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ABSTRACT

In this paper we present applications integrating two clas-
sic machine learning methods into a Computer-aided Com-
position environment with the specific purpose of notating,
organizing and synthesizing audio from large sets of sound
data. We present a modular sample replacement engine
driven by a classification method, and a texture synthesis
application employing a clustering method. The applica-
tions are designed and presented with a particular focus
on modularity and extensibility, with the goal of provid-
ing flexible options for integration into existing Open-
Music projects. Therefore, in addition to presenting the
metholodgy behind our applications, we also highlight the
modular aspects of their structure along with several func-
tions for performing transient detection, Mel-frequency
cepstrum analysis, and probability vector calculation.

1. INTRODUCTION

The development of computer software for compositional
applications has a long tradition and today’s computer-
aided composition (CAC) environments provide users with
powerful frameworks in which multiple types of media
(instrumental, electronic parts, spatialization, gesture, etc.)
can be created, represented and manipulated in an inte-
grated fashion [1]. Machine learning (ML) methods open
up a large number of possibilities for such environments,
particularly because these methods can create multi-di-
mensional networks of relationships across large amounts
of data [2]. In this paper we outline two applications for
sound analysis, notation and synthesis driven by ML. The
ML methods involved here are classic amongst current lit-
erature for ML-based audio applications, and are designed
with clear access points for altering and extending them.
We were particularly interested in these applications being
modular. That is, for them to be easy to take-apart, build-
up, and integrate into existing CAC projects. Built using
a combination of the OM-SoX external library as well
as custom functions within the OpenMusic environment,

Copyright: © 2022 Brandon Lincoln Snyder, Marlon Schumacher. This is an open-

access article distributed under the terms of the Creative Commons Attribution 3.0

Unported License, which permits unrestricted use, distribution, and reproduction in

any medium, provided the original author and source are credited.

these applications are able to easily be incorporated into a
user’s larger CAC workflow.

In this paper, we first situate these applications within the
wider context of machine learning-based and corpus-based
synthesis and notation tools. Highlighting the modular as-
pects of the project, we show several custom functions that
are implemented at different stages of the sound analysis,
notation, and synthesis process. Then, we walk through
the two applications, describing the techniques and algo-
rithms involved, as well as show audio examples of the
applications’ output (available on the accompanying web-
site). ! Finally, we discuss the benefit, potential impact,
and limitations of these applications, and speculate on fur-
ther directions this project could take.

1.1 Related Works

Our interest in analyzing and querying large amounts
of audio brought us near several methods in corpus-
based concatenative analysis and synthesis. Tools such
as the Caterpillar system [3], Audioguide [4], and OM-
Pursuit [5]? are significant examples from this field, and
the research behind those tools has informed our own deci-
sions around what audio features, distance functions, and
software to use. Though these aforementioned tools are
effective and flexible, we have found in our experiences
with students and professionals that they can be perceived
as a bit of a ‘black box’ to artists with beginner to interme-
diate knowledge in these methods. The input and output
of these tools are clear, while the internal algorithm is not
immediately so. Thus, we sought to provide a modular
toolbox within a popular visual composition environment,
in a way that not only makes clear their internal processes,
but also that is easy to adjust and integrate into existing
OpenMusic projects.

"https://edu.marlonschumacher.de/
audio-ml-4-cac/

2http://www.music.mcgill.ca/marlonschumacher/
software-contributions/om-pursuit/
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Figure 1: Interchangeable audio descriptors are set as
patches in lambda mode. Here, a patch extracting 13
MFCCs is being used.

In terms of ML methods in CAC, our project shares simi-
larities with OM-AI [6], an external library for OM# 3 that
also seeks to provide tools to composers interested in ML.
In order to maintain the modular nature of our applications,
the ML algorithms and audio descriptor analysis functions
are built as abstractions consisting of OpenMusic objects
and simple custom LISP functions. Consequently, a user
may change or even switch out these abstractions to suit
their needs. Figure 1 shows our audio descriptor analysis
engine with each descriptor as a patch in lambda mode.
Featured in our application are Mel-frequency cepstrum
coefficients (MFCCs), as well as spectral centroid, spec-
tral difference, and covariance descriptors. Any number
of these descriptors can be chained together to be incorpo-

3https://github.com/cac-t-u-s/om-sharp

rated into the ML process.

Likewise with our ML algorithms, Figure 2 shows a
clustering algorithm in the form of an OpenMusic pro-
gram, with the distance function implemented as a patch
in lambda mode. This was an important structural deci-
sion to the project, as it not only gives a user a clear view
of how the ML functions operate within the OpenMusic
patch, it also allows for modularity within the actual ML
algorithms. This would be useful for a user who might
need to use a different distance function to evaluate their
data, or who may need to pre-process or clean up their
audio sets in some way before entering certain stage of the
ML algorithm.
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Figure 2: Interchangeable distance function. For certain
audio sets, special functions such as a distance matrix or
tree distance may be more suitable than Euclidean dis-
tance [3].

In order to provide the required DSP functionalities
within OpenMusic and for flexible integration into ex-
isting workflows we employed OM-SoX, a framework for
audio analysis and synthesis, bundled as an external library
to be loaded into OpenMusic.

1.2 OM-SoX

OM-SoX is a programmable, modular analysis-synthesis
framework for algorithmic audio processing in OpenMu-
sic, developed by the second author. We used its analy-
sis functions to derive audio descriptors, and detect and
classify transients. We also used its processing functions
to synthesize sound from that analysis data. While OM-
SoX has been a popular tool used for audio processing [7],
sound synthesis# and notation (see Figure3), there so far

4http://www.music.mcgill.ca/marlonschumacher/
arts/6-fragments-on-one-act-of-cleaning-a-piano
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seem to have been less notable applications for incorpo-
rating its analysis functionalities into compositional work-
flows. Included in our applications are functions that use
OM-SoX to extract cepstrums, Mel-frequnecy cepstrum
coefficients, spectral centroid, spectral difference, covari-
ance, and detect transients. We hope this project might
provide inspiration for possible musical applications of the
analysis engine in OM-SoX.
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Figure 3: Figure shows the use of OpenMusic & OM-
SoX for the creation of a mixed-paradigm notation in a
Magquette object.

2. TWO MACHINE LEARNING APPLICATIONS
FOR COMPUTER-AIDED COMPOSITION

With the overall scope of this project introduced, we will
now present the two applications and the ML methods that
drive them.

2.1 Modular Drum Sample Replacement

Our first technique uses a supervised classification method
to create a modular sample replacement engine. In our ex-
ample OpenMusic patch, we use three objects for mediat-
ing the sample replacement process: a multi-seq® notates
the detection and classification of transients in the audio,
a BPF-library notates the multi-sound-set sample replace-
ment process, and a maquette-based sample sequencer
transcribes new audio with the replacement samples.

The multi-seq, an object that notates data in the form of
traditional western musical staves, sorts the segments of
a given instrument-type (i.e. snare, kick, hi-hat) into its
own staff (see Figure 4). This ‘score’ serves firstly as a
transcription of the transients detected and classified by our
OM-SoX functions. The score’s second purpose is that of
a script, dictating, in partnership with the BPF-library, the
construction of a new sequence of samples.

In the BPF-library, each BPF corresponds to a transient
which will be reconstructed from a pool of possible re-
placement samples. The specific replacement sample used
is determined by a probability vector, which is sampled
from the BPF.

In our accompanying audio examples there are three
separate sample replacement libraries used: an acoustic

Shttps://support.ircam.fr/docs/om/omé-manual/
co/Poly-Multi-Editor.html
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Figure 4: A sound is trimmed into individual segments,
which are then classified and notated by instrument-type
on a multi-seq object.

drumkit, an electronic drumkit, and a set of field record-
ings. Thus, each BPF called for each note from the multi-
seq is sampled into three points. If the number of sample
libraries were four, then four would be the sample-value
of the BPF weighted vector. As illustrated in Figure5
the weighted vector is calculated from a three-point and
four-point sampling. In the accompanying example audio,
an interpolation between two BPFs is executed such that
the beginning of the resynthesized drumloop consists ex-
clusively of acoustic drum samples (sample replacement
library 1), see Figure 6 for the specific interpolation. Grad-
ually, this balance shifts so that at the end of the loop, there
is an equal likelihood that a note from the multi-seq would
call the electric drumkit or the field recordings. (sample
replacement libraries 2 and 3). This BPF interpolation is
a simple technique employing a high level visual inter-
face for controlling the complexity of large sets of audio
samples.

The multi-seq and BPF interfaces then lead to a maquette-
based sequencer (see Figure 7), where the classified audio
is represented again, this time with the final replacement
samples (designated by color). Here, the transients notated
and classified in the multi-seq can now be handled as actual
audio samples, and can controlled for even further sound
synthesis.
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