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Abstract

This paper explores the application of machine
learning, particularly Recurrent Neural Net-
works (RNNs), to music generation. The mo-
tivation of this project is the goal of creating a
tool to assist musicians in prototyping and ex-
tending compositions. The project focuses on
learning the temporal dependencies and struc-
tural patterns inherent in musical sequences.

In the first phase of the project, I aimed
to demonstrate whether an RNN could cap-
ture temporal relationships between notes and
generate realistic extensions of monophonic
melodies (maximum of one note at a given
time). Using a two-layer LSTM architecture,
the model successfully learned musical pat-
terns and produced fluid, coherent extensions.

In the second phase, I expanded the scope to
polyphonic music generation (multiple notes
can play at a given time). I modified the data
representation and expanded the architecture
to include additional LSTM layers. However,
the polyphonic model struggled to generate
musically meaningful compositions, produc-
ing chaotic and unstructured outputs.

While the monophonic model was a suc-
cess, generating fluid extensions and even en-
tire compositions from scratch, further refine-
ments are needed to improve the model’s abil-
ity to handle polyphony and generate more ex-
pressive compositions.

1 Introduction

The increase in popularity of streaming services
has given both well-known and aspiring musi-
cians an avenue to distribute their music to mil-
lions of people quickly. The problem no longer
lies in getting songs out there but in the genera-
tion of music. As an amateur musician, I have
long been interested in utilizing machine learn-
ing in music generation. Recent advancements in
Natural Language Processing (NLP) have shown

how effectively models can learn structured pat-
terns and contextual dependencies within sequen-
tial data, such as language. Music, like language,
follows its own structural rules and patterns, which
can be likened to its own “grammar.”(Patel and
Hagoort, 2001), (Le et al., 2024) This project
explores whether NLP-inspired models such as
RNNs can be adapted for music generation (Lee
et al., 2017), focusing primarily on generating ex-
tensions to musical inputs.

The motivation for this project lies in creating
a tool musicians can use to prototype their ideas
quickly. For instance, a user could input a few sec-
onds of a musical fragment—perhaps the begin-
ning of a new song they are trying to write—and
the model would generate a continuation, provid-
ing inspiration or a basis for further composition.
This is a tool that I know that I can personally ben-
efit from. By leveraging Long Short-Term Mem-
ory (LSTM) models, these outputs could be itera-
tively fed back to the model to produce complete
compositions (Mangal et al., 2019).

2 Literature Review

Attempts at algorithmic music generation have
been ongoing since at least the eighteenth century.
Early examples include Mozart’s Musikalisches
Wiirfelspiel (musical dice game) (Maurer, 1999),
which used predetermined rules and dice rolls to
create new compositions.

The advent of computers allowed for more sta-
tistical and rule-based systems such as Markov
chains (Shapiro and Huber, 2021). Seminal early
computational models like David Cope’s Exper-
iments in Musical Intelligence (EMI) codified
compositional styles into structured rules which
could be used to generate music algorithmically
(Cope, 2001), (Zhang et al., 2018). While these
attempts were groundbreaking, they were inflexi-
ble and limited by predetermined rules.

The most recent advancements in using ma-



chine learning in music generation happened rel-
atively recently in the mid-2010s with the intro-
duction of RNNs and LSTM networks. Their abil-
ity to understand temporal dependencies enabled
the generation of more coherent and expressive se-
quences. Many early significant advancements in
this domain involve ongoing projects like Google
Magenta, which has developed models such as
Melody RNN (Waite, 2016) and Music Vae (Briot,
2020) these leveraged LSTMs for monophonic
and polyphonic music generation.

More recent approaches have explored Varia-
tional Autoencoders (VAEs) (Roberts et al., 2018)
and Generative Adversarial Networks (GANs)
(Engel et al., 2019). VAEs, create novel com-
positions by learning compressed representations
of music. GAN models like MuseGAN, can
generate multi-track music and produce harmon-
ically cohesive outputs. Transformer-based archi-
tectures, including the Music Transformer (Huang
etal., 2018) and OpenAI’s MuseNet (Brown et al.,
2019), utilize self-attention mechanisms that cap-
ture long-term dependencies, enabling rich and co-
herent compositions.

3 Data

3.1 Data Representation

The choice of data representation was one of
the first decisions that I needed to make for
training music generation models. Two pri-
mary approaches were considered (Boulanger-
Lewandowski et al., 2012), (Huang et al., 2020):

1. Symbolic:

* Musical Instrument Digital Interface
(MIDI): Encodes music as sequences of
events, such as Note-On/Note-Off, with
pitch, velocity, and timing information.
For Note-On events, it encodes notes of
the range 0-127.

* Piano roll: A 2D matrix where rows
represent pitches and columns represent
time steps.

2. Audio:

* Wav: Represents music as a continuous
waveform.

From these choices, I decided to use the MIDI
format.

4 MIDI

MIDI is a technical protocol for digital instru-
ments that provides a symbolic representation of
the music. It is transmitted at a high temporal
sampling rate and provides information on Note
On and Note Off events, the loudness of each
note, and its velocity. MIDI can be visualized
in the Piano roll format, as we can see in Figure
2 (Boulanger-Lewandowski et al., 2012) (Huang
et al., 2020).

A midi file encodes 128 notes (0 is the low-
est pitch, 127 is the highest pitch), a velocity that
ranges from O to 31. The minimum time step is 8
ms, and for each time step, a series of instructions
indicate which notes are on/off and their velocity

MIDI is ideal for sequential models such as
RNNs, which was the model I wanted to inves-
tigate. There is also a significant corpus of large
labeled MIDI datasets, such as the Lakh MIDI and
Masetro, which could be leveraged to get training
data.

4.1 Dataset:

For this project, I used the Maestro MIDI dataset.
The Masetro dataset is a collection of 1276
performances from the International Piano-e-
Competition. It contains about 200 hours of
high-level MIDI piano recordings (Hawthorne
et al., 2018).

While this is not the largest midi dataset,
there are a few reasons I opted for this dataset:

1. All of the data are that of piano music. Dif-
ferent instruments have their unique charac-
teristics and composition styles. This will en-
sure consistency in all the training and valida-
tion data.

2. All the performances are verified to be
done by humans. There is no electronic or
synthesized music. This is useful since I am
training the model to mimic human play.

3. All the music in the dataset is played by ex-
perts (participants in the competition). A
casual listener’s idea of a human performance
will be music played by experts.

5 Monophonic Extension Generation:

For the first phase of this project, I focused on
generating monophonic music extensions, where



Before Complexity Reduction
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Figure 1:
Split Perfor Duration | Notes (Mil-
mances (Hours) lions)
Train 962 159.2 5.66
Validation | 137 194 0.64
Test 177 20.0 0.74
Total 1276 198.7 7.04

Table 1: Dataset statistics for Mastro

at any given time step, either a single note will
play, or there will be no note (rest).

By focusing on monophonic music, I can ab-
stract away certain complexities, such as velocity
(dynamics), and focus solely on the temporal pro-
gression of musical notes (Sajad et al., 2021).

This will lay a strong foundation for under-
standing core musical patterns and transitions.
Further phases can incorporate more sophisticated
aspects of music, such as polyphony and dynam-
ics. This stepwise progression ensures that the
model’s complexity grows with its capabilities.

5.1 Data Transformation:

For the monophonic music generation, much of
the information in the MIDI can be abstracted
away. Velocity data is discarded, and the midi is
converted into a 2-dimensional matrix, piano roll
like the one seen in Figure 2 (Briot and Pachet,
2017).

Further simplification was needed as I needed to
ensure that at each time step, there was at most one
note (or no notes) playing. I needed to determine
which notes to keep and which to discard. Two
methods were explored:

1. Randomly selecting one note at each time
step.

2. Retaining the highest note at each time step.

After Complexity Reduction
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Shows a before and after comparison of the complexity reduction steps

Figure 2: Piano roll visualization

I investigated both methods and compared their
outputs. I saw that as long as the highest note
was retained, the overall melody of the composi-
tion was preserved (Lemstrom and Tarhio, 2000).

We can hear the before and after transformation
of a music input below:

Before Transformation

After Transformation

The example above shows that although the
polyphonic to monophonic conversion drops the
accompaniment, the overall melody is preserved.

The transformed data was further processed into
TensorFlow’s TFRecord format to optimize train-
ing efficiency.

TFRecords is a TensorFlow-specific binary file
format designed to store large datasets efficiently.
It organizes data as a sequence of serialized pro-
tocol buffer (protobuf) records. It speeds up the
reading and processing of the data during training
(Team, 2020).

5.2 RNN Model Overview

This project focused on the Recurrent Neural Net-
work (RNN) model. RNNs have been used exten-
sively for text completion problems in NLP as they
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capture dependencies between the past and the fu-
ture. Generating music extensions shares many of
these properties, so an RNN model seems the ideal
choice.

128x128 one hot encoded

Figure 3: High-level overview of RNN structure for
monophonic case

If we zoom into one of the layers in Figure 3,
we can see that at each time step, the input to the
model is a one-hot encoded vector representing the
note being played. The label is the subsequent
note in the sequence. For instance, if the sequence
of notes is [n0, n1, n2, n3...], the model is trained
using pairs such as (input = n0, label =n1) and (in-
put =nl, label = n2). The hidden state in the RNN
propagates information across timesteps, enabling
it to learn temporal relationships between notes.

The configuration of the RNN blocks in the im-
age is a 2-layer LSTM with 128 cells each. The in-
put and output of each block is a 128x128 one-hot
encoded matrix indicating the input and predicted
note.
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Figure 4: Detailed visualization of an RNN layer in the
monophonic case

The overall goal of the model is to predict the

following note given a sequence of previous notes.
This is achieved by learning a probability distri-
bution over possible following notes, conditioned
on the notes that came before. This framing al-
lows music generation to be treated as a supervised
learning problem, where the model iteratively pre-
dicts the next note in the sequence.

5.3 Training

To evaluate the model during training, two metrics
are used (Yang and Lerch, 2018):

1. Accuracy: The percentage of notes in a se-
quence correctly predicted by the model.

NumberofCorrect Predictions

Accuracy =
4 Total Numberof Predictions

2. Perplexity: A measure of how well the
model predicts an entire sequence, with lower
values indicating better predictions.

N
1
Perplexity = exp <_N Z log P(yz|xl)>
i=1

Where:

* P(y;|z;) is the probability assigned to
the correct output y; given the input x;
* N is the length of the sequence

After running the training for about 2000 steps,
I got an accuracy of about 64.27% and a perplexity
of 4.29.
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Figure 5: Change in accuracy on the training data over
2000 steps for the monophonic case

As seen in Figures 5 and 6, accuracy does not
change significantly after the first 200 epochs, but
perplexity continues to decline steadily.
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Figure 6: Change in perplexity on the training data over
2000 steps for the monophonic case

5.4 Evaluation of Music Generation

To create music extensions, the model used dur-
ing training required some modifications. While
the training process involved predicting the next
note in a sequence based on past notes, the gen-
eration phase extends this idea by iteratively pre-
dicting and appending notes to an input sequence.
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Figure 7: Extension generator process

As Figure 7 shows, the generation script per-
forms a forward pass of the input music through
the model. Using the hidden states and the last
predicted note, the model continues the melody by
predicting the following note in the sequence. This
process is iteratively repeated, where each newly
generated note and the updated hidden state be-
come the input for the subsequent prediction, al-
lowing the model to build an extension of the input
composition.

This method enables the model to handle
variable-length input sequences and generate co-
herent extensions while maintaining the melodic
and temporal structure of the original piece.

Below are some example outputs of the model
for music extension:

5.5 Generating short Extensions

Example 1: Generating short extensions
(15 seconds)

This is a 5-second input that was fed into the
model:

Input Melody 1: Input 1

The following are three sample extensions:
Extension 1: Extension 1p>

Extension 2: Extension 2>

Extension 3: Extension 3p>

Example 2: Generating short extensions
(15 seconds)

This is a 5-second input:

Input Melody 1: Input 2p>

The following are three sample extensions:
Extension 1: Extension 1p>

Extension 2: Extension 2>

Extension 3: Extension 3>

In the two examples above, I generate a 10-
second extension to the input melody (15 sec-
onds total). Upon subjective evaluation, the gen-
erated extensions are able to maintain the melodic
and rhythmic characteristics of the input sequence.
The transition between the original melody and the
generated portion are also fluid. This suggests the
model has captured some of the temporal and har-
monic dependencies in the input data.

5.6 Generating Long Extensions

Example 3: Generating long extensions (2
minutes)

This is a 5-second input:

Input Melody 1: Input 1p>

The following are three sample extensions:
Extension 1: Extension 1P

Extension 2: Extension 2p>

Extension 3: Extension3p>

In the examples above, the model generates a 2-
minute extension to the input melody (totaling 2
minutes and 5 seconds), which aligns with the av-
erage length of many real-world musical composi-
tions.

After the initial 10-15 seconds, most of the con-
text the model utilizes comes from its generated
notes. As the music progresses, less and less of the
context provided by the input melody is present.
This leads to a series of distinct stanzas, each
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rhythmically coherent and musically sound. How-
ever, this also means a lack of a consistent, over-
arching melody across the entire 2-minute piece.

5.7 Generating Fresh Composition

Example 4: Generating long extensions (2
minutes) without input prompt (the input
is a nonevent [-2])

The following are a few sample 2-minute
compositions the model created:
Composition 1: Composition 1P
Composition 2: Composition 2p>
Composition 3: Composition 3P

The final test for the model was to evaluate its
ability to generate complete musical compositions
from scratch. To achieve this, I initialized the
model with a “non-event” ([-2]) input, represent-
ing that no notes were being played. The model
had no prior musical context and had to rely solely
on its learned weights and predictions to construct
the composition.

The results were impressive. For each of the
three generated outputs, the model produced dis-
tinct melodies. Despite no input seed, the out-
puts were fluid and mainly rhythmically consis-
tent. This showed that the model demonstrated a
clear understanding of *musical grammar,” which
was the primary goal of this model.

6 Polyphonic Extension:

My evaluation of the monophonic RNN demon-
strated its ability to capture patterns within the
music. This, however, was achieved by abstract-
ing away velocity and dynamics, focusing only on
monophonic music.

I will now eliminate the abstractions of
monophony and extend our approach to tackling
polyphonic music generation.

The architecture and data transformation strate-
gies for this phase of the project were heavily in-
spired by the Performance RNN paper (Oore et al.,
2020) (Simon and Oore, 2017), which provides
valuable insights into modelling the nuances of
polyphonic compositions.

6.1 Evaluating Model on polyphonic data:

Before transitioning to the polyphonic RNN, I
evaluated the performance of the existing mono-
phonic RNN on polyphonic data.

For this evaluation, I modified the training data
by removing the transformation step that retained
only the highest-pitched note in cases of multiple
notes occurring at a single timestep. Instead, all
notes were kept.

The input format was still a 128x128 one hot
encoded matrix at each timestep. However, un-
like the monophonic setup, this format now al-
lowed for multiple simultaneous notes, capturing
the complexity of polyphonic compositions.

After training the model for approximately
2,000 global steps, I tested it using the same in-
put melody to evaluate its performance:

Example 5: Evaluating polyphonic data

The following are a few sample 2-minute
compositions the model created:
Composition 1: Composition 1p>
Composition 2: Composition 2p>
Composition 3: Composition 3p>

From the three outputs above, it is evident that
the monophonic RNN performs poorly on poly-
phonic music. The generated extensions have an
overwhelming number of notes playing simulta-
neously, resulting in a chaotic sound with no dis-
cernible melody or structure.

One major limitation of the monophonic model
is that it does not consider velocity and dynamics,
which is essential for capturing the expressiveness
of polyphonic compositions.

To design and build an effective polyphonic
model, I need to fully utilize the extensive set of
instructions provided by the MIDI protocol (Goel
etal., 2014):

1. Note-On and Note-Off Events: When a note
starts and ends. This allows for note timing
and duration (0 to 127)

2. Velocity: The intensity of the note. This
helps capture the dynamics and expressive-
ness of the music (0 to 31)

3. Pitch: Which note being played ranging from
(0to 127)

4. Tempo and Time Signature: speed and rhyth-
mic structure of the music. Providing context
for note durations and phrasing.


https://drive.google.com/file/d/13h_5Xw7Ejaf5xM9XYD_WtYKff9KVka4G/view?usp=drive_link
https://drive.google.com/file/d/1CXxGvEfFq_oLLIyIW1SN1LQ-hQw2byfX/view?usp=drive_link
https://drive.google.com/file/d/1Er3307XRAce8H2Do2XXTC55AWafbd-0M/view?usp=drive_link
https://drive.google.com/file/d/1mAIWrMN-PDYvhnmc5RyAUFebT5f94A6i/view?usp=drive_link
https://drive.google.com/file/d/1qXYVnC9JDdKCqA8iNzIQCCN9Q15CZ8H4/view?usp=drive_link
https://drive.google.com/file/d/1PlTee5EPWhwWR8ULhOhdBVeHHu4HY0MB/view?usp=drive_link

6.2 Data Transformation:

One major challenge with polyphonic data is ex-
panding the data representation to effectively cap-
ture the simultaneous occurrence of multiple notes
and their associated properties. At any given time
step, each of the 128 notes could either be on or
off, with each note having a velocity value be-
tween 0 and 31.

In total, for each time step, there are potentially
288 distinct events (Eibensteiner et al., 2021):

1. 128 ON-Note events: Representing the notes
that are currently being played.

2. 128 Off-Note events: Representing the notes
that are no longer being played.

3. 32 velocity events: Indicating the intensity
(or velocity) of the notes.

The occurrence of these events at each time step
are modeled by a 288x288 dimensional one-hot
vector. This serves as the input to the network
at a given time step. This increased information
is meant help the model to learn the complex re-
lationships between multiple simultaneous notes,
their durations, and their dynamic properties.

7 Updated RNN Model

The increased complexity of the data requires a
more sophisticated model to capture the relation-
ships accurately. The high-level RNN architecture
remains the same, as shown below; the key differ-
ence lies in the input and output.

Instead of the previous 128x128 one-hot vec-
tor, the model now uses a 288x288 one-hot vector.
This vector encodes the ON-note, OFF-note, and
velocity information, enabling the model to gather
more context from the music.

288x2%2 one hot encode:

Figure 8: High-level overview of RNN structure for
polyphonic case

Following the Performance RNN architecture
(Oore et al., 2020) (Simon and Oore, 2017), 1
adapted the monophonic RNN to consist of three
LSTM layers, each containing 576 cells.

This adjustment allows the model to capture
more complex temporal dependencies and interac-
tions between multiple notes in polyphonic music.

288x288 one hot
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Figure 9: High-level overview of RNN structure

The overall goal of the model remains consis-
tent with the monophonic RNN: to predict the next
step in the sequence based on the previous step
and the hidden state. The key difference in the
polyphonic version is that, instead of predicting a
single note as in the monophonic case, the model
is now tasked with predicting a series of notes that
could occur simultaneously, along with their cor-
responding velocities.

7.1 Training:
The training process remains the same. The model

was evaluated by two metrics (Yang and Lerch,
2018):

1. Accuracy: The percentage of notes in a se-
quence correctly predicted by the model.

2. Perplexity: A measure of how well the
model predicts an entire sequence, with lower
values indicating better predictions.

Due to the complexity of the model and the lim-
ited computational resource limitation available to
me, I trained the model for about 600 global steps



before terminating. After 600 epochs, I got an ac-
curacy of about 61.1% and a perplexity of 7.21.

Accuracy Over Steps
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Figure 10: Change in accuracy on the training data over
2000 steps for the polyphonic case
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Figure 11: Change in perplexity on the training data
over 2000 steps for the polyphonic case

The accuracy and perplexity scores were worse
for the polyphonic model than the monophonic
data. This is primarily attributed to the fact that
polyphonic music is significantly more complex
than monophonic data.

7.2 Generation and Evaluation of Music

The process of generation of polyphonic music is
similar to that of monophonic music. The genera-
tion script forward passes the input music through
the model. Then, the hidden state and the last pre-
dicted element of the sequence are used to predict
the next step. This is iteratively repeated to create
an entire composition (Godwin et al., 2022).

The three different use cases evaluated for the
monophonic model were also evaluated for the
polyphonic case:

7.2.1 Generating Short Extensions:

Example 6: Generating short extensions
(30 seconds)

This is a 5-second input that was fed into the
model:

Input Melody 1: Input 1p>

The following are three sample extensions:
Extension 1: Extension 1p>

Extension 2: Extension 2>

Extension 3: Extension 3P

In the examples above, I generated a 25-second
extension to the input melody, resulting in a total
sequence length of 30 seconds.

In contrast to the monophonic model, the gener-
ated extensions for the model lacked a discernible
melody or coherent musical structure.

While the monophonic model maintained con-
sistency between its input and extensions, the
polyphonic extension could not retain any aspect
of the input melody. The polyphonic model could
not learn from the velocity and dynamics present
in the MIDI data. As a result, the generated music
remained chaotic and lacked fluidity.

7.2.2 Generating Long Extensions:

Example 7: Generating long extensions
(1.5 minutes)

This is a 5-second input:

Input Melody 1: Input 1

The following are three sample extensions:
Extension 1: Extension 1p>

Extension 2: Extension 2>

Extension 3: Extension3p>

In the examples above, I generated a one-
minute, 30-second extension. Similar to the short
extension scenario, the output was chaotic and
lacked structure, indicating that the model could
not capture the music’s inherent qualities.

7.2.3 Generating Fresh Composition

Example 4: Generating long extensions (2
minutes) without input prompt (the input
is a non-event [-2])

The following are a few sample 2-minute
compositions the model created:
Composition 1: Composition 1>
Composition 2: Composition 2>
Composition 3: Composition 3p>
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In the examples above, compositions were gen-
erated without any input melody. Like the pre-
vious scenarios, the outputs appeared chaotic and
lacked coherence, highlighting the model’s inabil-
ity to produce structured or musically meaningful
compositions.

Despite the changes made to the monophonic
model to accommodate polyphonic data, it seems
that they were insufficient for it to grasp the pat-
terns inherent to polyphonic music. The model
struggled to produce a consistent melody, rhythm,
or harmony, and the overall output did not reflect
the natural flow typically seen in real musical com-
positions. Further modifications will need to be
made to the model in later works to improve its
generation.

8 Conclusion

Overall, the project consisted of two parts. The
first part was focused on demonstrating whether
a RNN could understand patterns in monophonic
music and temporal relationships between notes.
The second part attempted to extend this to the
more complex field of polyphonic music.

The primary goal of the first part was to gener-
ate realistic musical extensions based on a given
input melody. A RNN model with 2 LSTM lay-
ers of 128 cells was used. The model aimed to
achieve this goal by predicting the following notes
in a sequence based on the previous notes and hid-
den states.

The evaluation demonstrated the model’s capa-
bility to learn patterns in monophonic music. The
generated extensions were fluid, maintaining the
melody and rhythmic structure, making the model
effective for generating musical continuations.

The project’s second phase focused on extend-
ing the monophonic RNN model to handle poly-
phonic music. I modified the training data and
model architecture to accommodate polyphonic
compositions. More aspects of the data were in-
cluded in the input. The model was modified to
include three LSTM layers with 576 cells to in-
crease its capacity to learn from this more complex
data.

Despite these modifications, the model strug-
gled with polyphonic music generation. Gener-
ated compositions lacked coherence, and the out-
puts were chaotic and lacked musical structure.

The results from my attempts at polyphonic

music generation suggest that while the modified
RNN model could handle the basic structure of
polyphony, it was not enough to generate musi-
cally meaningful compositions. Further refine-
ments, such as exploring attention mechanisms,
are needed for better polyphonic music generation.

8.1 Strengths:

Evaluation of the outputs process highlighted sev-
eral strengths of the approach:

1. Melodic Consistency in monophonic data:
The generated output was able to maintain
logical transitions, fluidity, and rhythmic co-
herence

2. Versatility: The model was able to handle
different use cases, such as generating short
extensions, generating long extensions and
generating entire compositions from scratch

8.2 Limitations

There are also some major limitations in the
model:

1. Unable to effectively handle polyphonic
data: The generated extensions to poly-
phonic data lacked any consistent melody or
fluidity.

2. Long-Term Structure: While monophonic-
generated music is locally consistent, it lacks
overarching structure. One issue might be the
lack of model complexity, as it cannot store
context for a large enough time interval.

8.3 Future work:

Several areas of improvement and exploration re-
main:

1. Interactive Tools: Develop user-friendly in-
terfaces with electronic keyboards so musi-
cians can interactively guide or influence the
generation process (Parvian, 2018) (Simson
etal., 2018).

2. Polyphonic Music: More work needs to be
done to improve the model to handle poly-
phonic music. (Gautam et al., 2019) (Kumar
and Ravindran, 2019)

3. Increase model complexity: The current
RNN implementation can be improved by in-
corporating attention mechanisms to capture



long-term dependencies. More state mod-
els, such as Variational Auto Encoders (VAE)
(Roberts et al., 2018) and Generative Adver-
sarial Networks (GAN) (Engel et al., 2019),
could also be investigated.
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