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ABSTRACT

Within the music industry it is very common to use either pedals or
Virtual Studio Technology plugins to apply audio effects, however,
it can be time consuming depending on the effect. This could be
solved using machine learning, where existing research points to
using Deep Neural Networks (DNN). In this paper we explored
the field of DNNs for audio effects, as a means to apply timbre
transfer, by creating our own variational autoencoders (VAE) and
autoencoder. As a proof of concept, we specifically focused on
equalization. The subjective quality was tested using MUSHRA
and an A/B test, whose results showed that the generated tracks
performed poorly, which indicates the models were sub-optimal.
For further improvements more in-depth research is advised, while
we also provide suggestions if one chooses to use VAEs for timbre
transfer.

1. INTRODUCTION

Machine learning (ML) has become prominent in many fields,
where the boundaries of what can be achieved with it are con-
stantly being tested, and the music industry is no exception. A
common practice within this industry is applying effects using ei-
ther analog devices, such as a pedal, or digital software such as a
Virtual Studio Technology plugin (VST) used within a digital au-
dio work station (DAW). Both allow the performer to manipulate
the timbre/tone in real time, whereas the latter is also commonly
used in post production. This enables the producer to apply any
effect, such as double tracking, where multiple recordings of the
same melodic phrase is layered on top of each other. However,
applying this effect poses two prominent problems, being either
too time consuming, or the end product sounding too artificial. A
solution to this, is applying ML to the process of creating music.

Chien-Yu Lu et. al. describes decomposing music into content
and style [1]. The former referring to the structure imposed by a
composer, e.g., the pitch, and the latter referring to the interpreta-
tion of the composer e.g., timbre [1]. Timbre is the attribute that
gives the unique characteristics to instruments, enabling humans to
distinguish between two instruments playing the same note. With
this in mind, they trained a deep neural network (DNN) to transfer
one instruments’ style, onto another e.g., generating a piano with

the timbre of a guitar. This proved successful, showing that gener-
ative DNNs are a means to achieve style transfer. In this paper, we
will use our own definition of said style, referring to it as timbre
transfer.

With this paper, we aim to explore the notion of timbre transfer
using DNNs to make the process of applying effects faster, solv-
ing the said problems that come with audio effects. As a proof of
concept, we chose an equalizer (EQ) effect, since it does not al-
ter the phase domain. For this, we implemented three models, two
variational autoencoders (VAE) trained with 20 and 200 epochs re-
spectively, and a linear autoencoder with 200 epochs. Each model
was trained on five seconds long audio tracks represented as mag-
nitude spectrograms and the output spectrogram was split further
using Musical Source Separation (MSS) to remove the generated
noise. For more information about MSS, see Worksheet [Section
1.7.5]. The goal was to compare the three models against each
other and evaluate their performance with human perception as a
metric of success. To measure it, the MUltiple Stimuli with Hidden
Reference and Anchor (MUSHRA) and A/B tests were conducted
on 26 participants.

2. RELATED WORK

DNN is a term used for describing multiple machine learning meth-
ods, either being supervised, unsupervised or learned. Matthia Pat-
terna investigated the possibility of timbre transfer between two
wind instruments using unsupervised convolutional autoencoder
(CAE), using a logarithmic spectrogram as input [2]. The task was
split up into two smaller parts, being reconstruction and transfor-
mation. The former refers to the model’s ability to recreate the
input and the latter refers to model’s ability to transfer a separate
instruments’ timbre onto another. He investigated multiple vari-
ations of CAEs, using the Adam optimizer in each, to conclude
which model would be most sufficient. The results showed that a
single hidden layer CAE is the best for reconstruction, and a CAE
with dilation and residual connections is the best for transforma-
tion [2].

Similarly, Giovanni Pepe et al. also investigated DNNs, using
two different models and one shallow neural network, as a means
to shape the timbre, using impulse responses as input, as opposed
to logarithmic spectrograms. This would produce finite impulse
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response filter coefficients used in a digital EQ filter, which would
be iteratively optimized to minimize a loss function, which would
compare the euclidean distance between the desired curve and the
output curve. The models of interest were a convolutional neural
network (CNN), a CAE and a Multilayer Perceptron (MLP). The
results showed the CNN model performed the best [3].

Lastly, Jesse Engel et al. created a DNN called GanSynth,
which is a network based on generative adversarial networks (GAN)
and has been trained on the NSynth dataset [4], which consists of
1000 different instruments with 3000 music notes per instrument.
This was then pre-processed using a Short Time Fourier Transform
(STFT) to yield a spectrogram, which was further processed into
a logarithmic spectrogram, similarly to Matthia Patterna [2]. For
more information about STFT, see Worksheet [Section 1.7.2]. The
output is a combination of two different instruments, producing
a new timbre, showing that it is possible to use ML as a tool for
musicians [5].

3. METHODS

Based on Section 2, it is evident that using DNNs for timbre trans-
fer is a possibility, however, the majority used either CNN’s or
GANs. For this reason we sought out to test, whether it is possible
to achieve the same or better results using a different DNN model,
namely VAE. Thus we created three models, two VAEs and one
linear autoencoder.

3.1. Models

The three models were created with Python [6], using the Tensor-
Flow library for machine learning [7]. The two VAEs share the
same architecture, which can be seen in Figure 1, using 512 latent
dimensions, with a 4D tensor (None, 513, 216, 1) as an input, but
differ in amount of epochs, using 20 and 200. The linear model
consists of two layers, making it a shallow neural network (SNN),
which sizes are 1024 and 110.808, and takes a flattened version
of said 4D tensor as a 2D tensor input (None, 513 ∗ 216 ∗ 1 =
110.808).

The pipeline for the models can be seen in Figure 2, showing
the three stages in the workflow which are essential for each model
to work.

The pre-processing stage ensures that all data is identical and
can be divided into multiple steps, which can be seen in Figure 2 in
Pre-processing. First, all the training audio is sliced into an iden-
tical number of samples, creating 992 five second audio files. The
audio files were then processed with the Efektor GQ3607 Graphic
Equalizer [8] VST, the parameters can be seen in Worksheet [Sec-
tion 2.1]. These are then passed into a STFT, which yields a power
spectrogram. From this, the magnitude and phase are split into
their own separate spectrograms. The former is used as an input to
the model, as seen in Figure 2 in Processing, and the latter is used
in post-processing.

Once the model is finished, a power spectrogram is created
as a product of the magnitude and phase, as seen in Figure 2 in
processing.

This is then decomposed using MSS, which separates the har-
monic and percussive components into their own respective spec-
trogram, as mentioned in Section 2, where the former is recovered
into an audio signal using inverse STFT (ISTFT), and the latter is
unused. This is then the final output of the model.

Figure 1: The architecture used for the VAE20 and VAE200.

3.2. Experimental setup

The output-audio of the three models’ perceptual quality was eval-
uated using the MUSHRA listening test in conjunction with the
A/B test, which are explained in more detail in Worksheet [Section
3.1]. The test was conducted in a “quiet room” using a Lenovo
IdeaPad L340-15IRH laptop running the webMUSHRA [9] and
Sony WH-1000MX3 headphones. Two test conductors were present
in the room during the test, to troubleshoot any possible techni-
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Figure 2: A system overview showing the three distinct stages of the pipeline.

cal difficulties, and note any other anomalies, as suggested by the
MUSHRA specifications [10].

3.3. Procedure

The participants were inquired to fill out a General Data Protec-
tion Regulation consent form. Once signed, the test conductor
would explain the outline of the experiment and start the test. Both
the MUSHRA and the A/B test had instructions within the web-
MUSHRA, and if the participant had any questions regarding the
test, they could ask the test conductor for clarification.

3.4. Participants

The test was carried out on 26 participants (7 female, 18 male and
1 other) from Aalborg University, with an average age of 23.56±
0.1 years. Based on the MUSHRA requirements [9], see Work-
sheet [Section 3.1.1], the participants were assessed based on their
ratings of the mid-range anchor, which resulted in none of the par-
ticipants being excluded. However, due to technical issues, one
of the MUSHRA results was lost, therefore, the MUSHRA results
are presented for 25 participants, while the A/B test has all 26.

4. RESULTS

The MUSHRA was tested for normality using the Shapiro-Wilk
normality test, which proved the data was not normally distributed
(W = 0.83163, p-value < 2.2e − 16), therefore, a non-parametric
significance test was chosen, namely Kruskal-Wallis. The test
yielded significant differences between the groups (Chi square =
1131.7, p-value < 2.2e − 16, df = 5), which was further inves-
tigated using the Pairwise Wilcoxon rank-sum test, whose results
can be seen in Table 1.

anchor35 anchor70 linear reference vae20
anchor70 0.0670 - - - -
linear <2e-16 <2e-16 - - -
reference 0.0995 0.7896 <2e-16 - -
vae20 <2e-16 <2e-16 5.3e-16 <2e-16 -
vae200 <2e-16 <2e-16 0.0043 <2e-16 3.2e-08

Table 1: Table of significance between models from the MUSHRA.

The findings from MUSHRA can be seen in Figure 3, show-
ing the interquartile ranges (IQR) of each model’s rating. For ad-
ditional information see Table 2.

The A/B was tested for normality also using the Shapiro-Wilk
normality test, which also proved to be non-parametric (W=0.80846,
p-value<2.2e − 16). To test for significance, Kruskal-Wallis was

Figure 3: Boxplot of scores per song.

anchor35 anchor70 reference linear vae20 vae200
IQR 11,5 7,75 7,25 25 19,75 23
Mean 93,14 93,52 94,74 33,88 18,95 28,5
Median 100 100 100 30 16 25

Table 2: The IQR of each model from the MUSHRA.

used, yielding non-significant results (Chi square = 0.85022, p-
value < 0.6537, df = 2).

The findings from the A/B test can be seen in Figure 4, with
additional information in Table 3.

Vae20_vs_linear Vae20_vs_vae200 Vae200_vs_linear
IQR 8.79 6.819 9.527
Mean 14.016 13.512 14.185
Median 11.594 11.720 12.204

Table 3: The IQR between each model from the A/B Test.

5. DISCUSSION

First of all, as the results show, there is no statistically significant
difference in the scores between the hidden reference and the two
anchors in the MUSHRA test, seen in Table 1. This might have
been caused due to the large difference between the reference and
the generated audio, resulting in the participants not noticing the
smaller differences between the anchor and hidden reference.
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Figure 4: A boxplot showing the time it took per participant to
choose between stimuli in seconds for each comparison condition.

The results show that the perceived quality of the generated
sounds from all of the models is worse compared to the original
sounds with an applied EQ. This comes as no surprise, since the
generated sounds included a lot of noise, and did not nearly match
the original EQ.

However, one positive result is that there is a significant dif-
ference between the generated audio from all of the models. The
linear model scored higher than both of the VAEs, which might
suggest that having a non-linear model trying to model a linear ef-
fect might not be the most suitable. Consequently, we investigated
the VAEs further.

Firstly, we removed the model from the pipeline to validate
whether it was the source of error. The pre- and post-processing
stage proved to reliably reconstruct the sample, showing that the
underlying issue is within the VAE.

Secondly, when comparing the two VAEs, it shows that train-
ing a model for more epochs does in fact yield better results, as
one would expect. However, we believe the gap which lies in the
perceived difference between the two models does not reflect on
the amount of epochs per model. This leads us to believe the 200
epoch model, either is not improving much per epoch, the learn-
ing stagnates after a certain number of epochs, or the model might
not be learning the correct attributes of the training set. This is
also the case in the A/B test, though insignificant, it showed a ten-
dency towards participants differentiating between the two models
with an accuracy of 96%. However, taking into consideration the
vast difference between the number of epochs, the difference of
the perceived quality might seem unmatched.

Thirdly, the models’ architecture could have been improved if
we took into consideration the work from external sources, such
as Matthia Patterna [2]. Specifically, using a single hidden layer
CAE for reconstruction and a CAE with dilation and residual con-
nections for transformation to create a hybrid VAE.

Another possibility is changing the model completely into a
GAN instead. The paper from Jesse Engel et al. proved that using
GANs for timbre transfer is valid, as it proved to successfully fuse
two instruments’ timbre together [4]. It appears that VAEs have a
tendency to produce relatively blurred output compared to GANs,
whereas GANs have a tendency to produce sharper but less accu-
rate depictions of the samples from the original dataset e.g., some

outputs appear to be fusions of entirely different samples. This
would in theory make the output spectrograms less noisy, which
could result in a circumvention of MSS.

Lastly, another important factor was the training-dataset. It
originally comprised of 180 samples of different lengths (14s-45s),
which were then split into five second-long segments, resulting in
992 samples. Though the quantity and length of the samples was in
theory sufficient, the quality of each was not. Each sample varied
in either tone, tempo or complexity, which could have resulted in
the model not properly learning the applied EQ. This could in turn
be the consequence of mainly percussive noise, as the tracks would
have different general spikes in the amplitude envelope. Meaning
the model could have interpreted this as percussive noise, as there
would be no consistency in the dataset in regards to the amplitude
envelope. This might suggest that the model could perform better
if trained on simpler audio samples such as singular notes with-
out overtones, instead of complex melodies with multiple overlap-
ping frequencies of varying strength. Alternatively, we could also
change the data type completely, using impulse responses instead
of spectrograms, similarly to Giovanni Pepe et al. [3]. However,
this would mean a restructure of the model’s architecture, regard-
less of the model used. Though we are unsure how much the
dataset contributed to the results, it is still important to consider
for future iterations.

6. CONCLUSION

In this paper we have explored the notion of using VAEs and a
linear model to apply an EQ effect as a means for timbre transfer,
extending upon the research within the field of DNNs for audio,
mentioned in Section 2.

Two VAEs, with 20 and 200 epochs, and one linear model
were tested on 26 participants, using the MUSHRA and A/B test.
The results showed that the generated audio tracks scored substan-
tially worse than the respective anchors.

The models performed sub-optimally, with the linear model
scoring the best of the three. From a further investigation it was
discovered that the models were the major problem within the
pipeline. This pointed to a multitude of possible solutions dis-
cussed in Section 5, being:

• Changing the dataset into single notes, or using impulse
responses instead of spectrograms to produce filter coeffi-
cients.

• Implementing suggestions by Matthia Patterna, creating a
hybrid between a VAE and CNN.

• Change the model into a GAN.

This could be implemented for future iterations since the mod-
els, as of now, are not suited for a real-world scenario. However,
with this paper we have outlined the possible shortcomings of us-
ing a VAE for timbre transfer.
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