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ABSTRACT
The audio mixing process is an art that has proven to be
extremely hard to model: What makes a certain mix better
than another one? How can the mixing processing chain be
automatically optimized to obtain better results in a more
efficient manner? Over the last years, the scientific com-
munity has exploited methods from signal processing, mu-
sic information retrieval, machine learning, and more re-
cently, deep learning techniques to address these issues. In
this work, a novel system based on deep neural networks
(DNNs) is presented. It replaces the previously proposed
steps of pitch-informed source separation and panorama-
based remixing by an ensemble of trained DNNs.

1. INTRODUCTION

The main goal of the proposed method is to automatically
create new mixes from stereophonic jazz recordings. This
work goes hand in hand with the previously proposed sys-
tem for automatic mixing [1] and the recently introduced
deep learning approaches to automatic music production [2].

In [1], a framework for automatic mixing of (historic /
old) jazz recordings was presented. It included two steps: a)
an initial decomposition of the original mix into solo, back-
ing, and percussive tracks by means of sound source separa-
tion algorithms and b) a remixing process using automatic
mixing tools. Recently, DNNs were also investigated for
their
performance in predicting coefficients for dynamic range
compression of music content [2].

In this work we propose a replacement of the source
separation and the mixing processes by an ensemble of two
trained DNNs. The separation process is constrained to solo
and backing track isolation and the mixing is constrained to
panoramic gain modelling through a designed codebook, to
which angle positions and gain values for mixing the solo
source are assigned.

The structure of the document is as follows. Section 2
provides a description of the proposed system and the un-
derlying methodology. Section 3 describes the experimen-
tal procedure for training the system followed by Section 4
which concludes this work.

2. SYSTEM DESCRIPTION

The proposed system is composed of two modules. The
first one observes a two-channel time-domain signal and es-

timates two stems(groups) of musical instruments, hence-
forth denoted as solo and accompaniment sources. Then,
the estimated sources are served to the second module which
is responsible for synthesizing and re-mixing the sources.
An illustration of the proposed system is given in Figure 1.
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Figure 1: System Overview

More specifically, each channel xL(n), xR(n) of a ste-
reophonic mixture is analysed by means of a short-time Fou-
rier transform (STFT). The number of frequency sub-bands
(bins) k is set to N = 4096 and the computation is per-
formed using a symmetric Bartlett windowing function cov-
ering 2049 samples with approximately 75% overlap be-
tween consecutive frames m 1.

The resulting complex-valued representation is mixed
down to mono, by averaging the two channels. Then, the
magnitude |X(m, k)| is computed and parsed to the first
DNN, which estimates the magnitude spectrum of the solo
source |X̂s(m, k)|. The estimation is performed by a se-
ries of matrix multiplications and transformations, up to the
depth of the model, as described in [3]. The used activation
is the ReLU non-linear function. The current model has 5
total layers.

Employing |X̂s(m, k)| and the complex-valued repre-
sentation of each channel |XL(m, k)| and |XR(m, k)|, the
two-channel accompaniment source is computed via spec-
tral subtraction and generalised Wiener filtering with frac-
tional power spectrograms of α = 1.3 [4]. Using the orig-
inal phase spectra, the time-domain representations of the
single-channel solo source x̂s(n) and the two-channel ac-
companiment source
x̂aL(n), x̂aR(n), are synthesised by inverse STFT.

Focusing on the mixing procedure, another operation in-
volving matrix multiplications is attained using |X̂s(m, k)|
and the optimized layers of the second DNN. The number

1Since xL(n), xR(n) are real signals, their spectra are Hermitian and
thus the redundant information is assumed to be discarded. Moreover, each
time-frequency sample is treated as an independent random variable.
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of total layers existent in this DNN architecture is equal to
3, where the ReLU activation function is used for the first
two layers and the softmax function for the last one.

The output of the second DNN is a vector for each frame
m, which consists of probabilities assigned to a manually
generated codebook. By decoding the codebook, using the
computed probabilities, two values are derived one for the
panning location in degrees and one value for the linear
gain. These two values are given to a panoramic effect pro-
cessor, which applies the corresponding gain functions gL
and gR to each time domain sample n of x̂s(n). Finally, the
stereophonic sources are mixed together.

3. EXPERIMENTAL PROCEDURE

For training the above mentioned models, 40 jazz record-
ings from the Jazzomat dataset 2 were used. From each
composition the existent fundamental frequency of the solo
instrument and the single-channel mixture were gathered.
The collected data was equally divided in half in order to
train the two networks equivalently.

For the first DNN, the approach proposed in [5] was
used to derive spectral estimates of the solo sources. These
estimates alongside the single-channel mixture signals were
then used in an iterative optimization procedure. This pro-
cedure included the back propagation algorithm and an adap-
tive gradient descent method (adam) [6], for minimizing
the Euclidean distance between the predicted, by the DNN,
magnitude spectra and the target estimates.

Afterwards, the first module of the proposed system was
utilized to process the remaining 20 music tracks. For each
one of the separated sources additional annotations were
generated by the authors, with respect to the desired pan-
ning locations and mixing gains applicable to the the solo
source. Using these annotations a codebook was designed
and the second network was trained similarly, by minimiz-
ing the binary categorical cross-entropy loss function this
time. The considered panning locations and linear gain val-
ues span from [45◦, 45◦] with an increment of 5◦ and [0, 2]
with an increment of 0.1, respectively.

By further processing supplementary audio content from
the Jazzomat and the open multi-track [7] datasets with the
proposed system, a series of informal listening tests were
performed. Results from the listening tests suggest that
a good quality of automated mixing for solo instruments
can be achieved. Interested readers are welcome to audi-
tion examples generated by the described system through:
https://js-mim.github.io/aes_wimp/.

4. CONCLUSIONS

In this work a novel system for automated separation and
mixing of the solo and accompaniment sources from jazz
recordings was presented. It is based on state of the art
machine learning methods and provides a good alternative
to cumbersome procedures that require manual annotations,

2Available from http://jazzomat.hfm-weimar.de/
dbformat/dbcontent.html

for processing newly observed audio content. The system
was evaluated via informal listening tests, which suggest
that an overall good performance for audio re-purposing
tasks can be achieved. The corresponding source code can
be accessed from: https://github.com/Js-Mim/
aes_wimp.
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