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Research outline
Multi-track audio mixing is a crucial part of music production. With recent advances in machine learning techniques such as deep learning, it is of great importance
to conduct research on the applications of these methods in the field of automatic mixing.

”The intelligence is in the sound”.

[1]

Machine learning techniques together with expert knowledge, may be able to guide towards the development of a system capable of performing automatic mixing
or to assist the sound engineer during the mixing process.
• Can we train a deep neural network to perform audio mixing as a content-based transformation?
• How can a deep learning system use expert knowledge in an audio mixing task?
• How can such a system perform a goal-orientated mix?
• How can we integrate user interaction as a last fine-tuning of the mixing process?
• How should we measure the performance of such an intelligent mixing system?

Proof of concept
Stem audio mixing
We investigate stem processing as a content-based
transformation, where the frequency content of raw
recordings (input) and stems (target) leads us to train
a deep autoencoder (DAE).
The raw recordings and individual processed stems
were taken from [2]. The dataset consists of 102 multitracks which correspond to genres of commercial
western music. All tracks have a sampling frequency
of 44.1 kHz, and we proceeded to find the 10 seconds

with the highest energy for each stem track. Thus,
the corresponding raw tracks were then analysed and
the one with the highest energy in the same 10 second
interval was chosen.

stem segments and data augmentation was not applied.

The selected segments were downmixed to mono and
loudness normalisation was performed. Data augmentation was implemented by pitch shifting each
segment by ±4 semitones in intervals of 50 cents.

The DAEs consist of feed-forward stacked autoencoders. Each hidden layer was trained using the
greedy layer-wise approach, dropout with a probability of 0.2, Adam as optimizer, reLu as activation
function, and mean absolute error as loss function. In
total, each DAE has 3 hidden layers of 1024 neurons
and input and output layers of 1025 samples.

The test dataset corresponds to 10% of the raw and

Results

Dataset

The DAEs were trained independently for each instrument group. After 100 learning iterations, Figs. 1-4
show the results of the DAEs when tested with a raw recording from the test dataset. The waveform was
reconstructed with the original phase of the raw segments.

Figure 1:

Bass, waveforms and spectrograms. (a) Raw input. (b)
Stem target. (c) DAE’s output.

Deep Autoencoder (DAE)

Table 1:

Number of raw/stem tracks and augmented segments.

Group

Instrument Source

Raw

Stem

Augmented
Raw/Stem

Bass

electric bass
synth bass

96
12

62
6

1020

Guitar

clean electric guitar
acoustic guitar
distorted electric guitar
banjo

112
55
78
2

36
24
20
2

1224

Vocal

male singer
female singer
male rapper

145
61
12

36
22
2

969

Keys

piano
synth lead
tack piano
electric piano

113
51
27
3

38
17
7
3

884

Figure 3:

Vocal, waveforms and spectrograms. (a) Raw input. (b)
Stem target. (c) DAE’s output.

Conclusion

Figure 2:

Guitar, waveforms and spectrograms. (a) Raw input.
(b) Stem target. (c) DAE’s output.

Figure 4:

Keys, waveforms and spectrograms. (a) Raw input. (b)
Stem target. (c) DAE’s output.

The current research is at an early stage and the
DAE architecture is considerably simple. We plan to
incorporate end-to-end architectures [3] to achieve a
system capable of performing stem audio mixing as
a content-based transformation.
Intelligent music production systems have the potential to benefit from deep learning techniques applied to music generation and vice-versa. We encourage the community to investigate the proposed
research questions.
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