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Abstract

Timbre remapping is an approach to audio-to-synthesizer pa-
rameter mapping that aims to transfer timbral expressions from
a source instrument onto synthesizer controls. This process is
complicated by the ill-defined nature of timbre and the complex
relationship between synthesizer parameters and their sonic out-
put. In this work, we focus on real-time timbre remapping with
percussion instruments, combining technical development with
practice-based methods to address these challenges. As a techni-
cal contribution, we introduce a genetic algorithm—applicable to
black-box synthesizers including VSTs and modular synthesiz-
ers—to generate datasets of synthesizer presets that vary ac-
cording to target timbres. Additionally, we propose a neural
network-based approach to predict control features from short
onset windows, enabling low-latency performance and feature-
based control. Our technical development is grounded in musical
practice, demonstrating how iterative and collaborative processes
can yield insights into open-ended challenges in DMI design. Ex-
periments on various audio representations uncover meaningful
insights into timbre remapping by coupling data-driven design
with practice-based reflection. This work is accompanied by an
annotated portfolio, presenting a series of musical performances
and experiments with reflections.
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1 Introduction

Digital musical instruments (DMIs) often involve mapping sensor
inputs to synthesizer parameters—a well studied topic [1, 27, 28].
One compelling approach to mapping is to use audio features
captured from an instrumental performance as the primary input.
Such a mapping enables musicians to leverage proficiency on a
familiar instrument to control new sounds, effectively “recycling
virtuosity" [52].

In this work, we explore a method for audio-to-synthesizer
mapping through timbre remapping. The core assumption of
timbre remapping is that relative differences in timbre should
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be preserved during mappings—that is, that timbral differences
observed between successive notes in a musical phrase are re-
flected in the sound of the synthesizer. This draws on the concept
of timbre analogies [15, 37, 54], or the idea that timbral phrases,
like melodic phrases, can be transposed. In effect, we seek to
transpose timbral phrases from our input instrument onto our
synthesizers. Such a mapping enables deliberate navigation of the
timbre space of a synthesizer from an instrument, emphasizing
the role of timbre as a structuring force in the creation of musical
phrases [35]—particularly salient for percussion [13].

In previous work [45], we designed a timbre remapping sys-
tem for percussion using differentiable digital signal processing
(DDSP) [16], which implemented a differentiable 808 drum syn-
thesizer controlled by a neural network for real-time performance.
DDSP enables DSP synthesizers to be integrated with neural
networks and trained on audio loss functions using gradient-
based optimization; however, restricts synthesizers to differen-
tiable implementations. In this work, we replace gradient descent
with a genetic algorithm, which can be used with arbitrary non-
differentiable synthesizers such as Virtual Studio Technology!
(VST) plugins and hardware synthesizers. Audio features, com-
puted on synthesizer outputs, are used by our genetic algorithm
to search for parameter settings that match timbral differences
observed in recorded drum performances. Offline searches result
in a corpus of synthesizer presets and their associated audio fea-
tures. Real-time, low-latency performance is enabled via neural
networks that are trained to predict audio features captured over
longer temporal windows (i.e., 250ms)—which were used during
search—from features computed on short windows (i.e., 5ms) at
a detected onset.

During the design of this timbre remapping system, other
questions emerged with less obvious solutions. The most press-
ing of these questions relates the use of audio features to rep-
resent sounds and the impact they have on mappings. Often,
audio features do not map to perception in clearly defined ways,
which leads to uncertainty regarding which features are most
salient to include for timbre remapping. Taking inspiration from
previous work that has turned to practice-based methods for nav-
igating complex and open-ended problems in DMI design [10],
we engaged in a collaborative design process with a practicing
percussionist and researcher—the second author of this paper—to
explore this question. We conducted data-driven and practice-
based experiments to investigate audio features as they relate
to timbre remapping and to explore the musical affordances of
our proposed system. Situating our design within the practice

Uhttps://steinbergmedia.github.io/vst3_dev_portal/pages/index.html
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of the second author, which involves augmenting drums with
machine learning, enabled us to reflect on data-driven results
within practice and resulted in meaningful design interventions
and insight into the nature of percussive timbre remapping. An
annotated portfolio [21] of mapping variations and performances
recordings is presented alongside this work on a supplementary
website?, which additionally contains an appendix and code links.

2 Background

2.1 Timbre, Representations, and Analogies

Musical timbre, a concept that has resisted precise definition [31],
has been referred to as the “psychoacoustician’s multidimen-
sional waste-basket category for everything that cannot be la-
belled pitch or loudness” [36]. Studies investigating the percep-
tual differences between instrumental tones have been used to
construct a multi-dimensional representations of timbre, referred
to as a timbre space [23], and acoustic correlates for each dimen-
sion identified [6, 24]. Many audio features that describe timbre
have been proposed [39, 40], and have found broad application,
including in music information retrieval tasks related to percus-
sion instruments [25, 51] and computational musicology studies
on drum kit performances [13].

Research into timbre analogies seeks to identify whether trans-
positions of timbre sequences, similar to how one might trans-
pose a melody, might be a perceptually viable operation. This
concept was first explored by Ehresman and Wessel [15] and
was subsequently proposed as a method for DMI control [55].
Later studies verified the perceptual viability of timbre analogies
[37]. Given a pair of sounds x, and xp, they asked participants to
select a sound x4 (from a set of choices) that differed from x. by
the same amount as x;, differed from x,. Results showed that xz
could be predicted by a parallelogram model of similarity within
a multi-dimensional timbre space. We use timbre analogies as
the basis for performing timbre remapping in this work.

2.2 Synthesizer Programming and Mapping

Programming synthesizers to achieve desired sonic outcomes
is a challenging process that has drawn considerable research
attention [7, 44, 56]. A common approach is sound matching, an
inverse problem that involves determining synthesizer parameter
settings to reproduce a target sound. Previous work has largely
employed genetic algorithms [34, 50] and deep learning [5, 17,
32, 56]. Genetic algorithms iteratively explore large parameter
spaces with minimal constraints; however, they tend to be slow
and typically solve a single target at a time. Deep learning allows
fast inference after training, but their effectiveness can be limited
by suboptimal parameter loss functions [17].

Our goal is related to, but distinct from, sound matching: rather
than reproducing a sound, we seek variants of a preset that differ
in timbre by a specified amount. We propose a formulation of a
genetic algorithm to generate datasets of synthesizer parameters
for non-differentiable synthesizers. These datasets can either be
queried directly or used as training data for a neural network.
Evolutionary algorithms have previously been employed to navi-
gate synthesizer parameter spaces; however, primarily focus on
an interactive sound design context [11, 46]. For background on
evolutionary algorithms within a musical context, we refer the
reader to Dahlstedt’s comprehensive overview of the topic [12].

https://jordieshier.com/projects/nime2025/
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Real-time, audio-driven control of synthesizers based on tim-
bral features has been explored with corpus-based concatenative
synthesis [43] and vocal-driven mapping to VSTs [20]. Although
not focused on audio-driven control, Fasciani proposed a system-
atic method for analyzing timbre features in relation to synthesis
parameters to support timbre-to-parameter mappings [19]. A
timbre remapping approach was proposed by Stowell and Plumb-
ley [49], which identified the challenge in mapping between
distinct timbral distributions, and proposed an unsupervised re-
gression to tree to support this mapping. A key difference of our
timbre remapping approach is the use of timbre analogies for
audio-driven control.

2.3 Practice-Based DMI Design

Dahl describes the “problem" of DMI design as a “wicked prob-
lem"—a problem that is complex, lacks clear guidelines, and has
ambiguous success criteria [9]. Practice-based approaches offer a
method for navigating these problems and involve an “iterative
conversation with materials through which problem setting and
problem solving co-occur [10]." A practical example includes the
development of the TANC DMI [57], which involved iterative
cycles of practice and redesign. Practice has also been proposed
as a method for evaluation in DMI design [29], where examina-
tion of user experience in musical context supports reflection on
designs and generation of new ideas.

Technical research can also be practice; Pelinski et al. proposed
the concept of technical practice research as an alternative mode
of knowledge production, prioritizing first-person and real-time
insights [41]. Green et al. use the term practice-led design to de-
scribe an iterative methodology incorporating practice research
and technical research [22]. In contrast with a traditional design
process, they identify a process that involves repeated episodes
of practice, reflection on theories, refinement, and re-application.

3 Design Overview

We approach the design of real-time timbre remapping through a
process of collaborative, iterative prototyping that is grounded in
the musical practice of the second author. In doing so, we aim to
address both practical challenges, such as navigating synthesizer
parameter spaces and implementing a low-latency performance
system, and open-ended problems related to the use of audio
features for timbre remapping. We first outline the main design
problems and then describe our collaborative design process.

3.1 Problems

3.1.1 Navigating Synthesizer Parameter Spaces. We seek synthe-
sizer parameter settings to match specific sonic attributes. Our
initial mappings leveraged DDSP to achieve this task; however,
this approach restricts us to synthesizers that are differentiable,
limiting generalizability. A key question arises: How can we cre-
ate datasets of synthesizer presets for non-differentiable, black-
box? synthesizers—both software and hardware—that possess
the desired sonic characteristics?

To state this problem more precisely, given a feature extraction
function f(-) that produces a k-dimensional feature vector x €
R¥ from a window of audio, we can produce a dataset of M audio
feature vectors X = {x1, Xy, ..., Xp} from a set of M individual
drum hits extracted from a recording. Timbre trajectories are then

3A system where the internal workings are opaque. Only the inputs and outputs
can be observed.
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computed by selecting an anchor sound x, € X and computing
the feature difference for all items in the dataset:

AX =X - 1x}, (1)

Then, given a synthesizer, which can be described as a function

g(¢) that maps from synthesizer parameters ¢ to audio, we can
compute synthesized timbre trajectories:

Ay = f(9(¢)) = f(9(¢a)) @

where ¢4 is an anchor synthesizer preset, which we manually
select in this work. We seek a set of synthesizer parameters
D = {¢p1, P2, ..., Pp} such that the resulting synthesized timbre
trajectories match those in our input dataset, i.e., AY ~ AX, where
AY = {Ay1, Ays, ..., Ayp} is generated by applying equation (2)
above to all synth parameters in ®.

3.1.2  Audio Representations for Timbre Remapping. Selecting
audio features for constructing timbre analogies is another chal-
lenge. Although numerous audio features exist and some corre-
late with perception [6], they often do not map directly or consis-
tently to human experience. Multi-dimensional representations
encode a notion that perception is segmented along indepen-
dent axes. For example, features like spectral centroid and lower
MFCCs (minus the 0th coefficient) are chosen for their invariance
properties, such as amplitude-invariance under linear scaling,
which help isolate timbre characteristics independent of loud-
ness or pitch. These properties are attractive for constructing
timbre analogies because they support mathematical operations
where sounds can be translated along certain dimensions while
being held constant along others. However, research shows that
even “basic" sound dimensions interact in complex ways with
timbre [42]. Furthermore, perceptual evidence for these analogies
is limited to certain translation magnitudes [37]. The entirety
of auditory perception does not neatly conform to models. This
leads us to ask: How do we make decisions in light of “perceptual
incorrectness” of our representations when designing mappings?

3.2 Process

The design and experimentation were conducted collaboratively
by the first two authors. Author A is a doctoral researcher study-
ing machine learning and music and has a background in per-
formance with live electronics. Author B is an active performer,
improviser, and researcher experienced with augmented percus-
sion and machine learning in Max/MSP.

Our collaboration began with email exchanges and Zoom calls
in spring 2024, during which a mutual interest in exploring tim-
bre remapping within Author B’s musical-technical practice was
established. Early experiments involved exploring our initial
DDSP-based system and developing a prototype system using
a genetic algorithm. Initial design questions, as outlined above,
began to emerge at this stage. During a second phase of develop-
ment we engaged with the design space of our timbre remapping,
particularly as it relates to the use of audio features. Over the
course of several months in fall 2024 we developed the timbre
remapping system and performed data-driven and practice-based
experiments in an iterative process. Remote dialogue between
authors was facilitated by sharing video recordings of patches,
audio examples, and reflections over email. The final design phase
was an intensive, three-day in-person studio session at QMedia
Open Studios at Queen Mary University of London. We engaged
in practice-based experimentation and reflection through criti-
cal listening and performance, and intervened with our designs.
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Figure 1: Snare drum with crotales. Drum trigger and DPA
microphones attached at the top of the left of drum.

Table 1: Selection of synthesizers used in experiments

Synthesizer Format Method Params

808 Snare!  Max Sines + filtered noise 14

Quantussy? Max Chaotic 9
Derailer’ VST Physical modelling 91
FM24 Max4Live FM 9
Eurorack’ Hardware FM / subtractive 7

1 808-inspired snare drum from [45]

2 Digital emulation of the “central analog brain” of the CocoQuantus Ciat-
Lombarde; see https://ciat-lonbarde.net/ciat-lonbarde/cocoquantus/index.html
3 https://physicalaudio.co.uk/products/derailer/

4 FM2 from Ableton’s Max for Live Essentials Drum Synth collection

5 See supplemental website for description

Drawing from technical practice research [41], we kept audio
and written journals, regularly pausing to reflect and discuss new
insights.

3.3 Context and Materials

During remote collaboration the second author utilized a snare
drum that was optionally extended with crotales (small, tuned
cymbals) placed on the top head, and in-person we used a dif-
ferent snare drum and a cowbell to mimic the crotales. Two
different acoustic sensors were used. The first is an open-source
drum trigger* based on the Sensory Percussion® triggers and the
second a DPA 4099, The two sensors can be used separately for
both onset detection and audio feature extraction, or combined,
where the drum trigger is used for onset detection and the DPA
for feature extraction. A photo of the snare drum used during
remote collaboration is shown in Figure 1. We selected a set of
software and hardware synthesizers, outlined in Table 1, aimed

4https://www.cycfi.com/2023/04/nu-drum-sensor/
Shttps://sunhou.se/
Chttps://www.dpamicrophones.com/microphones/instrument/4099?variant=29
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Figure 2: Overview of real-time mapping system.

at covering a range of synthesis techniques with varying num-
ber and complexity of parameters—which include time-varying
modulations such as envelopes and low-frequency oscillators.
A complete list of all employed synthesizer parameters can be
found in the appendix. Synthesizers that we regularly use in our
own musical practice include: the Eurorack modular synthesizer
(Author A) and Quantussy (Author B).

4 Timbre Remapping Design

Here we outline the proposed timbre remapping system. The
primary steps involved include:

(1) recording an input dataset for feature extraction;

(2) compute feature differences on dataset;

(3) perform genetic algorithm search with a synthesizer to
match feature differences resulting in a corpus of synthe-
sizer sounds;

(4) train neural networks (timescale regressors) to predict
audio features from onset features;

(5) real-time performance by querying corpus using feature
differences computed on timescale regressor output.

The final playable system is reminiscent of the two-layer map-
ping model proposed by Hunt et al. [28], although the middle
parameter layer in our system represents audio features that can
be manipulated to effect meaningful timbral adjustments, an af-
fordance we found useful in practice. A diagram of our resulting
system is shown in Figure 2. We developed primarily in Max/MSP
using the SP-Tools’” and FluCoMa® packages, with the GA de-
veloped in JavaScript (ECMAScript 6+) using the v8° package
available in Max 9. Neural network training and hyperparameter
tuning was conducted in Python.

4.1 Audio Feature Extraction

The first step is to record a small dataset (a few hundred drum
strokes) of material from the input instrument, which defines
the range of timbre variance for mapping. Onset detection is
performed using FluCoMa’s AmpSlice object, which selects on-
sets based on a thresholded difference between two time-domain
envelope followers—a fast envelope and a slow envelope. A short

"https://github.com/rconstanzo/SP-tools
Shttps://www.flucoma.org/
“https://docs.cycling74.com/reference/v8/

window is extracted following a detected onset for feature extrac-
tion. Three different window sizes were considered: 256 samples
(= 5.8ms at 44.1kHz), which supports low-latency operation,
4410 samples (100ms) and 11025 samples (250ms), which are used
during the offline search phase and were selected to capture low-
frequency content and the morphology of percussive sounds at
different time scales. Here, we refer to morphology as the time-
varying sonic characteristics of a sound including the amplitude
and spectral evolution.

4.1.1 Audio Features. A selection of audio descriptors were se-
lected based on the second author’s practice and those available
in FluCoMa. These form four sets of multidimensional audio
descriptors, which are outlined in Table 2. All features are com-
puted using frame-based processing. The first-order derivative
over time-varying frames is optionally computed and appended.
The temporal dimension is then reduced using loudness-weighted
summary statistics. Once feature vectors were computed for all
samples in the dataset, we optionally normalized along each di-
mension using the observed minimum and maximum. In practice,
we found normalization improved results for hybrid descriptors
and spectral shape features, but not MFCCs or Mel-bands. See
the appendix for full details of feature extraction.

Each feature set encodes different sonic attributes for com-
parison. The hybrid descriptor set encodes loudness, pitch, and
timbral dependencies. Mel-bands encode loudness dependencies
specific to certain frequency ranges. MFCCs without the 0th co-
efficient have been noted as being relevant to timbre [8], and are
less-sensitive to both pitch and amplitude. The spectral shape fea-
tures provide an alternative perspective on timbre representation
and are also less-sensitive to amplitude.

4.1.2  Feature Difference Vectors. Once a dataset of audio features
X has been created, we compute feature differences with respect
to an anchor sound x, which is selected as the median within the
dataset. Concretely, we compute a central sample m by taking the
median of each feature independently across all samples in X. We
then select x, as the sample closest to m using Euclidean distance.
We then create a feature difference dataset AX by subtracting the
anchor feature from each item in the input dataset, as described
in Equation (1).
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Table 2: Sets of audio descriptors used

Name Features Dimensions Derivative Summarization
Hybrid Descrip- loudness, spectral centroid, spectral flat- 8 yes (except pitch) mean

tors ness, pitch, pitch confidence

Mel Bands 40 mel-bands 40 no mean

MFCCs coefficients 1-13 104 yes mean, std, min, max
Spectral Shape  centroid, spread, skewness, kurtosis, 14 yes mean

rolloff, flatness, crest

4.2 Genetic Algorithm Corpus Generation

Here we address the problem of creating datasets of synthesizer
presets as described in the problem formulation in Section 3.1.1.

4.2.1 Genetic Algorithm. We use a GA to search for synthesizer
presets, which has no constraint on differentiability. Our initial
efforts followed previous work on synthesizer sound matching
[26, 34] and involved independent searches for each Ax € AX.
We briefly describe the genetic search process for a single target.

The search starts with a population of individuals, i.e., a set of
synthesizer presets ® = {¢1, P, . . ., pn } where @; corresponds to
a single candidate synthesizer preset and N is the population size.
Each individual is uniformly randomly initialized ¢; ~ U(0,1)
(all synthesizer parameters are normalized). We also include the
anchor preset ¢, in the initial population. Each individual is then
evaluated by first synthesizing the new preset and computing the
synthesized feature difference Ay using Equation (2). The fitness
is then calculated using a fitness function £, defined as the mean
absolute error (MAE) between the target feature difference Ax
and the synthesized feature difference Ay:

k
LMY = D 5 - i ©)
where k is the dimensionality of the feature space. A fitness value
is computed for each individual in the population.

Following this, each individual is evolved using a set of genetic
operators, which are inspired by biological processes including
genetic mutation and crossover. These operators are applied
to the current population to generate new offspring. Mutation
applies a random modulation to each parameter during each
iteration to discover variations of current solutions, whereas
crossover randomly swaps genes (i.e., individual parameter val-
ues) between two individuals to generate a new offspring. We
found that using a single operator, polynomial mutation [14], pro-
vided the best results in terms of discovering timbre analogies.
Synthesis parameters are in a normalized range [0, 1], leading to
a slightly simplified version of polynomial mutation, which is as
follows:

O1(xp,r) r<0.5,

§(xp,r) = 4)

Op(xp,r) otherwise.

1
Si(xp,r) = [2r+ (1= 2r) (1 —xp) ™|+ -1 (5)

1
Sp(xp.r) =1 [2(1 = 1) +2(r = 0.5)(xp)"|*T (6
The final mutated value is then computed as follows:

Xo = Xp +0(xp, 1) (7)

where x, is the current (parent) parameter value, x, is the mu-
tated (offspring) parameter value, r is a random number r ~
U(0,1), and 7 is the polynomial mutation index, which deter-
mines the variance of the mutation. This process is repeated for
a set number of iterations.

4.2.2  Single-Search Multi-Target Corpus Generation. Running
this process on each target from the input dataset is time consum-
ing as it requires M separate searches. Based on the fact that our
synthesized sounds should be variations of a preset, we hypothe-
sized that it may be possible to generate solutions for all targets
in a single run using variations within an evolving population.

The main problem we faced in single search corpus generation
was how to select individuals for the next population. Elitism is
a common tactic to maintain the best performing individual in a
population without modification—but this breaks down when the
number of targets is greater than the population size, i.e., M > N.
To ensure adequate coverage of our target dataset, we devised
a method for selecting the next population using k-Means clus-
tering [33]. The target dataset of size M is partitioned into N
(population size) clusters using k-Means and representative sam-
ples are selected as those closest to the cluster centroids using
Euclidean distance. During a search, the fitness of each candidate
is evaluated against these representative samples, and the new
candidate is kept if it improves upon the previous best solution
for that representative sample. In parallel, the best solutions for
all targets in the input dataset AX are stored and updated during
the search. We also maintain an archive of all candidates evalu-
ated during a search, which provides a much larger and diverse
corpus of synthesizer presets for nearest neighbour mapping
(described in Section 4.4), while still containing solutions based
on the targeted search.

4.2.3  Evaluation. Our evaluation goal was to validate our ap-
proach within the constraints of our practice rather than to pro-
vide a comprehensive evaluation in relation to existing methods.
We used two metrics to assess the GA: average fitness value
and target coverage (the percentage of targets with unique solu-
tions). These reflect our aim to generate distinct, high-quality
solutions for each target. To validate our k-Means selection ap-
proach we compared with an alternative method inspired by
MAP-Elites [38], which selects individuals for the next popula-
tion through randomly sampling from the set of optimal solutions
assigned to each target. We ran multiple GA runs with the 808
snare synthesizer using a dataset of 267 drum hits. Each run
lasted for 25 iterations with a population size of 100 (~ 21 min-
utes). The k-Means selection approach on average outperformed
the random selection method, as shown in Figure 3. These results
show that on average we are able to find unique solutions for
about 40% of the target dataset, although with some variance.
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Figure 3: Fitness and target coverage across genetic search
iterations, comparing our k-Means selection to random
target-based selection. Bold lines show averages; shaded
areas indicate standard deviation.

4.3 Timescale Regression

Following GA corpus generation, we have a dataset of synthesizer
presets paired with their feature differences. However, feature
extraction during the GA search may be computed using win-
dows of 100ms or 250ms, complicating the process of querying
presets in real-time with low-latency from our input audio. To
overcome this issue we train neural networks to predict audio
features computed over longer windows from short windows of
256 samples. It is worth noting that the dimensionality of the
features remains consistent across different window sizes due to
temporal summarization statistics.

Timescale regressors are trained once per instrument, for each
set of audio features, and can be reused across different synthe-
sizers and mappings. Multi-layer Perceptrons (MLP) networks
are trained using a hyperparameter search [3]'°. Input and out-
put data is normalized prior to training. A validation set of 20%
is withheld from the training dataset and training is halted if
the validation loss doesn’t improve for 20 epochs. The best re-
sulting neural network with respect to validation loss during
hyperparameter search is saved for inference within FluCoMa.

1For details on the hyperparameter search please refer to our supplemental website.
We release a Python tool alongside this paper to support FluCoMa practitioners
with neural network training.
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Table 3: Timescale regressor errors (MAES) for predicting
100ms and 250ms features from 256-sample inputs. Base-
line shows error without regression.

100ms 250ms
Features Baseline Predict Baseline Predict
Hybrid Descrip- 0.48 0.12 0.56 0.15
tors
Mel-Bands 0.20 0.08 0.26 0.12
MFCCs 0.38 0.09 0.56 0.10
Spectral Shape 0.36 0.10 0.40 0.12

4.3.1 Evaluation. To evaluate timescale regressors we trained
regressors for all features mapping from onset features to features
computed with 100ms or 250ms windows. To verify that timescale
regressors offer a benefit, we benchmark against using the onset
features themselves in place of the longer term features, that is,
we compute the error between the onset features and the longer
windows. Timescale regressors for each feature were trained
using a hyperparameter search, and the best resulting network
based on validation loss was selected for evaluation. Training
was conducted on a dataset of 1233 drum hits, and evaluated
on a separate evaluation dataset of 650 drum hits recorded on
the same drum. Error was computed using the mean absolute
error on normalized feature values, averaged across all hits in the
evaluation datasets. Results are show in Table 3, and highlight
that timescale regressors offer clear improvements.

In addition to numerically validating these regressors, we also
performed qualitative evaluation in practice. We found it useful
to visualize the outputs produced by the timescale regressors on
real-time plots to visually confirm that predicted features follow
contours that matched our perceptual expectations.

4.4 Real-time Timbre Remapping

We now have a corpus of synthesizer parameters, paired with
audio feature difference vectors, and a method to compute longer
term audio features in real-time with low-latency from onset
features. The process of real-time timbre remapping is visually
outlined in Figure 2 and is performed as follows: 1) an onset is
detected from an input stream; 2) audio features are computed on
a window of 256 samples; 3) longer term features, the same used
during the GA search, are predicted using a timescale regressor;
4) the feature difference with respect to the anchor drum x is
computed; 5) synthesizer presets are queried from the generated
corpus and synthesized; 6) (optionally) loudness compensation
is applied (described below). We used a nearest neighbour search
with the k-d tree algorithm [2] in FluCoMa. Training neural
networks to predict synthesizer parameters from features is also
an option; however, we found the nearest neighbour search to
be sufficient for prototyping, supporting faster design iterations.

4.4.1 Loudness Compensation. In parallel with timbre remap-
ping, we built in functionality to adjust the loudness of the syn-
thesized output to map the input. We use loudness, k-weighted,
relative to full-scale (LKFS) [53], implemented in FluCoMa. Loud-
ness for synthesizer presets are stored alongside the feature differ-
ence vectors during evolutionary search. The difference between
the loudness detected during the onset frame of an input and the
loudness of the synthesizer preset is used to adjust the amplitude
of the synthesizer in real-time.
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5 Experiments

We present a set of technical and practice-based experiments
aimed at investigating the nature of audio representations, based
on our inquiry outlined in Section 3.1.2, and to explore the musical
affordances of our timbre remapping system.

5.1 Data-Driven Experiments

In work focused on timbre remapping audio features extracted
from vocal signals Stowell [48] defined a selection criteria for
audio features: robustness, relevancy, and independence. We fo-
cused on robustness in these data-driven experiments and investi-
gate relevancy through practice. Independence between features
is a useful quality for selecting a minimal set of features for
classification-based machine learning tasks; however, in the case
of timbre remapping it is not immediately clear that indepen-
dence is desirable. Audio features that are highly correlated on a
particular acoustic instrument may not necessarily be correlated
on a synthesizer — encoding this relationship across multiple
features may be important for successful timbre remapping.

Robustness measures the stability of audio features across
input gestures that are deemed to be similar. We evaluated our
representations on both acoustic drum signals and synthesizer
sounds using a method outlined by Fasciani et al. [18, 19]. The
metric is the relative mean difference (RMD), which measures
the statistical dispersion of a signal. RMD is defined as:

RMD = i1 21 ixi - xj’
|Z2 x| (n—1)

where n is the number of samples and x is the individual fea-
ture being investigated. For drums, we recorded 32 hits with
consistent loudness and strike location with 10 different snare
drum hit locations and 6 different crotale hit locations. We also
recorded hits with variable loudness and consistent strike loca-
tion to query the loudness sensitivity of features. We evaluated
different timescales and tested the three acoustic sensor combi-
nations. For each synth, we generated 100 random presets and
recorded each preset 100 times with the same note and veloc-
ity (if the synth accepted MIDI). Fasciani et al. select individual
audio features if the RMD value is below a threshold. RMD is
scale-invariant, so all RMD values are in a normalized range. We
follow Fasciani et al. in using a threshold of 0.5.

Overall, results were remarkably similar across the drum and
synthesizer sounds. The main takeaways from this analysis is
that derivative features included in the hybrid descriptors and
spectral shape features are not robust, even for repeated synthe-
sizer sounds. The non-derivative features for spectral shape on
the other hand were robust for both loudness consistent and loud-
ness variable datasets, confirming the loudness insensitivity of
these features. Looking at results for different microphone combi-
nations, the combination of the drum sensor and DPA performed
the best, with the DPA by itself also performing well.

Based on these observations, we decided to remove the deriv-
ative features from the spectral shape extractor. We kept deriva-
tives in the hybrid descriptor extractor as a counter example
to investigate whether morphology encoded by these features
would be useful for timbre remapping, despite noisiness.

®)

5.2 Practice-Based Experiments

Practice-based experiments were conducted throughout the de-
sign process. We conducted listening-based reflections using
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pre-recorded musical phrases with different variations and per-
formed with our mappings in-studio. Reactions and ideas that
emerged through dialogue were captured via audio recording and
periods of journalling. Reflection on this data surfaced several
key themes, which are summarized here.

5.2.1 Defining Success. Ultimately we evaluated the success of
a mapping based on aesthetic judgements and broad experience
during listening and playing; however, several concrete elements
emerged: 1) Consistency (but not too consistent): noisiness in
mappings was undesirable, however too little variance was also
bad; 2) Repeatability: we were able to reproduce sounds with
intention; 3) Perceptual Alignment: timbral contours matched
our expectations; 4) Plausible; timbral analogies were being
solved through reasonable synthesizer parameterizations.

5.2.2  Inter-Modulations vs Intra-Modulations. We distinguished
between inter-modulations (e.g., hitting the drum vs. hitting
the rim) and intra-instrument modulations (e.g., hitting different
locations on the same drum head). Certain features captured inter-
modulations well but produced overly varied intra-modulations
(hybrid descriptors and MFCCs) and vice versa for others (Mel-
Bands). Overall we found the spectral shape feature to produce
the most balanced mappings.

5.2.3 Direction of Timbre Trajectories. We noticed that for cer-
tain features, particularly with the MFCCs, timbre analogies were
mapped in reverse to our expectations. For example, rim-clicks
sometimes mapped to darker sounding presets instead of brighter
ones. This directional misalignment highlights both our sensi-
tivity to the directionality of timbral changes and to a potential
limitation of MFCCs to represent these timbral translations.

5.2.4  Synthesizer and Performance Dependencies. Each synthe-
sizer exhibited distinct timbre remapping behaviours. The 808
snare often produced unexpected results due to pitch volatil-
ity and excessive noise whereas the chaotic Quantussy synthe-
sizer responded well to timbral remappings, likely because its
parameters are less directly tied to loudness and pitch. Finally,
the performance context mattered: while the physical modelling
synthesizer Derailer produced sonically smeared results in pre-
recorded material, live performance allowed natural adaptations
to its long resonances, result in a rich performance experience.

5.2.5 Importance of Loudness Mapping. Applying loudness com-
pensation to the synthesized results was a simple extension that
we found broadly beneficial. Although some feature extractors
(i.e., hybrid descriptor and Mel-bands) encode loudness, we gen-
erally found that tying loudness to the input was favourable.

5.2.6 Lack of Morphology. In general, we found that morpho-
logical aspects of our input sound, both timbral and amplitude-
based, were poorly mapped onto parameters associated with
time-varying characteristics. Morphology was encoded to a cer-
tain extent through derivative features, however our GA search
was unable to leverage this information effectively.

5.3 Exploration of Musical Affordances

We implemented several mapping variations that explored timbre
remapping within a performance context during our collaborative
in-studio sessions. These patches either sought to mitigate a
perceived short-coming of timbre remapping, or explored creative
extensions of it. These patches, with reflections, are shared on



NIME °25, June 24-27, 2025, Canberra, Australia

our supplementary website in the form of an annotated portfolio
with videos: https://jordieshier.com/projects/nime2025/.

6 Discussion

6.1 Evolving Parameter Spaces

The genetic algorithm provided a method to explore diverse
synthesizer spaces with respect to audio features. This method
supported rapid prototyping of mappings with alternative audio
representations over multiple non-differentiable synthesizers,
including hardware synthesizers like Eurorack modulars. Being
agnostic to the target synthesizer enabled swapping synthesiz-
ers with minor configuration—we developed a Max wrapper for
VSTs and hardware synthesizers to support this. However, not
all synthesizers are built the same, and the internal mapping of
parameters to sound generators had a strong bearing on results.
Some of our best results were achieved through thoughtful tun-
ing of parameter ranges, which we did for Quantussy, allowing
for more explicit focus on timbre variations with less-sensitivity
to pitch and loudness.

Speed is a factor with evolutionary algorithms. Most of our GA
runs lasted for about 20 minutes, which involved the evaluation
of 2500 different synthesizer parameters using windows of 250ms
for audio feature extraction. The speed of the GA and reliance on
real-time synthesis (as opposed to offline accelerated synthesis)
is an obvious downside of this approach. Offline and parallelized
synthesis with VSTs is supported using Python VST wrappers like
DawDreamer [4], although this complicates the process of quickly
generating playable mappings in a creative coding environment
like Max/MSP.

Although evolutionary algorithms are by no means a novel ap-
proach for synthesizer parameter search, we think that a deeper
exploration of how they can be integrated with other machine
learning approaches is an exciting direction, either for the gener-
ation of datasets, like we explored here, or by combining learned
representations to steer evolution [47].

6.2 Negotiating Audio Representations

One of the main goals of our work was to develop a deeper under-
standing of timbre remapping with audio features. Comparing
data-driven insights with practice-based reflections provided us
with a method to better understand the impact of feature selec-
tion for timbre remapping in our musical context. Maximizing
robustness with the spectral shape was effective and generally
resulted in mappings that responded in a balanced way to a wide
range of timbral variations. Extending this work to explore the
relationship between audio features and synthesizer parameters
would be particularly valuable—for example, by systematically
identifying features that both characterize acoustic percussion
instruments and capture meaningful variations on the target
synthesizer. Techniques introduced by Fasciani [19] could likely
be adapted to support this investigation.

Practice-based interventions upon our timbre remappings,
particularly when they were aimed at overcoming shortcom-
ings, provided valuable insights into what worked well and what
didn’t. For instance, morphological control was a particularly
salient shortcoming and we found ourselves trying to address
it by directly mapping audio features from the input to controls
for envelopes to effect more dynamic control over amplitude
shape. A patch involving multiple mapping systems operating on
different timescales highlighted the potential to integrate infor-
mation from distinct temporal segments to enable fine-grained
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control of a sound over time. In general, exploration of richer rep-
resentations of sonic morphology—either through exploration of
pre-processing techniques for derivative features or alternative
techniques —and how those map to synthesis parameters could
be a valuable line of future work. One theme that emerged during
our more experimental patching sessions was that of “queryable"
features versus “transferable” features. That is, the question of
what features should be applied to the process of timbre mapping
(queryable) and what features should be directly mapping (trans-
ferable) to the output. Loudness compensation is an example of a
feature that worked well for transferring. Others, such a timbral
transfer or pitch transfer may also be interesting.

7 Conclusions

Timbre remapping is a difficult task. The designer must grapple
with the many possible meanings of the word “timbre”, the mul-
titude of numerical methods for defining or measuring it, the
necessary temporal windows and resulting latency needed to
perform those measurements, and the always-imperfect align-
ment between audio features and human perception. The idea
that a technical specification could encompass all of these factors
sufficiently thoroughly to make timbre remapping into a purely
scientific problem is unlikely; as Jorda writes about digital in-
strument design more generally, timbre remapping proceeds “as
a sort of craftsmanship, that may sometimes produce - in very
exceptional cases — a work of art; no less than music” [30].

This paper has presented a combination of technical and
practice-based contributions toward timbre remapping from acous-
tic to synthetic percussion. On the technical side, the paper
demonstrates how genetic algorithms can address some persis-
tent challenges of discovering relationships between synthesiser
parameter spaces and audio features, and it also proposes a way
to sidestep some of the latency issues of real-time audio feature
analysis by using a neural network to predict features from a
substantially shortened audio window. On the practice-based
side, we show how exploration and iteration led to discoveries
and opportunities that a pure informatics-based approach might
have missed, and we catalogue some of these discoveries in an
annotated portfolio.

8 Ethical Standards

This paper describes a practice-based exploration between the
authors and did not involve experiments with other human par-
ticipants, hence no institutional ethics board review was required.
This work incorporates machine learning techniques, where all
data used in training is generated by the authors themselves.
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