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Abstract—Music inpainting is the task of generating incomplete
parts of a musical piece. Many deep neural network-based
methods for music inpainting have been proposed; however,
inpainting music with limited training data, such as works by
deceased composers or from niche genres, remains a challenging
task. A previous study reported that InpaintNet demonstrated
relatively high performance in comparative evaluations of in-
painting models under small-data conditions. However, even this
model often produces unnatural results when trained on very
limited data. To address this issue, we propose an inpainting
method that integrates a generative adversarial network (GAN)
into InpaintNet. In the proposed method, the GAN discriminator
evaluates the entire musical piece by combining the inpainted
section with the preceding and following segments, thereby en-
couraging more musically consistent outputs. Experiments using
two different datasets demonstrated that the proposed method
improves the performance of InpaintNet.

I. INTRODUCTION

Music inpainting is the task of generating missing parts of
a musical piece. This technique has been applied to music
editing and the restoration of old scores. There are two main
types of music inpainting approaches. One approach uses
the symbolic representation of music [1]–[8], which encode
musical elements, such as notes, harmony, and rhythm, using
discrete symbols or numerical values. The musical instrument
digital interface (MIDI) is one of the well-known symbolic rep-
resentations. The other approach utilizes spectrograms derived
from audio signals [9]–[12]. Both symbolic and spectrogram-
based approaches have been studied in the context of mono-
phonic and polyphonic music. In this study, we focus on the
symbolic music inpainting for monophonic music.

Previous studies have proposed various deep neural network
(DNN)-based methods for music inpainting. For example, Had-
jeres et al. proposed a method that generates pitch sequences
conditioned on structural musical metadata, such as fermatas
and beat information, by combining a recurrent neural network
(RNN) with pseudo-Gibbs sampling [1]. Huang et al. also
proposed an inpainting method based on counterpoint, which
simultaneously combines multiple independent melodies [2].
In addition, Hadjeres et al. proposed an RNN-based method
that enables control over pitch and note duration in the
inpainted segment [3], which was difficult in the previous
method [1]. This method combines Constraint-RNN, which
processes pitch and note duration conditions, with Token-RNN,
which generates the inpainted segment.

Pati et al. proposed InpaintNet, which combines a variational
autoencoder (VAE) [13] with a gated recurrent unit (GRU) [14]
to inpaint a missing segment using representations obtained
from the input, such as MIDI, using the VAE [4]. InpaintNet
improved performance in terms of negative log-likelihood
by up to 55% compared to the previous method [3], while
achieving comparable results in the subjective evaluation. Chen
et al. also proposed a model called Music SketchNet [5], which
extracts latent representations of pitch and rhythm obtained
from MIDI data and uses them to inpaint missing segments.
This method improved the performance of generating pitch and
rhythm compared to InpaintNet.

Recently, Transformer-based models [15] have been intro-
duced. Chang et al. proposed a music inpainting method based
on XLNet [6], which enables inpainting of variable-length
segments. Furthermore, Guo et al. proposed a method that
generates inpainted segment conditioned on not only pitch, but
also note duration, pitch range per measure, and the number of
notes. As demonstrated in previous studies, various methods
have been proposed for music inpainting.

While increasing the number of parameters in neural net-
works can improves the performance of music inpainting, it
also requires more training data. In data-driven music inpaint-
ing methods, the input music to be inpainted should ideally
have a genre and style similar to those of the training data.
However, the availability of music data is often limited for
certain genres or styles, such as works by deceased com-
posers or pieces from niche genres. A previous study reported
that InpaintNet demonstrated relatively high performance in
comparative evaluations of inpainting models under small-data
conditions [16]. Nevertheless, even this model often produces
unnatural results, such as repetitive generation of the same
pitch, when trained on very limited data. To address this
issue, we propose an inpainting method that integrates a
generative adversarial network (GAN) into InpaintNet. In the
proposed method, the GAN discriminator evaluates the entire
musical piece by combining the inpainted section with the
preceding and following segments, thereby encouraging more
musically consistent outputs. We evaluate the effectiveness of
the proposed method by comparing it with the conventional
InpaintNet through experiments using two different datasets.

The remainder of this paper is organized as follows. In
Section II describes InpaintNet, the GAN framework, and the
proposed method. In Section III presents the experimental
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Fig. 1: InpaintNet

setup and results. Finally, in Section IV concludes the paper
and discusses future work.

II. METHODOLOGY

A. InpaintNet

In this study, music inpainting refers to the task of com-
pleting the missing segment of input music in which a certain
section is absent. In other words, the inpainting model gen-
erates the missing segment based on the musical information
from the sections preceding and following the missing part.

InpaintNet is composed of MeasureVAE, which reconstructs
symbolic music, and LatentRNN, which generates latent rep-
resentations of the inpainted segment. Fig. 1 shows the outline
of InpaintNet.

MeasureVAE consists of an encoder and a decoder. The
inputs of an encoder are symbolic music features obtained
from MIDI data, as shown in Fig. 2. Symbolic music features
are defined as discrete sequences per measure, in which each
measure is converted into the smallest time unit, referred to
as “ticks”. Each tick is a 130-dimensional one-hot vector:
128 for note pitches (e.g., F1, E4), one for continuation
(‘ ’), and one for rest (<s>). In this study, following the
previous study [4], we represent each measure using 24 ticks.
The encoder estimates the mean µ and variance σ2 from the
input data, and extracts latent representations Z by sampling a
Gaussian distribution defined by these parameters. The decoder
reconstructs the symbolic music features from the latent repre-
sentations using BeatRNN and TickRNN. BeatRNN generates
hidden states for each neat in a measure, while TickRNN
generates those for each tick within a beat. Eventually, we
input the TickRNN output into the fully connected layer, and
obtain the symbolic music features C′.

LatentRNN generates a latent representation of the inpainted
segment Zm, conditioned on the latent representations of
both the preceding and following melodies. First, we feed
the 130-dimensional one-hot vectors of the preceding and
following melodies, Cp and Cf , into the encoder to obtain
their latent representations, Zp and Zf . These are fed into
the Past-Context-RNN and Future-Context-RNN, and the final
hidden states hp and hf are extracted from them, respectively.

Fig. 2: Music information obtained from MIDI data

Fig. 3: GAN for music inpainting

Second, we feed the first hidden states h0 concatenated with hp

and hf into the generation RNN. This model autoregressively
generates the latent representations of the inpainted segment.
Finally, we feed these representations into a fully connected
layer, and obtain the latent representations Zm. In the training
procedure, MeasureVAE is first trained. Then, using the trained
MeasureVAE to update only the parameters of LatentRNN.

B. GAN

GAN is a framework in which a generator and a discrim-
inator are trained alternately. This approach enables natural
data generation by learning without assuming a predefined
distribution of the generated data. GANs have been widely
used in various tasks such as image generation and speech
synthesis, and have also been applied in previous studies on
music inpainting. For example, Andres et al. [9] incorporated
a GAN into a music inpainting model to capture musical
complexity and length of missing segments. Pirmin et al. [11]
introduced Wasserstein GAN to stablilize GAN training for
audio inpainting. The main difference between these previous
studies and the present work is that this study focuses on
scenarios with limited training data and demonstrates the
effectiveness of integrating a GAN into InpaintNet under such
conditions.

C. InpaintNet with GAN

In VAE-based generative models such as InpaintNet, the en-
coder samples latent variable Z from a probability distribution,
typically a normal distribution, and the decoder reconstructs
the data from the sampled latent variable. In general, VAE-
based models tend to produce average outputs that reflect the
overall distribution of the training data. Furthermore, since
InpaintNet generates features for the missing segment in an
autoregressive manner, it may produce unnatural results, such
as repetitive generation of the same pitch or outputs that
lack consistency with the preceding and following segments,
especially when the amount of training data is limited. In this
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study, we incorporate a GAN framework into InpaintNet to
suppress such unnatural outputs and generate more musically
consistent results.

Fig. 3 illustrates the training process of LatentRNN using
the GAN framework. Here, C′

m denotes the music sequence
generated by the InpaintNet decoder, while Cm represents
the ground truth sequence. In the proposed method, the GAN
discriminator is given a sequence that combines the inpainted
segment with the preceding and following musical segments
(either [Cp, C′

m, Cf ] or [Cp, Cm, Cf ]). This allows the
discriminator to evaluate not only the similarity between the
inpainted output and the ground truth, but also the consistency
of the output with the surrounding musical context.

V(D,G) = Ex∼Px [logD(x)]

+ Ex′∼Px′ [log(1−D([G(x′),x′]))]. (1)

Here, E denotes the expected value, and D and G repre-
sent the discriminator and generator, respectively. Let x =
[Cp,Cm,Cf ] denotes the ground truth music sequence, and
x′ = [Cp,Cf ] the sequence with the middle part missing.
Then, G(x′) = C′

m denotes the inpainted result. The generator
is trained to minimize Eq. (1), while the discriminator is trained
to maximize it, following a min-max optimization strategy.

III. EXPERIMENTS

A. Dataset

In this study, when training InpaintNet, we use relatively
large training data for MeasureVAE and limited data for
LatentRNN. Our preliminary experiments have confirmed that
by using a pretrained model for MeasureVAE, the output
results are stable even when the training data is small. For the
same reason, we used a pretrained model for MeasureVAE in
this experiment. In this study, we used two music datasets: the
Irish folk dataset and Johann Sebastian Bach (JSB) chorales
dataset.

The Irish folk dataset [17] contains 45,849 MIDI files of
Irish folk music, and is separated training, validation, and
testing subsets. In our experiments, we used 17,538 MIDI
files of monophonic music with more than 17 measures in
4/4 time for building MeasureVAE and LatentRNN. Note that
for the pretraining of MeasureVAE, 14,030 songs were used
as training data and 1,753 songs as validation data. For the
training of LatentRNN, 468 songs were used as training data,
175 as validation data, and 1,112 as test data. We refer to the
dataset used for training LatentRNN as the “small Irish folk
dataset” throughout this paper.

The JSB chorales dataset [18] contains 408 MIDI files of
the chorus score composed by Johann Sebastian Bach. These
scores are mixed choruses consisting of soprano, alto, tenor,
and bass parts, and each part is stored independently as a
separate track. In our experiments, we used 173 MIDI files
longer than 16 measures to build LatentRNN. Note that for
the training of LatentRNN, 46 songs were used as training
data, 17 as validation data, and 110 as test data.

B. Model
The model structure of InpaintNet is that the encoder

consists of an embedding layer, a two layer bidirectional gated
recurrent unit (BiGRU)-based EncoderRNN, and two fully
connected layers. The decoder consists of a two layer GRU-
based BeatRNN and TickRNN, and a fully connected layer.
The LatentRNN consists of a two layer BiGRU-based Past-
Context-RNN and Future-Context-RNN, a two layer GRU-
based GenerationRNN, and a fully connected layer.

For training MeasureVAE, 16 bar MIDI sequences were
used as input. The number of epochs to 100, the batch size to
64 and the learning rate to 0.0001, The loss function consisted
of cross-entropy loss and Kullback-Leibler (KL) divergence
loss. We use the Adam optimizer and the number of repeats
to 10. Note that the number of repeats indicates how much
learning data is extracted from each MIDI data. For example, if
the number of repeats is 10, 10 random segments are extracted
from each MIDI data and used as training samples for that
epoch. Each extracted sample consists of 16 measures, which
are divided into 6, 4 and 6 measures, respectively and used as
the preceding, middle, and following musical contexts denoted
as Cp, Cm, and Cf . Note that the tempo is set to 120 beat per
minute (BPM), and the time signature is 4/4.

For training LatentRNN, we ran the training both with and
without GAN. The number of epochs to 10, the number of
repeats to 1,000 and using cross-entropy loss as the loss func-
tion. The batch size, learning rate, and optimization method
were the same as those used in MeasureVAE trained.

For training discriminator, we ran the training using four
different methods that change the model structure and input
information. In this study, we used a CNN-based discriminator
composed of five convolutional layers, and a GRU-based
discriminator consisting of one bidirectional GRU (BiGRU)
layer and one fully connected layer. In the proposed method,
the discriminator takes the musical contexts Cp, Cf , and Cm

as input (DR: data representation). For comparison, we also
evaluated a setting where the latent variables Zp, Zf and Zm

were used instead (LV: latent variable). The proposed method
is denoted in the format Prop-DR-CNN, where the first element
indicates the proposed method, the second represents the input
information to the discriminator, and the third denotes the
architecture of the discriminator. None that the number of
epochs, batch size, learning rate, and optimization method were
the same as those used in LatentRNN. generative adversarial
loss is used as the loss function.

C. Metrics
Following the privious study[16], we used the six evaluation

metrics, each of which is described in detail bellow.
Position score (posF1

): This metric measures how well the
pitch onset position of the prediction aligns with that of the
ground truth, and is calculated as the harmonic mean posF1

of the Recall and Precision for the pitch onset position, as
defined in Eq. (2).

posF1
= 2 · Precision · Recall

Precision + Recall
(2)
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A higher posF1
indicates that the prediction of pitch onset

positions is more accurately.
Pitch accuracy (pAcc): This metric measures how well the
predicted pitches matches the ground truth, given that their
pitch onset position are aligned. pAcc is defined by Eq. (3).

pAcc =
|Ypos ∩Ypitch|

|Ypos|
(3)

Note that Ypos donates the set of ticks where the pitch onset
position of the prediction matches that of the ground truth,
and Ypitch donates the set of ticks where the predicted pitch
matches the ground truth. A higher pAcc indicates that the
prediction of pitches is more accurately.
Rhythm accuracy (rAcc): This metric measures how well
the predicted note duration matches the ground truth, given
that their pitch onset position are aligned. rAcc is defined by
Eq. (4).

rAcc =
|Ypos ∩Yduration|

|Ypos|
(4)

Yduration is the set of ticks where the note duration of
the prediction matches that of ground truth. A higher rAcc
indicates that the prediction of rhythm is more accurately.
Silence density divergence (Sdiv): This metric measures how
well the distribution of rests in the prediction aligns with that
in the ground truth. Sdiv is defined by Eq. (5).

Sdiv = JSdiv(ptrue,rest||ppred,rest) (5)

ppred,rest and ptrue,rest donate the distribution of rests in the
prediction and the ground truth, respectively. Also, JS repre-
sents Jensen-Shannon (JS) divergence. A lower Sdiv indicates
that the number of rests in the prediction more closely matches
that in the ground truth.
Pitch class divergence (Hdiv): This metric measures how well
the onset distribution of the 12 pitch classes (C, C#, · · · , A#,
B) in the entire prediction matches that in the entire ground
truth. First, the pitch class histogram entropy per measure over
the 12 pitch classes is defined as shown in Eq. (6).

Hm = −
11∑

i=0

ppchi log2(p
pch
i ) (6)

Second, the average of pitch difference between the inpainted
segment and the preceding and following segments is calcu-
lated as shown in Eq. (7).

H =
1

M1M2

M1∑

m1=0

M2∑

m2=0

|Ĥm1
−Hm2

| (7)

Finally, the similarity between the entropy distributions of the
entire prediction and the entire ground truth are evaluated as
shown in Eq. (8).

Hdiv = JSdiv(pHtrue
||pHpred

) (8)

M1 is the number of measures in the inpainted segment, and
M2 is the total number of measures in the preceding and
following segments. ppchi donates the probability of the i-th

pitch class. Ĥm and Hm represent the entropy of the pitch
class distribution of the m-th measure in the inpainted segment
and the surrounding segments, respectively. Also, H denotes
the average pitch class entropy per measure in the inpainted
segment and the surrounding segments. pHpred

and pHtrue

represent the distributions of the average difference in pitch
class entropy between the entire prediction and the ground
truth. A lower Hdiv indicates that the pitch class distribution
in the prediction more closely matches that of the ground truth.
Groove similarity divergence (GSdiv): This metric measures
how well the rhythm in the entire prediction matches that in
the entire ground truth. First, the average of grooving pattern
similarity [19] of the onset positions in the inpainted segment
and the surrounding segments is calculated as shown in Eq. (9)
and Eq. (10).

GS =
1

M1M2

M1∑

m1=0

M2∑

m2=0

GS(ĝm1 ,gm2) (9)

GS(ĝ,g) = 1− 1

T

T−1∑

t=0

XOR(ĝt,gt) (10)

After that, the similarity between the distributions of grooving
pattern similarity for the entire prediction and the entire ground
truth is evaluated as shown in Eq. (11).

GSdiv = JSdiv(pGStrue
||pGSpred

) (11)

T is the number of ticks per measure, ĝm and g are the
pitch sequences per measure in the prediction and ground
truth, respectively. XOR(ĝt,gt) denotes an XOR function
that returns zero if the presence or absence of pitch onsets
match at the t-th tick, and one otherwise. GS(ĝ,g) represents
how well the presence or absence of pitch onsets matches
between the inpainted segment and the surrounding segments.
Also, GS represents the average similarity of the pitch notes
per measure in the inpainted segment and the surrounding
segments, pGSpred

and pGStrue represent the distributions of
the average similarity of the pitch onsets in the prediction
and ground truth, respectively. A lower GSdiv indicates that
the rhythm in the prediction more closely matches that of the
ground truth.

D. Quantitative evaluation result

The quantitative evaluation results on the JSB chorales
dataset and the small Irish folk dataset are shown in Table I and
Table II, respectively. In Table I, Prop-DR-CNN outperformed
the Baseline across all results. In particular, the 2.5-point
improvement in pAcc indicates that the proposed method is
able to generate pitch sequences more accurately.

Furthermore, the fact that GSdiv improves by approximately
2.5 times compared to the baseline model suggests that the
proposed method performs inpainting with grooving patterns
more similar to those of the surrounding segments. This can
be attributed to the fact that the proposed method inputs the
combined musical features of the inpainted segment and its
surrounding segments into the GAN discriminator. As a result,
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TABLE I: Quantitative evaluation result (JSB chorales)

Methods posF1
↑ pAcc↑ rAcc↑ Sdiv↓ Hdiv↓ GSdiv↓

Baseline 82.9 22.7 69.6 0.079 0.222 0.057
Prop-DR-CNN 83.4 25.2 69.8 0.076 0.203 0.022
Prop-DR-GRU 81.6 23.4 67.3 0.071 0.262 0.052
Prop-LV-CNN 79.5 26.7 65.5 0.077 0.274 0.034
Prop-LV-GRU 81.8 10.4 66.7 0.082 0.154 0.056

TABLE II: Quantitative evaluation result (small Irish folk)

Methods posF1
↑ pAcc↑ rAcc↑ Sdiv↓ Hdiv↓ GSdiv↓

Baseline 89.3 44.8 83.1 0.022 0.079 0.015
Prop-DR-CNN 89.7 45.5 84.0 0.029 0.083 0.014
Prop-DR-GRU 89.5 44.5 83.7 0.023 0.078 0.016
Prop-LV-CNN 89.4 45.4 83.6 0.019 0.073 0.014
Prop-LV-GRU 80.4 12.5 66.9 0.056 0.401 0.034

the model is trained to consider the consistency between the
inpainted segment and the preceding and following segments.

On the other hand, the effectiveness of Prop-LV-CNN and
Prop-LV-GRU was limited. In these methods, the latent vari-
able Z is used as input to the GAN discriminator. However,
since Z represents the feature sequence before the decoder
upsamples it from one measure to 24 ticks, its sequence length
is only 1/24 that of the musical information sequence C. As a
result, the GAN may not have functioned effectively due to the
lack of sufficient sequential information. In table II, however,
Prop-LV-CNN outperformed the Baseline across all metrics. In
the case of the small Irish folk dataset, the amount of training
data was approximately 10 times larger than that of the JSB
chorales dataset. It is therefore considered that the model was
sufficiently trained to distinguish between real and generated
data based on the latent variables, leading to improved output
from the generator.

E. Qualitative evaluation result

Fig. 4 shows the examples of piano rolls generated from the
ground truth and predicted pitch sequences on the JSB chorales
dataset. The blue-highlighted regions indicate the inpainted
segments. The colormap below each piano roll represents pitch
values, where darker colors correspond to lower pitches and
brighter colors to higher pitches. As shown in the area enclosed
by the red ellipse in Fig. 4a, the preceding, following, and
inpainted segments all contain melodic lines in which the pitch
gradually descends. In Fig. 4b, the segment inpainted by the
baseline model fails to reproduce this descending melodic line.
In contrast, as shown in Fig. 4c, the segment inpainted by
the proposed method successfully reproduces the descending
melodic line, suggesting that the proposed method achieves
more accurate and musically consistent inpainting with respect
to the surrounding segments.

Focusing on the pitch color map of the following segment
(measures 11 to 16) in Fig. 4, we observe a tendency in
which the pitch occurrence frequency is low in the early
part and increases toward the latter part. In the inpainted
segments (measures 7 to 10) shown in Fig. 4b and Fig. 4c,

(a) Ground truth

(b) Baseline

(c) Prop-DR-CNN

Fig. 4: Examples of piano rolls generated from the ground
truth and predicted pitch sequences on the JSB chorales

dataset

the result generated by the baseline model exhibits a generally
low pitch occurrence frequency, showing no clear resemblance
to the following segment. In contrast, the result produced by
the proposed method displays a similar trend to that of the
following segment. This suggests that the grooving pattern of
the inpainted segment generated by the proposed method is
similar to that of the following segment, which supports the
low GSdiv value reported in Table I.

Based on the above discussion, incorporating the GAN
framework into the training of LatentRNN in InpaintNet
appears to enable the generation of musically consistent se-
quences with pitch patterns similar to those of the preceding
and following segments.

IV. CONCLUSIONS

In this study, we proposed a novel method that introduces
GAN to the previous method InpaintNet. In training the Laten-
tRNN with limited data, we compared the outputs obtained by
changing the input information and using two discriminators
with different architectures to those of the Baseline. As a
result, it became clear that by performing adversarial learning
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during LatentRNN training, it becomes possible to perform
completion that considers the pitch onset position and pitch
type in the surrounding segment. In future work, we aim to
further improve performance with limited training data.
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