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Abstract
We compare the effect of multiple input representations on polyphonic piano music
transcription based on neural networks. A state-of-the-art piano transcription neural
network model, onsets and frames, is explored. We first provide detailed backgrounds
of the piano transcription and input representations for the readers who are unfamiliar with this area. For comparing their effects, we consider four spectrograms; Melspectrogram, Linear-spectrogram, Log-spectrogram and constant-Q-transform with various hyper parameters. The effects of frequency bins, Short Time Fourier Transformation (STFT) window size and hop length on the four spectrograms are also examined.
Our results show that Mel-spectrogram of 2,048 STFT window size, 512 frequency bins
and 256 hop length yields the highest accuracy. We show that Mel-spectrogram is one
of the most satisfactory input representations in general. Mel-spectrogram dominates
other spectrograms and keeps a relatively high transcription accuracy even at the low
resolutions in our experiments.
Keywords: Audio input representation, automatic music transcription, neural network,
spectrogram.

1. Introduction
Music information retrieval (MIR) is a field of retrieving information from music, and
growing area with many real-world applications. Automatic music transcription (AMT) is
a sub area of MIR. It aims at converting audio signal into a symbolic notation such as
musical score or musical instrument digital interface (MIDI). The transcription of music
is a challenging task even for human because it includes multi-pitch estimation (MPE)
and detection of onsets and offsets. In recent years, neural network (NN) models such as
convolutional neural network (Thickstun et al., 2017) and recurrent neural network (Böock
and Schedl, 2012) have been developed to tackle this task.
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Kelz et al. (2016), Sigtia et al. (2016), and Hawthorne et al. (2018) focus on polyphonic
piano transcription. Hawthorne et al. (2018) build a multi-task model which achieves remarkable performance on piano music transcription. AMT often uses diverse spectrograms as an
input representation. Hawthorne et al. (2018) use Mel-spectrogram and Sigtia et al. (2016)
adopt constant-Q-transform (CQT). They apply single input representation. In contrast,
Kelz et al. (2016) analyze the effect of multiple input representations. Kelz et al. (2016)
compare Log-spectrogram, Linear-spectrogram and CQT, but not the Mel-spectrograms.
Various window sizes and frequency bins have not been examined, either.
Cheuk et al. (2020) provide the most comprehensive effect of input representations. First,
four popular representations, including Mel-spectrogram, are compared. Second, they offer
the effect of the number of bins and the size of window. Finally, effect of input audio length
is examined. However, their experiment is based on a simple neural network model that is
compose of one linearly fully connected layer with 128 neurons. And they consider only one
hop length. Finally, their work is confined to studying multi-instrument transcription only.
There are some distinction of this paper. First, we investigate the polyphonic piano transcription. Second, we provides comprehensive analysis of the effect that input representation
has on polyphonic piano transcription, including spectrograms, resolutions, window sizes and
hop lengths. Then, we apply complex neural network models to calculate transcription accuracy. Because neural network models are often used for solving regression type problem
(Jeong and Lee, 2019; Shim et al., 2019), we believe this paper enriches the area of modeling
musical data.
Following is the outline of this paper. Section 2 introduces background of AMT that is
focused on piano music transcription. In Section 3, we provide background of audio input
representation. Section 4 illustrates detailed setup for comparison. Then, we analyze a real
data set in Section 5.

2. Background of piano music transcription
Onset and offset:

Figure 2.1 Onset and offset of a determinate note (Galin, 2017)
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First, we provide definition of onset and offset. Figure 2.1 shows that the onset and offset
denote the starts and ends of a note, respectively. More specifically, onset is the beginning
of a musical note. In case of piano, it is the moment of hitting a string by a hammer. Onset
is often referred to as a note. The peak is located after increment of the signal’s energy. The
note is maintained by a resonance then decay. Finally, the note is ended in the rightmost
part in Figure 2.1, which is called offset. We measure both the accuracy of a note and the
accuracy of a note with offset.

Figure 2.2 A generic piano transcription model (Jaedicke, 2019)

Figure 2.2 depicts a generic AMT method for frame-wise piano music transcription model.
x(t) is an input array at frame level t and ŷ (t) is an output generated from a model fL . First
step is to transfer audio signal into spectrogram and slice it into x(t) . Second step is to
generate output ŷ (t) through the transcription model fL . fL consists of multiple layers that
x(t) should pass through. The final layer of the model fL has an activation function. Sigmoid
function (1/(1 + exp(−x)) is typically used for an activation function to produce an output
ŷ (t) which lies between 0 and 1.
If ŷ (t) ≥ 0.5, then a predicted value ȳ (t) is 1, otherwise 0. When ȳ (t) is 1, it implies
the corresponding piano key is activated. When it is 0, the piano key is not pushed or
deactivated. Therefore, the collection of predicted values (whose size is 1 × 88 with a normal
piano consisted of 88 keys) expresses what piano keys are activated among the 88 piano keys
at the frame.
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3. Background of audio input representations
3.1. Spectrograms

Figure 3.1 Four popular spectrograms of the ‘MAPS MUS-chpn-p4 AkPnBsdf.flac’, generated by
nnAudio

The most popular input representations are Mel-spectrogram (MelSpec), Linear-spectrogram
(LinSpec), Log-spectrogram (LogSpec) and constant-Q-transform (CQT). To generate these
input representations, we use a python library nnAudio (Cheuk and Agres, 2019). It easily allows one to change hyper parameters for generating spectrograms. Figure 3.1 shows
examples of the four spectrograms used in our experiments in Section 5.
3.2. Resolution
Resolution, also known as a frequency bin, measures the resolution of a spectrogram.
Figure 3.2 shows that a smaller number of bins has lower resolution. In this paper, we
compare five frequency bins starting from 128 (= 27 ) to 2,048 (= 211 ) in equal distance in
terms of log with base two. But, this setting cannot be applied to CQT. When we calculate
CQT, resolution is changed by tuning the number of bins per octave. For example, when 12
bins per octave are used, the resolution is 88 (from A0 to C8 as the range for a piano). When
the number of bins per octave is 36 (12×3), then the total number of bins is 264 (88×3).
Thus, we use the number of bins per octave from 12 to 276 whose corresponding resolution is
from 88 to 2,024. It provides a similar boundary when compared to other three spectrograms.
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Figure 3.2 MelSpecs of the ‘MAPS MUS-chpn-p4 AkPnBsdf.flac’ with varying bin size of (32, 128, 256,
and 512)

While we compare these various resolutions, we fix window size and hop length at 4,096 and
512, respectively in our experiments.
3.3. STFT window size

Figure 3.3 LogSpecs of ‘MAPS MUS-chpn-p4 AkPnBsdf.flac’ with varying the STFT window size of
(512, 1024, 2048, and 4096) with maximum bins

The short time Fourier transformation (STFT) window size is the number of samples that
used to generate one frame of spectrogram through STFT. Figure 3.3 shows the LogSpec
of varying length of the (STFT) window size. When sample rate (or samples per second) is
16,000 and window size is 4,096, one frame contains the information of 0.256 (4,096/16,000)
seconds. So, a wider window size guarantees a higher frequency bins of the spectrogram.
The maximum frequency bins is a half of the STFT window size. For example, when one
use 4,096 window size, a maximum 2,048 bins of the spectrogram can be generated. For the
continuity, there is an overlapped samples between sequential frames. Hop length defines how
many seconds is to be overlapped. For example, when one use 4,096 window size and 512
hop length, overlapped samples are 3,584 (= 4,096 - 512). Figure 3.4 describes the process
of transferring an audio signal into a spectrogram utilizing the STFT window size and hop
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Figure 3.4 An example of sound waves (top) and visual illustration of the two hyper parameters; STFT
window size and hop length (bottom)

length.
In this paper, we compare five window sizes, power of 2 starting from 256 to 4,096 with
varying spectrogram resolutions, power of 2 starting from 128 to its maximum. We also
analyze the effect of STFT window size with varying resolutions on MelSpec, LinSpec and
LogSpec excluding CQT because it cannot be tuned by the window size.
We examine the effect of three hop length; 128, 256 and 512. But, the hop length is fixed at
512 when we varying the resolution and STFT window size. The resolution is held constant
at 528 for CQT and 512 for the other three spectrograms. The STFT window size is fixed
at 2,048 when varying the others.

4. Onsets and frames model
We provide an brief overview of convolutional neural network (Lecun, 1989) and recurrent
neural network (Rumelhart et al., 1989) in Section 4.1 for better understanding of onsets
and frames model explained in Section 4.2.
4.1. Overview of neural networks
Convolutional neural network (CNN)’s key mathematical operation, called convolution,
is denoted as asterisk in (4.1). Let X be the input, W be the kernel (or weight), and f (t)
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Figure 4.1 Illustration of a typical 2-D convolution. The output is computed by the kernel and equally
sized subset of an input (Goodfellow et al., 2016).

Figure 4.2 A recurrent network with no outputs. (Left) Circuit diagram. (Right) The same network seen
as an unfolded computational graph, where each node is now associated with one particular time instance
(Goodfellow et al., 2016).

be the output. f (t) is also called a feature map at index t. W can be either a vector or a
matrix.
f (t) = (X ∗ W )(t).

(4.1)

(4.1) describes the convolution operation in 2-D when W is a matrix (2-dimension) as
shown in Figure 4.1. Then we can easily apply CNN to AMT because the spectrogram can
be handled within a frame of a 2-dimensional image. Fully connected (FC) layers in neural
network indicate that all the inputs from one layer are connected to every activation unit
of the next layer. The final layers of a CNN are fully connected because they operate as a
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classifier.
Recurrent neural network (RNN) illustrated in Figure 4.2 is designed for analyzing sequential data. ht = f (ht−1 , xt ) is generally used in RNN. New state ht is the output of function f
whose inputs are old state ht−1 and current input xt . ht can be affected by the whole input
sequence x(1) , · · · , x(t) because old state ht−1 is the output influenced by x(1) , · · · , x(t−1) .
Bidirectional RNN (Schuster and Paliwal, 1997) considers not only previous signals, but
also the next ones. Figure 4.3 depicts how the bidirectional RNN works. At time t, the
output is influenced by forward and backward states. One can use Bidirectional RNN for
music transcription because a note often depends on both directions.

Figure 4.3 General structure of the bidirectional recurrent neural network from time t − 1 to t + 1
(Schuster and Paliwal, 1997)

4.2. Onsets and frames model
Onsets and frames (Hawthorne et al., 2018) is a state-of-the-art model for piano music
transcription using neural network. It consists of three stacks of CNN, bidirectional long
short-term memory (BiLSTM) and fully connected layers to respectively predict onsets,
offsets and frames. Figure 4.4 shows this structure as a diagram. Note that BiLSTM is a
type of bidirectional RNN whose architecture is given in Figure 4.3. The LSTM (Hochreiter
and Schmidhuber, 2018) is a RNN architecture that is well-designed for addressing vanishing
and exploding gradient problems. It is one of the most commonly used recurrent architecture
these days. FC layers are the multi-layer perceptrons that can handle the shape of an output.
In our case, the shape of output is 1 × 88 as explained in Figure 2.2.

5. Application to real data
5.1. MAPS dataset
We use the MAPS dataset (Emiya et al., 2010) which contains audios and its corresponding
annotations of 270 pieces of piano music. 210 pieces are synthesized by software and other 60
pieces are recorded from a Yamaha Disklavier piano by human. As recommended in Sigtia et
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Figure 4.4 Onsets and frames model without velocity estimation

al. (2016), we use synthesized pieces as a training data and played on the Disklavier as a test
data. Similar to many other piano music transcription studies (Kelz et al., 2016, Sigtia et
al., 2016, Hawthorne et al., 2018, and Ycart et al., 2020), we use only MAPS dataset for our
experiment. Because making musical annotations of onsets, offsets and pitches is formidable
work, there is not much piano music dataset for neural network. In practice, MAPS datset is
the only available piano music dataset to the best of our knowledge. mir eval python library
(Raffel et al., 2014) is used for the implementation. The onsets and frames model is trained
for 30 epochs in 4 batch size on one P100 GPU. Adam optimizer with learning late 10−6 ,
decay rate 0.9 and a gradient clipping L2-norm of 3 is used.
Figure 5.1 shows a procedure of AMT using MAPS dataset. The audio format of MAPS
dataset is free lossless audio codec (flac) and the label format is tsv. tsv file is similar to
txt file, which contains numerical information of onsets, offsets and pitches. We transfer
MAPS dataset to spectrograms and arrays to use respectively as inputs and labels for NN
model. MAPS audio file has 16,000 sample rate, it means one second is expressed by 16,000
samples. Then, a frame made by 512 hop length contains 0.032 (512/16,000) seconds. In
other words, an array (1,000×88) denotes piano music score of 32 seconds (1,000×0.032).
Onsets and frames model generates the output that has the same shape of label. Then, it
calculates binary cross entropy and update the weights of the model.
We calculate F1-score of a note level and that of a note with offset level. Note level
detection searches for the very beginning of a note (or onset) whereas a note with offset
level considers both the onset and offset.
To measure the accuracy of a model, the number of true positives, false positives, and false
negatives for the event at time t are employed. These are notated as T P [t], F P [t], F N [t],
PT
respectively. Then F1-score is calculated as 2(P ·R)/(P +R), where P = t=1 T P [t]/(T P [t]+
PT
F P [t]) and R = t=1 T P [t]/(T P [t]+F N [t]). We calculate the average of the F1-scores from
the test data. To maintain a fair comparison, we use default tolerance of the mir eval which
use ±50ms for onset and ±50ms or 20% of note duration (greater one is used) for offset.
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Figure 5.1 The procedure of AMT using MAPS dataset and onsets and frames model. Binary cross
entropy is used as a loss function because a value of label is either 0 (deactivated) or 1 (activated).

Figure 5.2 provides graphical illustration on the operation of the tolerance in mir eval.

Figure 5.2 Tolerance of mir eval
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5.2. Results of the real data analysis
Figure 5.3 shows F1-scores for note and note with offset at various number of bins using
the four spectrograms. We observe that as the number of frequency bins increases the transcription accuracy also increases to a certain extent, and then begins to decrease. In case of
LogSpec, LinSpec and CQT, the note F1-score increases until 1,024 bins, then drops slightly
at 2,048. The performance of MelSpec peaks at 512 bins on both the note and the note with
offset level. The detailed numerical summary is given in Table 5.1.

Figure 5.3 F1-scores for the note (left) and the note with offset (right) at various number of bins using
the four spectrograms. F1-scores of MelSpec (red line) are higher than the others in general.

Table 5.1 F1-scores of the four spectrograms at various hop length when the STFT window size and hop
length are fixed at 4,096 and 512, respectively
Setting
F1-score
Spectrogram
Window Size
Bins
Hop Length
Note
Note&Offset
MelSpec (Hawthorne)
2,048
229
512
.823
.502
4,096
128
512
.754
.494
MelSpec
4,096
256
512
.767
.493
4,096
512
512
.821
.521
4,096
1,024
512
.804
.485
4,096
2,048
512
.802
.494
4,096
128
512
.705
.395
LogSpec
4,096
256
512
.750
.444
4,096
512
512
.767
.464
4,096
1,024
512
.811
.485
4,096
2,048
512
.780
.476
4,096
128
512
.560
.297
LinSpec
4,096
256
512
.711
.407
4,096
512
512
.768
.459
4,096
1,024
512
.800
.471
4,096
2,048
512
.798
.482
NA
88
512
.706
.414
CQT
NA
264
512
.772
.490
NA
528
512
.789
.494
NA
1,056
512
.796
.492
NA
2,024
512
.767
.456
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Table 5.2 F1-scores under various hyper parameters. The window size is fixed at 2,048.
setting
F1-score
Spectrogram
Window Size
Bins
Hop Length
Note
Note&Offset
MelSpec (Hawthorne)
2,048
229
512
.823
.502
2,048
512
128
.786
.465
MelSpec
2,048
512
256
.831
.541
2,048
512
512
.818
.540
2,048
512
128
.754
.419
LogSpec
2,048
512
256
.804
.518
2,048
512
512
.794
.506
2,048
512
128
.772
.427
LinSpec
2,048
512
256
.798
.506
2,048
512
512
.801
.503
NA
528
128
.760
.440
CQT
NA
528
256
.793
.495
NA
528
512
.789
.494

As one may guess, low resolutions such as 128 and 256 bins lead to poor F1-scores in Table
5.1. Especially the performance of LinSpec is very poor at 128. The accuracy is dropped
down to 56.0%. Therefore, it is not recommended to apply LinSpec for those who plan to
use spectrogram of low resolution.
The highest F1-score is produced by MelSpec of 512 bins as shown in Table 5.1. Its F1scores of a note and a note with offset are .821 and .521. These results are better than
those from other spectrograms, LogSpec (.811 and .485), LinSpec (.800 and .482) and CQT
(.796 and .494). MelSpec dominates others almost at all sizes of bins. Moreover, it maintains
high accuracy even when the resolution is low. MelSpec shows relatively robust performance
when varying the degree of resolution.
Figure 5.4 shows the effect of varying STFT window size on each spectrogram. The first
row shows the results of MelSpec, the second and the third rows are respectively those of
LogSpec and LinSpec.
Similar to the results of resolution, widest window size does not guarantee best performance. This implies that a frame with wide window size contains too much information for
producing single frame. That is, large window size for predicting a note of just 0.032 seconds
may contain some unnecessary information. 4,096 is the widest STFT window size in our
study but it does not produce satisfactory F1-score. Its F1-score of note with offset is very
low at almost all number of bins as drawn by the red line in Figure 5.4. Especially, wide
STFT window size is not appropriate for LinSpec because its F1-score is even lower than
those from the window size of 256 and 512.
Overall, good performance is observed from 2,048 STFT window size (green line) for all
spectrograms. For MelSpec, 4,096 STFT window size is slightly better than 2,048 in case of
the F1-score of note. Except that one point, however, 2,048 STFT window size dominates
all other window sizes for all number of bins. This pattern is similarly observed for the other
two spectrograms.
Figure 5.5 shows F1-scores using 2,048 STFT window size only. MelSpec of 2,048 window size and 512 bins generates significantly higher F1-score of the note with offset when
compared to the other spectrograms.
Now, we compare the effect of hop length. First, we choose 2,048 window size and 512
bins because this setting seems yield good performance as previously described.
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Figure 5.4 F1-scores from the spectrograms at various sizes of window and frequencies of bins. The first
row shows the results of MelSpec, the second and the third rows are respectively those of LogSpec and
LinSpec. Note that F1-score is shown in the first column, and the next column is F1-score from the note
with offset. The STFT window size of 2,048 (green line) yields good F1-score overall.

Figure 5.6 describes the effect of varying hop length. We attempt three sizes of hop length;
128, 256 and 512. All spectrograms show better results when 256 hop length is used rather
than 128. But, the F1-scores drop when we use 512 hop length, except for the case of LinSpec
of 512 hop length. Again, Mel spectrogram shows the best performance. The highest F1-
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Figure 5.5 F1-score of a note (left) and a note with offset (right) with 2,048 window size on three
spectrograms. MelSpec yields outstanding performance compared to the others.

Figure 5.6 F1-scores of a note (left) and a note with offset (right) at various hop length

scores, .831 and .541, are obtained by MelSpec of 256 hop length as given in Table 5.2. These
are the best results we could achieve in our experiments. It is noteworthy that we improve
the note F1-score by 1.0% (from 82.3% to 83.1%) and note with offset F1-score by 7.8%
(from 50.2% to 54.1%) when compared to the results of Hawthorne et al. (2018).

6. Concluding remarks
This study analyzes the effect of input representations on the accuracy of polyphonic piano
music transcription. We compare the effect of various frequency bins, STFT window sizes
and hop lengths on the onsets and frames model for piano music transcription.
The performance of MelSpec dominates the others under the settings we considered. Therefore, we recommend to use MelSpec when one plans to do polyphonic piano music transcription. In addition, LinSpec is not recommended when low resolution has to be utilized.
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