that the 
generated melodies are acceptable.

In traditional Chinese music, many melodies use 
hexatonic or heptatonic scales derived from the pentatonic 
scale. In the hexatonic scale, B is commonly used, while 
F is rarely used. The melody contour often moves up and 
down around central notes, forming a wave-like shape. 
Rhythm also changes with musical imagery and emotional 
expression, and it often shifts between simple and complex 
patterns.

The pitch, duration, and bar profile models each use 
their own reward functions. Some rewards are applied at 
every time step when a symbol is generated. Other rewards 
are applied at the end of a bar or at the end of the full 
melody. The following sections describe the reward rules 
for each model. A rule marked with (+) gives a positive 
score when it is satisfied, while a rule marked with (-) 
gives a negative score when it is violated. The reward 
values depend on the selected music style.

3.2 Reward Function for Pitch Model
The pitch model generates one pitch at each time step. 

To improve musical coherence and reflect features of 
traditional Chinese music, we define a set of rule-based 
rewards. Each rule gives a positive or negative score 
based on the pitch value, the interval between consecutive 
pitches, and the structure within each bar. We define:

- pt: the pitch generated at time step t.
- it: the interval between the pitch at time step t and 

the pitch at time step t-1.
- HR: the set of all (first pitch, last pitch) pairs for each 

bar in the dataset.
- RH: the set of all (last pitch of a bar, first pitch of the 

next bar) pairs in the dataset.
These rules guide pitch generation so that the output 

follows the style patterns of traditional Chinese melodies. 
Most rules are derived from statistical trends in the dataset, 
while others are based on Chinese music theory. The rules 
focus on scale adherence, interval control, and phrase 
structure. Table 1 lists the reward rules for the pitch model. 
Each rule is evaluated when a pitch is generated. A positive 
score is given when the condition matches a desired 
pattern, and a negative score is given when the condition is 
violated. The “Condition” column describes each rule, and 
the “Reward” column indicates whether the behavior is 
encouraged or discouraged.

These rules are based on both music theory and 
empirical observations. First, most traditional Chinese 
music follows the pentatonic scale. Therefore, most pitches 
should stay within the five pentatonic tones, as stated in 
Rule 1. Second, to avoid unnatural pitch movement, we 
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limit interval size. Within a bar, the interval must not 
exceed 12 semitones (Rule 2). Across bar boundaries, the 
first pitch of a new bar can differ by up to 14 semitones 
from the last pitch of the previous bar (Rule 3). Third, 
the relationship between the first and last pitch in a bar 
is important for phrase structure. We define HR from 
the dataset to ensure that these pitch pairs resemble real 
phrases (Rule 8). Likewise, we use RH to encourage 
natural transitions between consecutive bars (Rule 4). 
Fourth, some interval patterns are uncommon in traditional 
Chinese music and are penalized. These include perfect 
fourths (5 semitones) and two consecutive third intervals 
(3 or 4 semitones) (Rules 5 and 6). In contrast, alternating 
major seconds and minor thirds is a common melodic 
pattern and is rewarded (Rule 7). Finally, because all 
melodies in our dataset are in the key of C, endings on 
pitches other than C, G, or A are discouraged (Rule 9).

Table 1. Reward rules for the pitch model

No. Condition Reward
1 pt is not in the Chinese pentatonic scale 

(C, D, E, G, A)
(-)

2 pt is not the first pitch of a bar, and 
interval it > 12 semitones

(-)

3 pt is the first pitch of a bar, and interval 
from pt-1 > 14 semitones

(-)

4 pt is the first pitch of a bar, and pair 
(pt-1, pt) ∉ RH

(-)

5 Interval  i t i s  a  perfect  fourth (5 
semitones)

(-)

6 Consecutive intervals it and it-1 are both 
thirds (3 or 4 semitones)

(-)

7 The pair of intervals (it-1, it) is (2, 3) or 
(3, 2)

(+)

8 pt is the last pitch of a bar, and pair 
(first pitch, pt) ∉ HR

(-)

9 The melody ends on a pitch other than 
C, G, or A

(-)

3.3 Reward Function for Duration Model
The duration model is designed to capture rhythmic 

structure and bar-level alignment. To evaluate the 
generated durations, we define a set of rule-based rewards. 
These rules guide the model to produce rhythm patterns 
that are musically appropriate and stylistically consistent. 
Table 2 lists the reward rules for the duration model.

These rules are based on musical intuition and 
statistical patterns in the dataset. Rule 1 ensures that the 
final note has enough duration to signal closure. A short 
ending note may not provide a clear sense of completion. 
This rule also supports positional encoding, which helps 
the model identify a note’s relative position in the melody. 

Rule 2 maintains rhythmic alignment across bar pairs. In 
traditional Chinese music, rhythms are often simple and 
regular, and notes rarely extend across a bar line. Rules 
3 and 4 control rhythmic repetition. Moderate repetition 
supports structure and familiarity, but excessive repetition 
reduces variation and can make the melody monotonous. 
Rule 5 discourages long durations for non-pentatonic 
notes, because they often serve as short passing tones and 
are not meant to be sustained [33]. Rule 6 prevents several 
long notes from appearing consecutively, which improves 
rhythmic variety and avoids overly static patterns.

Table 2. Reward rules for the duration model

No. Condition Reward
1 The ending note duration is shorter 

than a half note (16 frames)
(-)

2 The total duration of an odd bar and 
the next even bar is not exactly two 
whole notes (64 frames)

(-)

3 The current bar rhythm matches the 
previous bar, and the pattern has 
repeated no more than four times

(+)

4 The current bar rhythm matches the 
previous bar, and the pattern has 
repeated more than four times

(-)

5 The current pitch is not in the Chinese 
pentatonic scale, and its duration 
exceeds an eighth note (4 frames)

(-)

6 T h r e e  c o n s e c u t i v e  n o t e s  h a v e 
durations equal to or longer than a half 
note (16 frames)

(-)

3.4 Reward Function for Bar Profile Model
The reward rules for the bar profile model are similar 

to those for the duration model. These rules complement 
the duration rules because bar profiles guide the high-level 
rhythm structure of each bar. Table 3 lists the reward rules 
for the bar profile model. These rules regulate repetition 
at the bar level. They allow moderate repetition while 
discouraging excessive reuse of the same bar profile.

Table 3. Reward rules for the bar profile model

No. Condition Reward
1 The ending note duration of the 

previous profile is shorter than a half 
note

(+)

2 The current profile matches the 
previous one, and the pattern has 
repeated no more than four times

(+)

3 The current profile matches the 
previous one, and the pattern has 
repeated more than four times

(-)
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All models and experiments are implemented using 
the PyTorch library [34]. In our network, the input first 
passes through three fully connected layers, each with 128 
neurons. We insert a positional encoding vector between 
the first and second layers. The positional encoding 
vector encodes the global position of the current note. 
The data then enters a stacked LSTM with three recurrent 
layers. Each LSTM layer has a hidden size of 128, so the 
hidden state tensor has dimensions 3 × 128. In this multi-
layer LSTM, the output of each layer is fed into the next 
layer [35]. The LSTM output then passes through three 
additional fully connected layers with 128, 128, and 64 
neurons, respectively. This produces the final model 
output. The input and output dimensions depend on each 
model, but the hidden-layer configuration is the same for 
all three models. Figure 11 shows the complete data flow. 
We use this architecture for both supervised learning and 
reinforcement learning.

Figure 11. Data flow of the proposed network, including 
fully connected layers, positional encoding, and a three-
layer LSTM

4  The Internet-based Music Generation 
System

This section describes the Internet-based tool that 
we developed for music generation. The tool includes 
the melody generation system and also supports 
accompaniment, harmonic structure, and percussion 
with various instruments. The system runs on a machine 
equipped with an RTX 4090 GPU and 24 GB of RAM. 
To balance computational cost and model performance, 
we combine deep learning with traditional algorithmic 
methods. The tool is designed for Asian music and 
currently supports five music styles:

1.	 Taiwanese Opera (also known as koa-a-hi in 
Taiwan)

2.	 Hakka Folk Song (from the Hakka ethnic group)
3.	 Traditional Jiangnan Style (from southeastern 

China)
4.	 Traditional Qin Style (from northwestern China)
5.	 Japanese Nakashi (a Taiwan-localized style 

influenced by Japanese music)
Figure 12 illustrates the system structure and the 

workflow for online music generation. The tool provides 
both English and Chinese user interfaces. It allows users 
to generate music online and to download music scores, 
MIDI files, and audio files.

On the left side of Figure 12, we show the datasets we 
collected. In the music database, we store music scores 
in an internal representation format. We also developed a 
tool that converts MusicXML files to this internal format 
and vice versa. The internal representation includes basic 
musical elements such as pitch and duration.

Since the number of original songs is limited, we 
apply data augmentation using Markov models to 
generate additional training data for the neural networks. 
To generate music notes, we first use a standard Hidden 
Markov Model. However, the melodies produced by this 
method do not always meet the desired musical quality. 
Therefore, the melody generation module using deep 
learning, as described in the previous section, is employed 
to improve musical coherence. We also use simulated 
annealing as an optimization method to produce skeletal 
melodies. For harmonic progression, which follows 
relatively simple rules, we apply a finite state machine.

On the right side of Figure 12, the system includes the 
deep learning modules. Each module is responsible for a 
different part of the music composition process. Because 
each component requires different training data and 
modeling strategies, the modules are trained separately. 
Together, the four modules form a complete music score.

Figure 12. System components and workflow for online 
music generation

In the Proximal Policy Optimization (PPO) network, a 
key challenge is how to encode music rules in the reward 
function, especially rules for Asian music. Since the 
system supports five music styles, we define a separate set 
of reward functions for each style. The scale tones used in 
each style are as follows:

1.	 Taiwanese Opera: C, D, E, G, A
2.	 Hakka Folk Song: C, E, F, A, B
3.	 Traditional Jiangnan Style: C, D, E, G, A
4.	 Traditional Qin Style: F, A
5.	 Japanese Nakashi: C, E, F, A, B
We determine these scale tones through discussions 

with musicians for each style. We use them in our 
experiments, and users generally accept the generated 
results. Different musicians may suggest additional 
changes, but this is beyond the scope of this study.
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For the Jiangnan and Taiwanese Opera styles, we 
apply additional rules. These rules prefer intervals such 
as major seconds and minor thirds. They also restrict 
large leaps, such as jumps greater than one octave. At the 
phrase level, traditional Asian music often uses specific 
starting and ending notes. The relation between these 
notes is important, but no fixed rule exists. Therefore, we 
use statistical patterns from our dataset. If the starting or 
ending notes deviate from common patterns, we apply 
a penalty. Other rules control the use frequency of scale 
tones and the number of repeated scale tones. We also add 
constraints on beat length and beat patterns within each 
bar, and we implement them as reward terms.

Note that scale, beat, and bar profile each have their 
own reward functions. We also observe dependencies 
between scale and bar profile, or between scale and 
sequence patterns, especially in the Traditional Qin Style. 
Since there are no strict universal rules, all rules must 
be tested and validated by experienced musicians. The 
deep learning module for melody generation includes 
a sequence generation component and a reinforcement 
learning component.

Our system provides Chinese dulcimer (yangqin) 
accompaniment based on traditional performance rules. 
The dulcimer part follows the rhythm and pitch of the 
main melody. Chord generation is also important. We use 
functional harmony to produce chord progressions that 
follow the melody and its structure. We assign a chord to 
each bar, or to a segment within a bar. The chord sequence 
follows a set of defined rules.

We propose a chord generation method based on a 
finite-state machine (FSM), which controls transitions 
between harmonic states. The FSM, shown in Figure 13, 
includes states that represent basic harmonic functions 
such as tonic, dominant, and subdominant. For simplicity, 
Figure 13 includes only eight basic chords. More complex 
FSMs can be built for advanced harmonic generation. In 
theory, the FSM can be non-deterministic because several 
chords may be suitable at a given point in the melody. We 
can prioritize the next chord using statistical analysis based 
on the characteristics of a given style. More advanced 
FSMs can also reflect different emotional expressions and 
phrase structures.

Asian percussion instruments differ from those in 
Western music. They include drums, cymbals, gongs, 
wooden fish, bangzi, and other instruments. Their timbre is 
important in styles such as Jiangnan and Taiwanese Opera. 
Because standard MIDI does not include these sounds, 
we worked with musicians to record percussion samples 
and built custom soundfonts for our system. Each music 
style has its own rhythm patterns. Based on suggestions 
from musicians, we use a probability function to select 
patterns that match each generated melody. To improve 
consistency, we trained a deep learning model with a 
temporal convolutional network and attention modules. 
Percussion data design remains subjective and is guided by 
expert input.

Figure 13. Proposed chord-generation finite-state machine 
that currently uses eight chords and selects the next state at 
random based on a probability model

We developed a web-based tool for public use, as 
shown in Figure 14. It offers three music creation options. 
First, users can select a sample melody. Each style includes 
200 to 300 songs. Musicians selected these songs, and 
music students entered them. Second, users can generate 
music with a deep learning model by setting the tempo 
and length. The model generates one bar at a time, so the 
output has no fixed length. Third, users can generate music 
from text. This option targets users without prior music 
training. The tool supports five Asian styles and provides 
both English and Chinese interfaces. Users can explore and 
compare these styles. Figure 15 shows an example output.

Figure 14. User interface of the web-based tool for Asian 
music generation
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Figure 15. Example of a music score generated by the 
system

After the melody is generated, the system provides 
either functional harmonic accompaniment or heterophonic 
accompaniment. These two types of accompaniment 
cannot be used together. Functional harmony can produce 
either basic chords or broken chords. For percussion, we 
use both standard MIDI-based synthesized instruments and 
sampled percussion sounds.

5  Conclusion and Future Work

In this paper, we presented a deep learning-based 
music generation system. The system combines supervised 
learning and reinforcement learning to generate melodies 
in five Asian music styles. Inspired by prior work on 
Jiangnan music, we extended the system with style-specific 
reward functions and selected training data. The generated 
music reflects both statistical patterns in the dataset and 
human-defined musical rules.

We developed a web-based tool that allows users to 
generate music online. The tool supports score download, 
MIDI export, and audio playback. The system currently 
supports five styles: Taiwanese Opera, Hakka Folk Song, 
Jiangnan Style, Qin Style, and Japanese Nakashi. We 
selected these styles for their cultural significance and 
distinct musical features. We implemented the system in 
PyTorch on a machine with an RTX 4090 GPU. The model 
comprises three neural modules for pitch, duration, and 
bar profile generation. Each module follows style-specific 
reward rules designed with music experts. We apply 
reinforcement learning using PPO with an LSTM to ensure 
that the melody respects musical structure.

Experimental results show that the generated melodies 
are stylistically consistent. They are also well received by 
both general users and professional musicians. The system 
is publicly accessible. It demonstrates how symbolic 
music generation can combine AI methods with cultural 
knowledge.

In future work, we aim to improve timbre quality 
beyond the standard MIDI set. We plan to enhance 
rhythm and accompaniment features. We also intend to 
support additional music styles. Furthermore, we will 

integrate Chinese percussion instruments and more 
advanced harmonic structures. We continue to work 
with the music industry and welcome further academic 
and industrial collaboration. The system is available at 
http://140.115.51.218:8888.
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