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13.1 Introduction

Mixing mmsic, or mnsic production, is the process of combining a series of different musical tracks
together, while applying a range of andio processing to blend the tracks together in a pleasance
and aesthetically pleasing way, Music mixing practices require the pleasant combination of all

aspects of a musical piece, using a set of engineering tools to do so. [Owsinski| (2013} identified five

key components to consider while making a mix, and they are

s Balance;

Spectral;

Spatial;

Deptl; and
o Dynamics

The balance is related to ensuring that all instruments can be heard within a mix, and that
none are monopolising the mix, in terms of volume. Spectral is related to the frequency content
on the mix, to ensure that this is balanced, and there is not too much weight on a particular
frequency component, and that the frequency components of each sound source are distinet and
clear. The spatial balance is to represent a good image of the sound between two ears, allowing
for better differentiation between all the different sources, without one side sounding louder than
the other. The depth, s to ensure that each sonic element has enough interest and complexity
on its own, and that the richness of each sound can be clearly heard, while combining together to
produce a pleasant rich timbral sound. The dynamics are related to the sudden transient nature of
the sound, to ensure there is ample and adequate change in the overall, and individual, volumes of
the tracks, by creating quieter parts of the music, the sounder parts can stand out mwore, creating
interest and an evolving sonic signature over time.

These five dimensions of a mix are typically controlled through a range of different andio effects.
The way in which a piece of music is mixed, can heavily influence the way in which is is perceived,
in terms of preference (De Man et al | [2015), perceived quality {Wilson and Fazenda] [2013), and
in the evoked emotion (Ronan et al| [2018b| [Scherer et al] [2001). Music mixing is a highly
complex, multi-dimensional problem, where & number of different complex sounds are combined
in a multitude of different ways. The processing and modification of each and every track depends

on all other tracks within the musical mixture, and often requires different processing and effects
in different sections of the song. Some equaliser setting applied in the chorus maybe very different
to the equaliser setting required in the verse. This results in a highly complex non-linear search
space, relying heavily on human perception and preference of music, along with the lmitations of
human hearing and emotional responses to music.

The integration of an artificially intelligent music mixing system, or intelligent mixing svstem
{IMS), has the capacity to change music production workflows and approaches (Wilmering et al |
20200, The use of an IMS can change the way in which a mix engineer can explore through
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Figure 13.1: The tvpical structure of an IMS

the vast array of mixing options available to them, they could use this as an opportunity to
reduce the dimensionality of the music mixing problem, controlling their path throngh the miving
enviromment, and could even use an IMS as a tool for collaboration, where they are both enacting
control over the munsical mix as a whole. The use of an IMS will even inform and influence
professional practice {Bromham]||2016).

Historically, music miving has grown and developed over time, t'un'stuut.lv using new technology
and practice to create new and interesting music 2014, and some musical trends and
music styles are as a result of technology, rather than just cu tur wulutmn'-.. Wﬂm
Some genres of music, such as techno and acid-howse, were created as a result of technological
innovations . A large proportion of these technological innovations are as a result
of borrowing, using, or misappropriating technology from other fields, and applyving them to
music mixing processes |{Wilmering et al.|[2020). The culture of misusing and misappropriating
technology, within music, has been prevalent thronghout the history of music @ , as a
way to be creative, explore new approaches and uncover the opportunities within different musical
spaces.  The use of [MS, in music mixing, brings a number of opportunities, not just for the
new technology to be used as intended, but also for practitioners to take this new technology,
use and misuse it, and explore the expressive opportunities it affords. New technologies have
the advantages and opportunity to lead to new approaches for music production .
This could either be intentionally, through understanding of how a tool works in one domain,
and applving it to a music mixing context, or this could be accidental. It is well reported in
music production, that often trying new things and exploring, even making mistakes can result
in happy accidents which has resulted in many of the mixing practices that are common place
today 2000). This was best summed up hy who sald “Some of the most
creative moments in recording have come from accidents where devices have been plugged up
incorrectly and technology misappropriated” (Bromham| [2016).

There are mumerous approaches for developing an IMS. In principal there are a few key aspects
of an IMS that are necessary to consider. Figure [13.1]shows a typical IMS structure. There must
be some system for parsing audio tracks, and potentially buman input, then some interpretation
and responce to the audio tracks input, which should directly modify and manipulate the andio,
or present some representation of the andio, which can benefit the mix engineer. In the feld of
theoretical artificial intelligence, an intelligent agent is one which has three kev components, the
ability to to ebserve or perceive the environment, the ability to act upon the environment, and
decision making capacity to achieve a desired goal [Russell and Norvig| [2016). This identifies
three key aspects of an IMS, which will be discussed within this chapter. The three aspects of an

IMS are:

Decision Making Process — The process of the IMS analysing the inputs, and using this to
make some mixing decision. This process includes representing all the musical knowledge
and concepts, creative and technical decisions, along with understanding why the decision
15 made,

Audio Manipulation — The way in which an IMS will act upon the world, how it can interact

with the world and the tools it is provided with to have an impact.
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Human Computer Interaction — The observations made of the wider environment, the way
in which an IMS will have utility to any user, and how the tools can be used.

13.2 Decision Making Process

The decision making process, is arguably one of the most challenging components of an [MS.
The ability to capture the concept of a creative decision that a mix engineer may make, or to
understand the reasoning behind a single decision being made, is a challenging approach, and
to embed this concept into an [MS can be even more challenging. The idea of modelling some
knowledge of musical miving, and using that to perfori actions later on, is one of the key aspects of
any intelligent system. In the case of music mixing, this could be through some domain knowledge,
learning or defining a rule, such as “We want the vocals in this track to be really clear”, or these
rules could be implicitly learned, through the analysis of data collections. [De Man and Heiss|
identified three different approaches for modelling the decision making process in [MS;

knowledge encoding; expert systems; and data driven approaches.

13.2.1 Knowledge Encoding

In most IMS literature, this approach is referred to as Grounded Theory (De Man and Reiss|[2013a)).
Grounded theory approach is a formalised approach taken within social sclences, where theories
are create though systematic methodological collection and analysis (Glaser and Strauss| m
Many [MS approaches take an informal grounded theory inspired approach, without following the
systematic practices of a formal grounded theory approach.

The knowledge encoding approach s to formalise the understanding of the mixing process.
There are a munber of different approaches taken to gather knowledge of mixing practices. Ethno-
praphic studies can be conducted, as a formal framework analvse and understand the practice of

mixing engineers (Cohen| [1993] [McGrath and Lovel| [2017). Interviews and surveys can be con-
ducted (Ronan et al| |2Ill'f| |[Pestana and Reiss| |2014), which can provide insight into how mix
engineers state that they approach mixing problems. Often this can be verified though the anal-
ysis of mixing practices (Pestanal 2013 De Man et al.| [2016) Published literature by respected
practitioners {lzhaki| 2008} [Senior] 2012{|Owsinskil [2013] can often be a useful way to gain a better
understanding of mixing processes.

Often practitioners experience, coupled with rules derived from literature, can be used to an-

tomate specific andio effects independently. There are a large number of studies looking into per-
ceptual attributes of miving production practice. |Hermes| (2019) performed an overview of mixing
approaches, and focused on understanding spectral clarity for automatic mixing. [Bromham et al.

12018) conducted a study to understand which compressor settings would be deemed appropriate

or a given piece of programme material. [Bromham et H.'di{}lﬂb locked to understand how differ-

ent andio effects would influence the perception of timbral attributes of a piece of music, including
brightness and warmth. |[Weaver et al|(2019] [2018) investigated the impact of reverberation on

how musicians perform together, which was further analyvsed by Iﬁu Man et al .IiEﬂlTl. F{:utunl

investigated how aggressive a distortion effect can be. Both |[Wilson and Fazenda)
(2015) and |Colonel and Reiss| (2019} performed statistical analyses of a large numbers of musical
mixes.

These inferred rules can then be applied into IMS. [Perez Gonzalez and H.{:i:s.'-:.Mml proposed
setting the gains of all audio tracks to the same perceptual loudness within a mix, and
|and Sandler| (201%¢} proposed including a source separation evaluation metric to compensate for

crosstalk between different microphones in a live situation. [Perez Gonzalez and Reiss (2010) sets

the pan of some audio tracks to reduce spectral interference of different tracks, while maintaining
the low frequency content as close to the centre as possible, mllearcI et HI 2(]12' extends this to
use a perceptual model of masking to place each track within the stereo field, |Perez Gonzalez and

(2008a) equalised tracks to reduce the spectral overlap of audio tracks, where Hatezi and Reiss
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{2015) used a perceptual masking model to define the equalisation values. [ Maddams et al.|(2012)
antomated the parameters of & dynamic range compressor, based on signal analysis, to consistently
set the dynamic range of andio tracks. [Moffat and Sandler|(2018) identified that mix engineers will
often use dynamic range compressors tor a mumber of different uses, and developed a parameter

setting for emphasising transients of drums. [Moffat and Sandler|(2019h) automated reverberation
parameters, where the reverb time is controlled by the tempo of the audio track [Weaver et al.
2015p.

It is clear here, that most approaches undertaken will only antomate one type of andio effect,
and will typically restrict themselves to a simple set of rules. Any more complex rule structures

require more complex management of multiple conflicting rules, such as that described in See-
tion Thronghout this approach, there is a necessity to consistently update the collection
of mixing approaches, and to evaluate the approaches taken to implement them. Especially as it
has been demonstrated that professional mix engineers may identify one approach whilst actually
using an alternative approach . This could easily lead to cases where an IMS
approach is well intentioned, but never able to produce effective results.

The knowledge encoding approach is eritical to understand the humon approach to mixing.
This could be ideal as a training system, where simplified use-cases could be given to an individ-
ual, to demonstrated isolated concepts or approaches. However, the ability to combine all these
approaches together, create a much larger set of problems, where approaches will contradicet each
other, and there will be differences of opinion in the mixing approach. There are also mumerous
examples of happy accidents, where something is done accidentally, which results in producing a
preferable mixing result, typically through breaking the rules, rather than confirming to existing

rules 2000). This is both acknowledged and embraced by many practitioners, and some
smbrace

mix engineers this approach {Eno and Schmidt) lﬂ?ﬁl:l.

13.2.2 Expert Systems

Expert system is the approaching where a human expert decision-making process is modelled by a
computer system. The computer model is often more generally called a knowledge based system.
Expert systems are designed to approach problems, through understanding the problem, and then
representing a tvpical expert approach using a series of if-then-else rules. Expert svstems are
broken up into two different components sections: the knowledge based, and the inference engine.
The knowledge base, is where a series of facts and rules can be stored, and the inference engine
will then utilise these rules to make deductions and suggestions.

In the ease of IMS, there have been a pumber of different expert system based approaches.
An expert system can either explicitly state a set of rules, and use these to then perform some
inference, or optimise towards a given result define rules and perform inference W.m-”m
|Benito and Reiss| [2017), or mixing can be set up as a constraint optimisation problem, where a
series of goals are defined, in & mathematical form, and the system mnst perform a search for the
mathematically optimal solution {Terrell and Sandler| |2012} | Terrell et al.||[2014).

The rule/inference approach can be used as an effective way to build on the grounded theory
approaches outlined in Section [I13.2.1] Specific rules are developed and coded, such as discussed
by |De Man and Reiss|(2013a), which can then be applied to a given problem. Pachet and Delerue|
were the brst to identify that munsical mixing could be defined as an inference or optimisation

problem. |[Pachet and Delerue| (2000} constructed a full mixing system, based on sound source

spatialisation and mixing, though placing individual musical sources in a sonic space, defining
a series of rules, and allowing the inference engine to perform the mixing task.
developed a range of high level mixing goals which should be achieved during the miving process.
|Benito and Reiss| m constructed a probabilistic soft logic engine to apply reverb to a musical
mix. Rules were collected from grounded theory approaches, coded into a logical inference engine,

and applied to different musical tracks. The author notes the challenges in translating gronnded
theory rules into probability weighting, [Moffat et al. 12[]18 created a generalised framework for

constructing musical mixing rules to be applied to an inference engine, and suggests that there is

potential to learn mixing rules from data, utilising the semantic web (Berners-Lee et al.{[2001).
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Mathematical optimisation approaches have also been effectively demonstrated in the music
production field. [Barchiesi and Reiss|(2009) proposed setting the gain and equalisation parameters
to mix towards a given reference track. [Kolasinski| (2008) performed an optimisation approach to
mixing a series of tracks to match a given same timbre of some selected reference track. The timbre
is defined using a spectral histogram, and only gains of different tracks could be adjusted to match
the reference track. |Gang et al.|(2010) used timbre and a range of musical score based features to
optimise a number of audio effect parameters towards a given reference track. A range of mixing
targets have been used, such as mixing to a specific targets londness (Fenton| [2018;Wichern et al.
m, using a perceptual model of masking, to minimise the inter-track masking (Honan et al.
2018a| [ Jillings and Stables|[2017h), as this is often considered a negative effect of track interference,
or optimising to reduce a number of different objective measures {Terrell et al.|[2010). [Terrell and|
rgau_lr]m m; mm-lm investigated music mixing in a live music context, optimising
the layout of different sources and speaker to counteract for room effects. [Pestana et al.| {2015)
optimised the phase offset of each instrument track, to minimise the comb filtering effects of phase
cancellation. Wilson and Fazendal (2016} proposed a human-in-the-loop mixing approach, where
a hmman is able to state a preference over a set of mixes, which is used, in turn to generate more
mixes, in the hope that a “personal global optima” (Wilson and Fazendal m is found.

There is also a variety of different optimisation approaches that have been taken, linear ap-
proaches, such as least squares (Barchiesi and Reiss| Iml [Tm Iml or genetic inspired
approaches such as genetic algorithms {Jillings and Stables| [2017h| [Kolasinski| [2008), or parti-
cle swarm algorithms (Ronan et al.| [2018a). [Wilson et al.| (2017} discusses the use of genetic
algorithms, compared to other expert system approaches, in creating intellipent music systems.

Expert systems benefit from their ability to model highly complex rule structures, that are ever
prowing, with multiple target objectives, and aims to always find a solution that has the ability
to fulfil as many of the targets as is possible. These systems are able to consider each and every
rule, in turn, and identifv when certain rules need to be broken or ignored, in order to produce
the best overall system. The ability to create hard constraints and soft constraints, such that an
IMS can navigate a mix-space, following an individuals intention.

The rule based mixing approaches present considerable power, as the ability to produce a
formalised approach to construct, compare and evaluate formal mixing rules, in a simple structure
could prove to be very powerful. As there are many cases where a mix engineer may give a rule that
they follow, there are examples where mix engineers will say one thing, but do another
2018). This could be becanse an engineer does not objectively understand exactly what their
mixing process is or that they feel a need to justify their approach. The formal and consistent
evaluation of a range of mixing rules, through a quantitive approach, would be highly insightful
into both a better understanding of mixing practice, and assist greatly in developing state of the
art intelligent mixing systems.

The key encapsulating factor of an optimisation approach derived [MS, is contained within the
fitness function. This is the component of the optimisation that defines what to prioritise, and
how it should be evaluated. These fitness functions have been used, in optimisation approaches, to
reveal greater understanding of the anditory system (McDermott and Simoncellil[2011), perceptual
similarity measures (Molfat and Reiss| WL adjusting synthesiser parameters [Garcia)
and for musical composition (Miranda and Al Biles| [2007). The fitness function is required to
encapsilate all the understanding and knowledge that the experts have, and how it can be applied
to the mixing problem at hand.

A review of expert systems, and how they were applied to IMS, was performed by
m ﬂm, where the challenges in defining rules for IMS are identified. The inherent
complexity of music mixing means that, there is no certain optimal solution, but a munber of
different appropriate mizes given a set of contexts (Jillings and Stables| 2017b). There are a
mumber of different mixes that are preferred by different individuals, in different moods, at different
times. Mixing has the ability to change and transform a piece of music {Ronan et al.| |[2018b), and
so any set of constraints defined would need to acknowledge this and take this mto consideration
while defining the rules to be applied (Lefford et al.|[2020a).

Inherent to how optimisation approaches work, it is not possible for most of them to operate in
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real-time, and as such, they need to be seen as tasks where an entire track is given to an IMS, and
the mix is produced at a later date. This can severally limit the ability for an individual to interact
with the music mixing system, as this would not integrate well with traditional music production
studio workflows, Expert based system relies on the assumption that experts will make consistent,
agreeable decisions. This implies that experts should be considered to be time invariant - that
a engineer who applies a given equaliser setting today, would apply the same equalizer setting
tomorrow, or next vear. There have been a munber of cases where expert systems have been
demonstrated to be highly effective Al approaches (Nelson et al.|[1982}[Rasmussen| [1990], however,
there are few cases where these approaches have been demonstrated to creative approaches with
preat effect.

13.2.3 Data Driven

Data driven IMS approaches have been developing in recent vears, particularly with the growth in
machine learning and neural network techniques. These approaches rely on analysis on datasets
or lots of example mizes and use this to extrapolate some set of mixing parameters. This is
commonly done by selecting a set of relevant andio features, or andio descriptors 1L-Iuﬂ'at et .'11.|
2015}, typically designed to represent some semantic or perceptual attributes (Stables et al.|[2014).
and discover how these can be related to a specific mixing decision {Martinez Ramirez and Reiss|
12017b{ [Martinez Ramirez et al.|[2019). Reed|(2000) first proposed a data driven mixing approach,
where data was analysed as to how the frequency band energy can influence the timbral attributes
of brightness, darkness and smoothness, and this was used to antomatically equalise a given andio
track to an identified semantic term, using a nearest neighbour algorithm. Since then, machine
learning approaches have grown considerably, and there many approaches for using a data driven
approach to construct an [MS.

Deep learning approaches have become very relevant recently, sinece it was demonstrated
that a neural network has the ability to parse and apply a large amount of nonlinear process-
ing (Martinez Ramirez and Reiss| [2019), or even to simply perform an entire mix in a single black
bor systemn (Martinez Ramirez and Reiss| Imb [Mottat and .':;a.udltrr“]m extracts gain pa-
rameters from a serles of andio mixes, nsing a reverse engimeering the miz approach, developed
by [Barchiesi and Reiss|{2010), and then uses this to predict gain parameters and extrapolate to
larger datasets, using a random forest approach. [Pestana et al lllm analysed G0 vears of the
UK and USA pop chart music, and then|Ma et al.|{2013) used this to predict an ideal equalisation
curve, which can be applied to different tracks. [Martinez Ramirez et al | (2020a) and [Sheng and|
Fazekas both generated a set andio samples modified with the use of a dynamic range
compressor, and then learned the transformations applied by that compressor. |Hestermann and)|
took on the task of manually annotating a large dataset of andio tracks, to de-
velop and intelligent de-esser. |Chourdakis and Reiss| (2016] |2017) developed an approach for
learning reverberation parameters from a specihic user input, which then extrapolates the selected
reverh parameters to other tracks, though they comment on the challenges of finding appropriate

quantities of data. [Mimilakis et al| (2016a} constructed a neural network to learn the mastering
process of jazz music, taken from the Jazzomat dataset L]azz-::-matl 2018). [Martinez Ramirez et al |

recently demonstrated a full end-to-end IMS, using drums. This system learns the full
music production process of drum mixing and demonstrates that the intelligently produced mix
is indistingnishable from the professional engineer generated mix.

Clearly, one of the largest restricting factors within a data driven approach for intelligent mix-
ing, is the data gathering. Other than taking on large scale manual annotation approaches, there
are nmmerous approaches that have been taken, such as using a mix parameter reverse engineer
approach (Barchiesi and Reiss Im as used by |[Moftat and Sandler| m There are also
a mumber of eurated multitrack datasets, including the Cambridge MT Multitrack Dataset ':k'-
, the Open Multitrack Dataset (De Man et al.||2014), MedleyDB EBIttllLl’ et al] 2{]14i

here are also instrument specific instrument dataset, such as the ENST Drun dataset (|Gillet
|and Richard| |[2006). Despite limitations, data driven approaches are highly effective results, once

suitable datasets are curated [Arel ot ﬂl, 20010,
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The considerable growth in data science and machine learning approaches over the past decade Q]Nit.-
2016, has resulted in their being ample directions for further work in data driven IMS.
It has been demonstrated that data driven approaches are highly effective, and extendable, leaving
considerable opportunities for future work in this space. The input track ordering is a present
challenge, where any machine learning approach should be able to mix tracks together in a way
that is invariant to the input track order. As the npumber of musical tracks grows, the problem
search space becomes exponentially more and more complex, which can lead to real challenges.
And networks need to be able to deal with missing instruments, eg. some tracks will have a brass

section, or a violin track, but many will not, as [Bittner et ui.l {2[!14' identify that within their

dataset only two of the sixteen instruments exist in more than 50% of the multi-tracks.

13.2.4 Decision Making Summary

The decision making processes used by an IMS are of eritical importance to both the inputs needed
to perceive the system, and to how an IMS will operate. The decision making process encodes
all the knowledge of a given system, and will enact some decision to the action component of
the IMS. The nput svstem is greatly influenced, as some approaches require a single andio track
input, where as some require a full multitrack mixing context. Furthermore, if any additional
metadata is required, or human interaction to involve in the decision making process. Knowledge
encoding approaches rely heavily on professional mix engineer approaches and understanding, and
approaches to try and represent this domain knowledge in a simple direct way, however they are
highly restricted to often controlling single andio effect directly, and so do not model the interaction
between different andio effects or processing chains. Expert systems attempt to quantify the uses
more formally, performing some inference or optimisation based on these rules, which allow for
considerably more complex rules. Conversely, data driven systems have recently shown that they

are able to mix as effectively as a professional engineer(Martinez Ramirez et al.|[2020b). Though
this 15 In a simplified mixing task, mixing only droms, these results are highly promising for future

research. The future of IMS can also lie heavily in expert systems. Throngh combining knowledge
approaches, and learning defined rules from data, this approach could both be nsed to gain insight
into music mixing practices and approaches taken, but also develop state of the art IMS. This
will only be possible once data collection challenges within the data driven approaches have been
addressed. The decision making process will then provide a decision, and an action will be taken
to some change to the andio, as discussed in the following section.

13.3 Audio Manipulation

The manner in which an IMS will perform an action upon a plece of audio, will greatly influence
the limitations and restrictions of the IMS, and will also emphasise the opportunities of the [MS.
How a piece of audio is modified will greatly define and limit the IMS. There are two approaches
to modify audio with an IMS, and they are either to use adaptive andio effects, or to perform a
direct transformation on the andio,

13.3.1 Adaptive Audio Effects

The use of andio effects, to construct an IMS is the most common approach taken. Aundio effects
are the process used to manipulate and change a sound in an intentional manner. Aundio effects

have been around for as long as we have had documented music (Wilmering et al| [2020). In
principal, an audio effect can be any sounds modification, from as simple as a loudness control,
to a dereverberation algorithm (Naylor and Gaubitch| [2010) or noise removal algorithm
. These andio effects are used as part of the music making, mixing and production,
to shay

pe and control the musical sounds. The principal aspect of this is to ensure that control

can be harnessed over a pre-existing sound. An audio effect is the approach of taking a sound and
modifving it, in some consistent predictable, and usually controllable, manner. An adaptive audio
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Figure 13.2: A fHow diagram of a typical adaptive andio effect.

effect [AFx) is one in which, control parameters are changed over time, based on either analysis
of andio, or an external sensor input, such as a gestural control.

Figumﬁhuws the general structure of an AFx. [Vertaille et al.| [2011) developed a classifi-
eation for AFx, which identifies the following AFx categories:

Auto-adaptive An effect where the andio analysis is performed on the input signal that is also
being modified, as shown in Figure[13.3a] The AFx adapts directly to the andio signal being
used. An example of this could be a dynamic range compressor.

External adaptive An effect where the control analysis input is presented from something ex-
ternal, such as an alternative andio stream, or gestural input, as shown in Figure for
example a side-chain compressor.

Cross-adaptive Cross-adaptive AFx, 15 where two different andio tracks are used to modified
each other directly, where both the andio samples, and the AFx interact, potentially conflict
with each other, and typically reach some equilibrium state, which changes as the audio
channels progress, as shown in Figure [13.3c

The use of adaptive audio effect for IMS was formalised b}' (2011). The andio effect
is some signal processing block which maodifies audio, and is adaptive in some way., The feature
mapping or parameter automation is performed, so that the IMS can directly control a parameter,
much in the same way a human engineer would. Adaptive effect implementation is performed
in a number of different ways, depending on the type of audio effect being used ([Verfaille anc
m Im}, and this model can be applied either directly to perceptual attributes of a piece o
music {Holfelt et al.| [2017), or for individual performed to be able to interact with each other in
more musical ways [Sarkar et al | m

AFx are used within IMS to antomate pre-existing andio effect parameters {Reiss and Brandt-|
. This has been a common approach for some time, and intuitively 1t makes sense

to maintain as much of the processing chain as constant when developing IMS. There are many

anto-adaptive andio effects, such as dynamic range compressors, that are not considered to be
intelligent, but do rely on some analysis of an andio signal to antomate some internal parameters.
Even cross-adaptive effects, such as a side-chain compressor, are considered advanced miring tech-
nigues but not intelligent. The AFx approach to IMS allows for an easy and intuitive transition
from [MS to traditional music production paradigms, and there are clear opportunities for how
to interact with, or expose the parameters antomated to a user, such as creating an adaptive
preset , throngh parameter setting recommendation, whether some or all of the
settings, or by operating a fully antomatic plug-in, which fits with typical mixing workflows.
The use of adaptive andio effects within an IMS introduces a mumber of challenges. Primarily,
that there are a large munber of audio effects that can be applied in any order, to achieve a nmmber
of different goals. To this end, there are a number of approaches to analvse and propose an andio
effect chain. [Hmm-l 2017) performed an ethnographic study into the music mixing
processes that are undertaken in studios. Sauer et al.|(2013) used natural language parsing and

a range of semantic terms to define a target, which is analvsed to propose a sugpestion as to
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Figure 13.3: Flow diagrams of the three primary different types of adaptive andio effects.

the types andio processing that should be applied to a given andio track. Igta.'si.'-:. et H.HE[]I?&

conducted a study, evaluating the use and ordering of audio effects on a range of different andio

tracks, in an attempt to understand the types of andio processing chains that are commonly nsed.

This work was developed further, and related to semantic deseriptors (Stasis et HI Eﬂl?[}l. IE‘I{}EMI

and Reiss| [2020) presented a review of semantic approaches to music production, with a focus on
andio etfect manipulation of semantic attributes.

There are, a larpe number of restriction of using AFx in IMS. The limitations on how the
andio can be manipulated and changed is highly limiting, there may be a number of cases where
a specific target is wanted, but the IMS is not able to understand how to achieve the desired
outcome. This is often a problem with student engineers, who may know what they want to

achieve, but do not know how to achieve it (Fatz and Katzl IE{]'[]'HI:I. Furthermore, constructing
an independent IMS for a single andio effect will greatly limit the opportunity for that IMS to

understand the complexity of the impact it may have on the signal, and a later IMS in the same
chain may then be attempting to undo whatever that IMS iz performing. As such, constructing a
global IMS, with an understanding as to the overall musical context will have considerably greater
pOwer.

13.3.2 Direct Transformation

Alternative to using AFx, there have recently been a number of approaches which have demon-
strated some sort of direct andio transformation. Instead of using some mid-level andio interaction
algorithm, which are typically based on some electronic cirenit or mechanical system
~ the andio can be modified directly. This can be performed either though direct audio
sample modification, as performed in end-to-end learning (Martinez Ramirez et al| mb, or
modifving the andio in some reversible domain, such as the short-time Fourier transform M ilni-l
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[lakis et al.| [2016a] Martinesz Ramirez and Reiss| [2017a). The ability to directly transform audio
is common 1n the feld of neural networks, which have demonstrated the ability to directly mod-
ify audio for a range of different tasks, including intelligent mixing (Martinez Ramirez et al
m, andio style transfer ﬂnm Im [Verma and Smith| [2018), andio effect mod-
elling (Martinez Ramirez et al||2020a] [Hawley et al.| [2019), signal denoising (Nercessian and
Lukil||, w and even in sound synthesis (Gatys et al| [2015). Fundamentally, all of these ap-
proaches, w

wether called denoising, style transter or timbre modification, are each andio effect, in

one way or another,

An IMS developed with a direct transformation capacity would not be limited to traditional
himan approaches of modifving andio, instead able to learn to produce the desived effect, regardless
of how possible or easy that would have been through modelling in electronic circuitry
2020). There is no reliance on some complex non-linear mapping between audio attributes,
perceptual attributes and audio effect parameters, and instead the important transformation, and
ordering, are implicitly understood.

There are clear opportunities for a neural network approach to learn some signal processing
transform, based on a given dataset, which could be used to create or realise new andio effect
approaches or ways for interacting with andio, both from a creative and an engineering approach.
This has the potential to allow for some new, interesting and highly meaningful andio effects to be
created. Instead of an engineer having trouble with masking, and thus selectively using a panner,
an equaliser and a compressor, they could instead load up their demasker, which could provide
some composite tool consisting of aspects of all the individual andio effects that are relevant, and
allow dynamic effect ordering where appropriate with a simple high level user interface to control.
This system would not need to have any intelligent control systems, but would be an IMS, as the
usze of the Al technology to develop the audio effect would be the intelligence within the system.

The impact to both the traditional studio paradigm and the opportunities present in con-
structing an IMS are considerable, both easing the ability to shape audio as intended, but also
for the creation of new audio effects, from both a technical and ereative perspective. The direct
transformation paradipgm has yet to be fully explored, and new opportunities are being regularly
coming to light, but none the less, the opportunities for the creation of new audio effects, and
the recent outcomes suggest that the direct transform method has considerable opportunity for
exploration and innovation.

13.3.3 Audio Manipulation Summary

The andio modification approach selected, while constructing an [MS, will influence & number of
factors of the ISM. An AFx approach will modify existing known andio effect parameters in an
intuitive human-fike manner. This fits directly into the understanding of music mixing, and it can
be believe that this approach would swiftly be taken up by practitioners. There are, however, a
number of limitations of this approach. Music is a complex system, and the large multichannel
signal modification required, with several different mapping lavers and understanding the inter-
correlation between different audio effect parameters, andio effect ordering in the signal chain and
processing approaches makes this a highly complex and non-linear search space. It will take a
human mixer vears of experience to gain an intuition as to what effect ordering, and parameter
modification will a given change to the andio, both on a single andio track and relative to the
overall musical mix.

Conversely, when a direct modification IMS is implemented, the system would be able to learn
exactly the transform required for each stage of the process, in a much more interpretable way,
and directly implemented. It would even be possible for this direct transformation to be developed
and framed in the more traditional andio effect domain, this allowing for easy integration into pre-
existing music mixing workfows. The ability for a direct transform IMS to create novel, interesting
and creative andio effects processors can produce insights into existing mixing practices, and is
highly advantageous to expert and amateur mix engineers alike.
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13.4 Human Computer Interaction

There are a mumber of reasons for constructing an IMS. It could be that one is looking to completely
antomate the music miving process, either due to budget constraints, or there is no way that a
liman can possibly be in the position to mix the piece of music, such as in a video game
. Alternatively, the aim could be to use an IMS to develop some form of technology that can
elp 4 mix engineer in a live conditions, such as microphone bleed removal (Clifford and Reiss|
12013| [Moffat and Reiss| [2016). The aim could be to provide a mix engineer with more insight into
the mix, through some form of visualisation IlFm Im, or to be used as an educational
tool m m Based on the aim of developing a given IMS, it is vital to design and
build an IMS, in acknowledgement of how it can interact with a buman mix engineer.

In fields outside of music production, the introduction of IMS to provide task automation
has been prevalent for decades (Sheridan and Verplank| [1978] |Lindsay et al.| [1993). however, the
vast majority of these approaches relate to antomating heavy industry, where working conditions
are slow and dangerous, or on production lines, where repetitive tasks are performed in a highly
repetitive manner, under the supervision of a human operator (Furman and Seamans| 2019||Bolton|
2018). In these cases, there are clear advantages to using an Al system, either to speed
up the process, reduce the risk to workers or to maintain a 24 hour production eyele and vastly
increasing the production outputs.

However, in music mixing, the purpose of an IMS would only ever be to act as a tool, for a
practitioner to use, to allow them to produce their music. Whether they are amateur or profes-
sional, they will all require different types of tools {Iﬂmm-l m, but IMS can be used to
construct useful tools that can provide some advantages to them each. The purpose of the tool,
and the manner s which the tool s used, will define the interaction between the human and the
computer, where it is acknowledged what capacities are given to the Al system, rather than kept
within the hnman mixing domain. proposed a number of different levels of Al
approaches, and how these can be used to construct an IMS. This approach is derived from the
field of self-driving cars (Rodel et al.|[2014), where there is a constant interaction between a human
and an Al in order to both build & trust of the Al system. The analogy of a self-driving car,
and an IMS is a very effective one, as in both cases, there is a striet hnman-computer interaction,
in multiple different ways, from the addition of an antomatic breaking svstem, to automatic gear
selection, to fully automatic driving systems. In both cases, the Al system is being nsed as a tool
for a hnman to use, in a way they see fit, one in a very practical deliberate way, and the other in
a very creative way.,

identified that there are different levels to which a human can interact with an
IMS. These levels of interaction can be described are: Automatic; Independent; Recommendation;
and Discovery.

13.4.1 Automatic

An antomatic IMS is where a series of andio tracks are provided to the IMS and a full mix of the
andio tracks is expected in return. This approach will automate all aspects of the mix, with no
human interaction, other than perhaps a few high level control parameters, where an individual
may wish to select a style or genre to be mixed. This approach could take the form of defining a
set of requirements or constraints ([ lerrell and f'"s.'j.nudlt:r|,|mb~ by identifying a target track to mix
in the same way as (Barchiesi and Reiss|[2009), through the definition of some predefined mixing
goal (Ronan et al.| [2018a), or even through mixing examples to learn the style of a specific mix
engineer (Martinez Ramirez et al.|[2020b). In the self driving car analogy, this approach would he
the fully autonomous driving car.

A fully antomated miving svstem does not require any external interventions, other than the
input of some andio tracks, and thus could be advantageous for an amateur, who is not experienced
with music mixing, but instead requires the highest quality produced andio content, with minimal
effort (Lefford et al.[[2020a). These systems could also be used as benchmark mixes, which could
be analvsed and compared to ones own mix, to reflect on what issues or challenges are being
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faced within a mix. There are cases where it is not possible for a mix engineer to produce a mix,
such as in a video game, where objects and components of the mix are constantly changing and
need to be dynamically mixed (Stevens and Rayvbould| [2013] [Selfridge et al.| [2018). There are a
munber of bespoke approaches for this challenge, which mmeclude noplementing some level of audio
detail (Schwarz et al.| 2011} [Durr et al.|[2015| | Tsilfidis et al.||2009), where sonic elements are only
included when there is suitable space in the mix, for each sonic element. Other approaches include
the dynamic generation of sonic elements within a video game (Farnell] m'hﬁmgual et al | Im
or generative music approaches, only creating and mixing voices as and when required 1Dawm:-11|
2015,

13.4.2 Independent

An independent IMS, is one where a series of tasks can be allocated to the IMS, which it can
manage and perform, while a mix engineer acts as a supervisor to the system. Owverall, the mix
engineer has control over the svstem, with the ability to change or overrule a decision made by an
IMS. The ISM would have to react to the dynamic changes of a mix engineer, who will be modifving
and manipulating other aspects of the andio. This could be achieved through the antomation of
a single type of andio effect, such as gain across all tracks (Perez Gonzalez and Reiss| [2008]).
through the antomation of an entire music mixing process, such as auntomating the final mastering
process (Toulson| 2016} Mimilakis et al| [2016b), through enhancing the andio signal quality for
the mix engineer, in an adaptive manner, by reducing microphone bleed {Van Waterschoot and|
[Moonen| m [Mottat and Keiss| WL reducing the comb filtering effects of phase interference
between sound sources (Clifford and Reiss|[2013), or by mixing a set andio effect to a given task,
such as providing an equaliser to an IMS, and asking for it to maintain the relative masking below
a given threshold (Hafezi and Reiss|[2015). One of the best examples of an independent IMS, is the
“auntomatic microphone mixing” system, developed by ~ where the gain control for a
series of microphone channels is presented to the IMS for antomating, but all other components of
the mix are controlled by the mix engineer. This approach has been integrated into the Yamaha
CL series sound desks.

Another approach that is taken in building an independent IMS, is to allow the IMS to create a
rough miz, where a set of initial parameters are set up for a mix engineer (Cartwright et al.||[2014).
This rongh mix could be based on direct microphone analysis {Motfat and Sandler|[2019¢), through
an understanding of the physical geometry of the room (Terrell and Reiss|[2009), or through some
initialisation process — more commonly known as a sound-check (Lwert and Samllt:rlm. This
is analogous to a car which is able to provide some basic self driving capabilities, such as antomatic
parking IIHHI] et a.l.l IZ[][]H . or monitoring to ensure that the steering s staying within a specific
lane on a motorway, The small segmented tasks are highly useful, individually, but do not remove
the overall system control from the end user.

An independent IMS provides the mix engineer with knowledge as to what the system is

antomating, and how, with an active acknowledgement as to when the IMS will relinguish control
to the mix engineer. One of the most important aspects of an independent IMS, is that the mix
engineer is able to trust the system . The requirement for a consistent, predictable
outeome, that the mix engineer can rely upon, without being betrayved , will greatly
influence the utility of the IMS. If & mix engineer is in a position where they need to battle with
the [MS to achieve the desired onteome, if the IMS contradicts the mix engineer, or if the IMS
introduces some challenges that frustrate or interfere with the mixing process, then the IMS has
no purpose in that mixing context, and the mix engineer will quickly use their supervisory role to
remove the [MS from the music mixing process. However, developing an independent IMS that
can mix andio content within the constraints provided, and understand the greater context of the
changes it makes, provides considerable benefit to pro-am (Sandler et al.|[2019), and amateur mix
engineers, who could be in a position to focus down on smaller simpler tasks, or not have to worry
about the negative impacts of their mixing exploration, and ensuring that a good quality mix is
presented at all points during the mixing process, rather than necessitating a destructive process

before a new and improved mix can be found.
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13.4.3 Recommendation

A recommendation IMS, sometimes called a suggestive mixing system (Motfat and Sandler|[2019a),
is one where the IMS has the capacity to analyse and interpret the current mixing process, gaining
an understanding of the current mixing context (Lefford et al] [2020a), and use this to provide
the mix engineer with some recommendations or suggestions. These recommendations could be
the antomatic labelling of instrument tracks (Panwels et al| [2017] [Sandler et al| [2019). adap-
tive andio effect parameter setting (Paterson| 2011}, Recommendations could take the format of
suggesting an andio processing workflow or chain, either through sugpestion of the andio effect
chain directly ﬁm IMD~ or through the hierarchical sub-grouping or sub-mixing of
stems (Ronan et al.|[2015b).

[Pestana et al.| (2013} developed an IMS which is able to analyse a set of andio tracks and
recotnmend changes to spectral characteristics of the tracks. [Stabltr:s et al| (2014] developed an
approach where audio effect parameters can be suggested, based on semantic descriptors, and
a mix engineer can search through lists of descriptors to find the most appropriate for their
use case. [Zheng et al| (2016) crowdsourced a range of semantic terms associated with different
mixing audio effects, which Seetharaman and Pardo| (2016) developed into an IMS. [Jillings and
rqm m suggested gain miving parameter settings to reduce perceived masking of a set o
audio tracks. [Cartwright and Pardo|(2014) developed an advisory approach to synthesis voicing,
where given a midi score, 1t could make recommendations as to what instrument voice would be
most appropriate for that track. identified oceasions when a single effect, namely
dynamic range compression, has been overused, and negatively impacts the musical mix. IMS
can also utilise mix statistical analysis approaches (Wilson and Fazenda] m'flulumrl and Heiss|
20194, querving attributes of a mix to identify any potential issues, and may be the cause of those
ssnes. Suggestions can then be made to correct these problems ﬂm m, which a mix
engineer would have the opportunity to engage with if they so choose. Extending the autonomons
car analogy, a recommendation syvstem would be comparable to a system to suggest which gear
the car should be in, or making suggestions to slow down as the speed limit changes, as performed
by modern day sat-nav systems.

The real benefit of a recommendation system, is the ability for the IMS to become interpretable
and adaptable. It will make a suggestions to users, who can accept or reject the suggestions, and
this in turn can be used to search for more appropriate answers to the problem, similar to the
approach proposed by |[Wilson and Fazenda) m The engineer maintains control over the mix,
and the IMS at all times, and has the opportunity to actively engage with the IMS, or to pursue
their own mixing approach.

A recommendation IMS could be beneficial to amateur mix engineers, while learning or at-
tempting to hone their mixing skills, or used by professional mix engineers when in a situation
that they are unsure as to what to do, or what approach to take. This approach could even be
considered the intelligent, adaptive and context dependent equivalent to Obligue strategies, devel-
oped by [Eno and Schmidt| m Oblique strategies is a set of cards, which all have different,
peneral comments to consider while mixing, such as “Honour thy error as a hidden intention” or
“Only one element of each kind”. The cards were developed to assist with challenging creative
decisions, or situations where the engineer is not sure what to you. The key aspect, is the control
lies with the mix engineer at all stages, which gives them the power to malke any decision during
the mixing process, with the possibility of querying the IMS if deemed relevant. Furthermore,
the development of interpretable Al systems (Baehrens et al.| 2010}, which would provide insight
into the mixing decisions taken, and justification for recommendations made, could be a highly
insightful one, both from understanding the benefits and applicability of the IMS, but also to
better understand of existing music production workflows,

13.4.4 Discovery

An IMS constructed for the purposes of discovery, is designed to provide the mix engineer with
some additional insight into the mixing process being undertaken. At this stage, the IMS will have
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no ability to enact control over the audio signal, instead producing representations which a mix
engineer can use to inform themselves and aid in their own decision making process. The TMS is
designed to support the mix engineer with their current goals and targets in some way, This could
be through some mix visualisations, comparisons to existing farget mix approaches or a textual
or numerical response to the current mix,

|Hargreaves et al| (2012) developed an approach for structural analysis of multitrack audio,
and vsed this to antomatically identify the chorus and verse components of the musical track

being mixed. [Virtanen et al|{2015) present a review of different approaches for structural sound
analysis. [Wichern et al| {2015 developed an approach for analysing and visualising the level of

inter-track masking within a mix, which lzotope developed into an andio plugin, which is presented
as part of Neutron {lzotope| |2020). [Ford et al.|{2015) took a similar approach, to visnalise the
perceptual masking between sets of andio tracks in a mix. |De Man et al m analysed and
identifying the reverberation level and impact it had on every track within a mix. [Sauer et al |
made a number of mix processing recommendations based on intended target semantic
descriptors. |Cannam et al| (2010} developed an approach for advanced visualisation of an audio

track, and allowed for multiple versions, or mixes, of the same piece of music to be compared to one
another, allowing for an effective comparison and analysis between multiple mives of the same raw
audio input. Where as |Gelineck and Overholt] {2015) and Merchel et al.| (2012} both developed
approaches for providing haptic feedback of music mixing. |Bruford et al.|(2019) developed an
approach for searching for appropriate drum loops, given the rest of the audio content.
created a hierarchical structure to sound, based on unsupervised learning and perceptual
attributes, which is designed to assist with searching for andio samples and loops.

The principal value of this approach is to provide a greater level of understanding as to the
current audio mixture. Following the autonomous car analogy, this would be the development of

parking sensors or a sat-nav technology that can give a view of the traffic around the next corner.
This approach is beneficial to amateur mix engineers, as it can bring insight to parts of the musical
mix, where their hearing ability or experience may not allow them to be aware of otherwisze. [t is
often the case that an amateur will know they have a particular issue, such as a muddy mix, but
not know how they can fix it. This approach can provide simply, easy to interpret information
which can lead to a faster and more effective decision making process.

13.4.5 Control Level Summary

The development of an IMS is heavily constrained by the way in which mix engineers are intended
to interact with it. Engineers can remain in complete control, but allow an IMS to provide some
insight or discovery of the mmsic they are mixing, or they can hand-off the entire mixing process,
allowing the [MS complete antonomons control, with little but the most high level controls over the
result. They way in which this interaction takes place will completely change the dynamic of the
situation, and will directly impact the usability and attitude of the engineer. It is vital that, at all
stages, there is an agreement between the IMS and the engineer as to what the expectation is, and
the [MS should never step outside of this boundary, without clear sipnposting. There is current
research demonstrating all four approaches to developing an IMS, however the challenpes of an
antomatic IMS are only just being overcome. There is a significant need for further investigation
into how individuals can interact with an IMS, and how the IMS can learn from this approach to
refine the mixing protocol implemented. Due to the eritical importance of the interaction between
the IMS and the mix engineer, it is also necessary to understand the approach the IMS will take
to create rules, how they will be represented and what feedback can presented back to the user,
at all stages.

13.5 Further Design Considerations

A number of decisions, that need to be made while creating an IMS have been been outlined. How-
ever, there are a munber of music specific considerations, that can highly influence the effectiveness
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and capacity of an IMS. In this section we will discuss and outlines these approaches.

13.5.1 Mixing by Sub-grouping

Within mixing the process of sub-grouping or using buses, is one where groups of similar tracks
are all mixved together, independent of the rest of the mix, and processed as a smaller group, or
stem, which is then integrated into the main mix. This is most commonly done with voeals and

drums (Ronan et al||2015a), but there are many types of mix buses used in professional mixing
approaches.
[McGarry et al.|{2017) performed an ethnographic study, where they discuss the importance

of subgrouping in music production. IEunuu et al. 12[]1? surveyed a number of professional mix

engineers to ask about their subgrouping practices, and concluded that almost all mix engineers

will perform some form of subgrouping and apply audio effect processing to the group. |[Honan
M m identified that the use of subgrouping will have a positive impact on the final mix
produced. [Ronan et al|(2015b) developed an unsupervised approach for automatic subgrouping
of sets of musical stems, which was shown to improve the result of & mix when used in combination
with an IMS (Ronan et al.|[2018a). Wilmering et al| (2016} describes a formal structure of the
mixing process and audio effect processing workflow, which |Jillings and Stables| (2017a) uses to
make proposals for channel routing of audio tracks.

It is clear that the approach of grouping together andio tracks, and reduce the complexity
of the mmusic mixing problem, is highly advantageous, though the subject still demands further
research. As such, there is an opportunity to develop a bespoke IMS for a given sub-group. 1t
can be considered that where a given IMS would be useful and effective at mixing a drum stem, it
may be less effective at mixing the voeal stem, and then there would be a stem-mixing IMS, which
only needs to process a smaller number of preprocessed music stems. Current results demonstrate
that this approach has the potential to be highly effective in the field of IMS.

13.5.2 Intelligent Mixing Systems in Context

Music production is consistently driven by context. The shape of the music industry now, vs 50
vears ago, mean that they types of musical performances, the expectation on how the music will be
consumed and the expectation of a piece of music have all changed. The music industry and social

contexts of a piece of music shape the way that professional engineers mix {Pras and Guastavino|
, and the way that that music is consumed. It only males sense that the expectation of an [MS
is that this context can, and should, be considered when constructing an IMS. [Pras et al.|{2018)
identified that cultural and geographic differences between groups of individuals will influence how

different mixes of the same track are perceived, making it clear that cultural context, along with
educational and semantic contexts will heavily influence how a piece of music s perceived, and
thus this will influence the types of IM5 required for these given contexts. [Letford et al|{2020a]
present an in-depth discussion as to how mixing in context can be performed, and the necessity of
this approach, whilst |[Pardo et al|(2018) discusses the use of Music Information Retrieval (MIR)
tools, such as source separation and nolse removal within musical contexts,

For example, [Ma et al|{2013) developed an IMS. which analysed 60 years of UK and US
pop music, and it follows that, there an IMS could be constructed, following this approach, that

continually updates the given IMS parameters, identifying suitable genre and eultural contexts to
select data from, and use this to apply an equalisation curve most appropriate to a chosen piece
of nmsic, based on cultural, genre and current societal contexts and trends.

This concept could surely be extended further, to draw inspiration and concepts from latest
releases, or larger sets of andio tracks that fall into a similar cluster, based on the relevant contexts
n a given situation.
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13.6 Discussion

IMS can have a multitude of different aims and purposes. They can be designed to suggest
parameters for a pre-existing digital andio effect, as an educational tool for training students, or be
designed as black-bor systems which will take a mumber of pre-recorded andio tracks and produce
a mix, as high quality as is possible, subject to the quality of the input material. Regardless of
the manner in which an IMS is used, 1t is designed as a tool to be used by an andio engineer or
operator, and as such, the way the tool is interacted with and used is of eritical importance. We
can never forget about the human in the mixing process, as there will always be some creative
intention or decision to be realised, and the form that this interaction takes, will heavily influence
the usefulness of the tool for mixing music, whether that be to remove some noise, as a tool to
produce a full mix, or as creative inspiration.

Sandler et al.| (2019} identified that there are three different levels of experience of individuals
who work in studio production: amateur; pro-am; and professional. The use of IMS will be consid-
erably different, dependant on the individuals experience and knowledge of the music production
field, and their experience of using the tools of the trade. A professional may use an IMS as an
exploratory tool, to allow them to quickly prototype a mumber of ideas that they have, which gives
them a wide range of rough mixes. This will then allow them to decide which creative direction
to take the mix, which they can then pursue in a more traditional manner. An amateur, on the
other hand, may allow the IMS to direct a specific creative vision, and they can gently direct the
IMS within a small range on some specific details, that they are focused on. A pro-am may well
usze the IMS as a collaboration, where the IMS and the individual will work together at different
points, bouncing ideas off each other, moving forward and constantly changing different elements
of the mix until an agreement is met between the pro-am and the IMS.

Music mixing and production is inherently an interconnected process, where processing applied
to each and every individual track is highly dependent on both that individual track, but on every
other audio track that goes into the mix. This means that there are often highly iterative processes,
where changes are made to several different tracks in turn, constantly making small changes to
each track, until a desired effect is reached. Alternatively, a mix engineer may speculate as to how
they can make a particular track sound, and then adjust a number of other tracks to fit with their
imagined track. Regardless of which process is taken, it is clear that there are a high level of inter-
dependencies between all the andio tracks within a mix. This is highly relevant to [MS, as firstly,
there 15 a requirement to model the interdependencies between audio tracks. In a machine learning
context, this is not entirely trivial. This concept, of modelling interdependence between variables
is often called data fusion, and this concept has been applied to music mixing (Hargreaves| |2014),
however there is no consensus as to which approach is most appropriate for an IMS. A review of
data fusion approaches is presented |]}’Fm m

In considering the music mixing process, it could be viewed as a specific type of sound design,
where different sonic elements are gathered together, and erafted into an aesthetically pleasing
format. Similarly in the wider context of sound design, the purpose it to take a number of relevant
sonic elements, select which sounds are most appropriate to include and exelude, and blend them
together In a pleasant and believable manner. The creative design nature of music mixing is
one which lends itself to a combination of both highly technical and highly creative approaches.
Stmilarly, design approaches may include both design and technical approaches.
proposed learning from computer assisted design approaches, when design an IMS. The
prowth of Al technology in both these fields draw some strong parallels, and there are certainly
intersections between the concepts of these works.

The development of a fully antomatic IMS is a contentions subject, as many aspects of music
mixing are considered a dark art, and a highly creative practice, and Al svstems will never be able
to produce a mix in the same way as a professional mix engineer (Birtchnell and Elliott] [2018),
however, there are counter arguments that suggest that the integration of Al tools into the music
mixing workflow can provide powerful new insights into music mixing practices, facilitate new wavs
to explore musical content and even influence the creative capacity of practitioners

. Furthermore, the facility for a mix engineer to misappropriate these intelligent tools, to
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usze them to create new tvpes of sounds, interesting mixes and to guide and influence the creative
music production space have considerable impact on the entire field of music production. The
potential for this new technology to drive potential creative onteomes is well known ,
and there are many changes to the future of music production, with the inclusion of Al mixing
technologies (Prior| [2010} [Pras et al | [2013).

13.7 The Future of Intelligent Mixing Systems

It is clear that there are significant opportunities for new and interesting developments within mu-
sic production, through the development and use of IMS. The opportunities to include some signal
processing approaches, and computational musicology into the system, can provide the svstem with
a better understanding as to the fundamental of music. Fields such as andio source separation
and music information retrieval afford considerably better musical and sonic understanding of the
music medinm, and often of the psvehoacoustic and perceptual attributes, as music is perceived
by people in general.

In the process to developing highly effective IMS system, the opportunity to develop a simplified
stem mizing approaches, which proup together a small number of tracks and produce an effective
submit, has been shown to be a highly promising approach, though clearly further exploration is
needed within this space.

The development of assistive technologies, for the ereation and production of music, also present
a realm of exciting opportunities. Using andio analysis tools to provide recommendation as to
music samples and stems that will work well together, building the structure of & piece of music,
may help reduce laborions tasks of inding the appropriate sounds in libraries of millions of different
sounds. Where as a recommendation for voicing or re-voicing different melodies allow a much
preater control over the shape of the timbre. A method to analyse a melody, either midi or
musical, and recommend alternative instrumnents to play that piece, that would work well within
the content of the current musical composition, could greatly aid the creation, and mixing of any
musical plece.

Video games, virtual reality and angmented reality all lend themselves highly to dynamic
intelligent mixing systems. In these cases, it would never be possible to predict the exact detail
of how an individual will interact with the environment, and there are clear opportunities for
developing approaches that can mix both diegetic and non-diegetic andio content seamlessly, within
these environments,

It 15 clear that there are considerable challenges to overcome within the field of IMS. A combi-
nation of fundamental research, coupled with creative development and integration of technologies
have the potential to have a considerable impact on the music industry and feld of music produe-
tion.
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