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Abstract
We present a multimodal interactive interface for exploration and embodied mapping of complex
neural synthesis latent spaces. Users explore new sounds via manual adjustment of latent parameters,
LFO activation of the latent space, and embodied navigation of latent dimensions via multimodal
sensor inputs. They save, apply, and create variations on these sounds through a preset system,
three-part dataset structure, and interactive machine learning workflow including both classification
and regression. These affordances are collected in a single easy-to-navigate GUI. We evaluated this
system through personal practice and a user study via qualitative methods, presenting the interface
and allowing exploration to gather feedback. Most users felt they could identify interesting sounds
through the system and build embodied interactions which felt intuitive or useful, helping them
develop more intentional relationships with the latent spaces. This supports bespoke and embodied
applications of neural audio synthesis models by non-specialist musicians.

1 INTRODUCTION

Although generative music AI has advanced rapidly, there
is a significant research gap on how musicians can use
these models in individual practice. Creative manipulation
of neural audio synthesis (NAS) latent spaces is a promis-
ing and increasingly common approach to this. However,
interpreting these latent spaces can be intimidating for
musicians, and “little research has been done to character-
ize the latent spaces of audio models, and to investigate
their affordances in practical musical scenarios” (Privato
et al., 2024). One solution is to develop interactive systems
which help musicians to interpret or "grasp" these latent
spaces and apply them intentionally in their work.

Musical practice is strongly embodied (Leman, 2008), and
often relies on tacit and implicit forms of knowledge (Bow-
man, 1982; Mitchell et al., 2026). As creative practitioners,
we are therefore especially curious about systems which
let musicians explore latent parameters with their ears and
their bodies, rather than through labels and tags. Recent
research demonstrates the feasibility of embodied explo-
ration and mapping of NAS latent spaces (Nabi et al., 2024).
Combining this strategy with ear-led approaches to latent
space exploration in a multi-step workflow could allow mu-
sicians to apply existing musical preferences and embodied
knowledge in developing intuitive, bespoke uses of these
models.

In this study, we ask:

• How can we create interfaces which assist musicians
in working with the latent spaces of NAS models?

• Can personalised, embodied relationships support
novel creative interactions with NAS?

• Together, can these user interfaces and embodied in-
teractions help artists "come to grips" with NAS latent
spaces and identify results they find interesting?

To investigate these questions, we built an interface com-
bining latent space exploration and embodied interaction
workflows, testing this in our own practices and with oth-
ers. We specifically worked with AFTER models (Demerlé
et al., 2024), which offer both especially complex latent
representations and the ability to work with both structural
and timbral musical characteristics through latent space
navigation.

We present:

• An interface combining multiple tools for purposeful
and productive exploration of NAS latent spaces, and
for developing bespoke embodied relationships with
these.

• A multi-step workflow, including body and ear-driven
exploration, preset and dataset building, and machine
learning on gesture-sound associations.

• Documented insights from evaluations of this system
within personal practice and in user studies.

2 BACKGROUND

The rapid growth of generative AI offers new pathways
for music creation, but has also raised concerns over the
creative role of individual musicians. Text-prompt-based
music generation in particular has drawn criticism for ho-
mogenising musical output (Bryan-Kinns et al., 2025).
There is growing discussion on ways musicians can har-
ness these models for individualised purposes (Nika et al.,
2025), including approaches which see AI more as a mate-
rial or medium to work with than a tool for reproducing a
targeted outcome, sometimes described as divergent uses of
AI (Broad et al., 2021; Chemla-Romeu-Santos and Esling,
2022).

Variational Autoencoders (VAE), and particularly RAVE
(Caillon and Esling, 2021), are a common model architec-
ture in these exploratory musical applications of AI, falling
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under the broader umbrella of neural audio synthesis (NAS)
techniques. RAVE models are trained on a large corpus
of audio files, distributing representations of musical in-
formation within a multidimensional latent space. They
generate audio by encoding inputs as latent vectors in this
distributed space and then decoding them. IRCAM’s nn~
objects (Caillon and Chemla—Romeu-Santos, 2026) offer
a means of directly manipulating this latent space through
a reduced dimensional representation in creative coding
environments such as Max and Pure Data. However, these
exposed latent spaces are often difficult to interpret through
traditional musical terminology or interaction techniques.

The recently introduced AFTER architecture builds on
RAVE by using adversarial criterion to differentiate struc-
tural and timbral information during the training process,
which condition a latent diffusion model for audio gener-
ation (Demerlé et al., 2024). This results in three latent
spaces exposable via nn~, offering a broader range of mu-
sical parameters to experiment with and suggesting rich
sonic affordances. However, this structure also increases
the difficulty of navigating latent parameters in an inten-
tional way without an interface to aid in their interpretation.

Several recent projects explore novel means of navigat-
ing the latent spaces created by VAE models, including
a sound walking approach by Scurto and Postel (2023),
Semilla AI by Valenzuela (2023), and Stacco by Privato
et al. (2024). Researchers have also developed approaches
to latent space mapping via interactive machine learn-
ing (IML), in which users construct bespoke datasets and
use these to define interactions. Vigliensoni and Fiebrink
(2023) used a regression-based approach to map human
performance parameters to high-dimensional latent spaces,
while Zheng et al. (2024) introduced a toolkit for visual-
ising latent distributions and defining trajectories through
these via a screen-based interface.

However, despite this diversity of approaches, relatively
few projects address embodied interaction with latent
spaces, and it remains an open question how musicians
can best harness their existing tacit and implicit musical
knowledge when working with generative AI. These are
important challenges, since music is a deeply embodied
phenomenon, with well-established links between move-
ment and multiple characteristics of musical structure and
expression (Godøy, 2022; Iyer, 2002). The process of
learning music is also strongly rooted in both auditory
and embodied experiences (Mitchell et al., 2026), which
suggests that interactions focused on these aspects of mu-
sical knowledge could improve latent space learnability
and navigability. While such embodied and implicit mu-
sical knowledge is notoriously difficult to quantify, sev-
eral decades of research and performance practice with
wearable gesture sensors, including author 2’s work with
electromyography (muscle signal), offer a range of use-
ful strategies for experimentation (Sonami, Laetitia, nd;
Tanaka, 2014). Practice-based research methods are also
an established means of documenting embodied, tacit, and
intuitive knowledge, which can usefully inform bespoke
interaction designs (Bulley and Sahin, 2021; Kirby, 2023).

Nabi et al. recently experimented with some of these ap-
proaches, applying movement sensors, interactive machine
learning, and practice research methods to build embodied
relationships with RAVE latent spaces through collabora-
tion with a dancer, and demonstrating successful embodied
latent mappings through live performance. The researchers

published several Max patches to assist other artists in em-
bodied latent space exploration and mapping tasks (Nabi
et al., 2024). Author 2 also recently premiered a percussion
piece using electromyography data from live performers
to navigate the latent dimensions of several RAVE models
(Tanaka, 2026). This prior work establishes the utility of
sensor-based interaction for building and exploring embod-
ied relationships with NAS latent spaces. However, more
research is needed on workflows and interfaces that enable
a broader group of musicians to harness these techniques
and apply NAS latent spaces creatively. There is also a
need for more user studies and qualitative data on how
musicians interact with and experience neural audio syn-
thesis, particularly in the context of embodied interaction.
Finally, few existing studies use multimodal sensor data
in this context, or apply embodied inputs to work with the
more complex structures of models such as AFTER.

Explore Latent Parameters

Save Sounds via Presets

Connect Wearable Sensors

Choose Gestures for Presets

Interactive Machine Learning

Build Datasets

Bespoke Embodied Interactions 
with Neural Audio Synthesis

AFTERnaut Workflow 
(as tested)

Figure 1: Chart displaying the primary workflow used
during interface testing

3 METHODOLOGY

We designed a workflow which supports a multi-step latent
space exploration and mapping process, where users can
first investigate the latent space, then identify settings they
like and define embodied associations with these. Users
have access to multiple tools in one place, offering enough
flexibility for highly personalised and longer-term creative
applications of these models. By building and implement-
ing this interface, we aimed to gain design feedback and
practice-based insights towards systems which support in-
dividualised, embodied relationships with generative music
models. The project was titled "AFTERnaut" as a play on
the idea of deep (latent) space exploration: a tool for ex-
ploring unknown and ”ungraspable” territory to encounter
new knowledge.
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Our development process was experimental and iterative,
drawing on practice research methodologies (Bulley and
Sahin, 2021) to design a system which supported intuitive,
embodied, and tacit ways of knowing. This included a
remutualised, movement-led design process (Cook, 2004;
Kirby, 2023), in which our interactions with the evolving
system further informed the design as part of a productive
feedback loop. Our design was informed by prior inter-
active machine learning research (Fiebrink et al., 2009)
and sound tracing methods (Godøy et al., 2016), and work
using these to define specific gestural “anchor points” for
interpolation in improvised performance (Tanaka et al.,
2019). We applied these techniques in the context of diver-
gent and exploratory approaches to generative AI described
by Broad et al. (2021), Chemla-Romeu-Santos and Esling
(2022), and others, focusing on the use of AFTER for novel
synthesis rather than style transfer. Evaluation was twofold:
through autoethnography (Rapp, 2018) and a small user
study via one-on-one sessions with seven participants, of-
fering insights into how the system functioned in practice.
We offer a detailed account of both evaluation phases in
section 5.

4 SYSTEM ARCHITECTURE

We took a modular approach to system design, placing
several existing technologies in dialogue with each other
through a single easy-to-navigate GUI. In addition to AF-
TER, these included a latent space exploration workflow
from IRCAM (ACIDS, 2026), machine learning tools from
the Fluid Corpus Manipulation library (Tremblay et al.,
2021), and systems for capturing movement and muscle
data from wearable sensors (Lough et al., 2018; Di Mag-
gio et al., 2023). For this initial study, we chose to use a
single AFTER model as we found we could get a signifi-
cant amount of variation out of it, and because this made
it easier to compare and contrast experiences of different
users. We specifically chose the percussion.ts model due to
our interest in the temporal or structural variations offered
by AFTER (ACIDS, 2026). Our interface offers several
modules, discussed below.

4.1 Manual Exploration

This section of the interface builds on IRCAM’s af-
ter.audio.mega testor demonstration patch (ACIDS, 2026),
featuring adjustable sliders and dials to either bias (add to)
or scale (multiply) eight of the first eight exposed dimen-
sions of both timbral and structural latent spaces. This
also includes a bank of eight oscillators which can be
used to continuously modulate these. Along with the Max
“playlist” audio player and sample audio files included by
IRCAM, we added expanded input options, including an
external source, a drag-and-drop file browser, and an addi-
tional adjustable frequency oscillator sending either sine
waves or square wave-generated pulses into the structural
space of the model. We also added a two-dimensional “dif-
fusion bias” interface, similar in appearance to IRCAM’s
Max4Live implementation (ACIDS, 2026), but instead al-
lowing users to also skew select dimensions of model’s
final diffusion layer. Each of these parameters are exposed
to the Max pattr system, allowing users to save and retrieve
settings as presets, as discussed in section 4.3.

4.2 Gestural Inputs

This module receives multimodal sensor data inputs which
can be used in several different ways within the patch.

We specifically chose Inertial Measurement Units (IMU)
which transmit descriptors of motion and relative position,
and electromyography (EMG) sensors which quantify mus-
cle tension and effort. For IMU, we used a glove-based
Mugic unit (Lough et al., 2018) sending data via OSC
over WiFi, making accelerometer (x y z), gyroscope (x y
z), and quaternion (w x y z) measurements available for
routing in the Max patch. For EMG input, we used the
EAVI board (Di Donato, Balandino et al., 2019) sending
up to four separate muscle measurements over MIDI-BLE
to the BBDMI library in Max (Di Maggio et al., 2023),
with a Bayesian filter available for data smoothing. While
the EMG sensors we used can be placed anywhere, we
generally used the forearm and bicep. Both types of sensor
inputs receive additional smoothing via a running average
over a 50ms window. Via a Max crosspatch object, any
combination of sensor values can be routed to any of eight
exposed latent dimensions in either the timbral or structural
space. Users can also take snapshots of incoming sensor
values for dataset construction and machine learning.

Figure 2: IMU and EMG sensors used for gesture data
capture, including the Mugic unit and glove, the EAVI
board, and attachable muscle sensors

4.3 Presets and Datasets

To support a multi-step exploration and mapping process,
the interface includes both preset and dataset construction
workflows. Through the Max pattr system, users can save
combinations of settings which produce sounds they like
and recall them using a numeric label. These labels can also
be included in a three-part dataset structure constructed
from FluCoMa labelset and dataset objects (Tremblay
et al., 2021) along with Max buffer objects. These datasets
consist of:

• Preset numbers as classification labels

• Snapshots of sensor data via an eight-point input vector
(based on routings from the crosspatch object)

• Snapshots of latent biaser and scaler readings from
both structure and timbre spaces as a 32-point vector.

Data points in all three data streams share common identi-
fiers. Once captured, users can view these datasets using
a Max dict object table, and both presets and datasets can
be saved on the local hard drive as JSON files and recalled
for future use. This system enables users to document
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and revisit findings from their latent space explorations,
while simultaneously capturing useful datasets for machine
learning.

4.4 Interactive Machine Learning

The interface offers both classification and regression work-
flows for gesture mapping via machine learning, via Flu-
CoMa Multi-Layer Perceptron (MLP) objects (Tremblay
et al., 2021). Classification training uses parts one and two
of the dataset, associating preset labels with sensor read-
ings so that the trained model will output predicted presets
for new sensor data inputs. Regression training pairs parts
two and three of the dataset, linking sensor readings with
latent variables. Trained regression models continuously
output interpolated latent biaser and slider settings based
on new sensor readings. Like presets and datasets, these
models can be saved to disk as JSON files and recalled for
future sessions.

Sensor Data

IMU EMG

Latent Biaser/
Scaler ValuesPreset Labels

3-Part Dataset

Classification Regression

Machine Learning Data Flow

Figure 3: Three-part dataset structure and its application
in interactive machine learning

4.5 GUI

Each of these modules is accessible via a single user inter-
face in Max presentation mode, colour-coded by function.
Tools for manual latent space exploration have a blue back-
ground. Primary inputs are arranged on the top right, with
buttons to choose between sources. These are positioned
above two banks of sliders (biasers) and dials (scalers) for
both the structural and timbral latent spaces. Each bank
of sliders and dials has a switch to choose between four
input modes: manual adjustment, oscillator modulation,
direct sensor mapping, or regression model predictions.
The two-dimensional diffusion biaser is placed alongside
these, along with a bank of modulators which can be set
to either sine wave or square wave pulse and routed to the
latent biasers and scalers. Sensor inputs are placed on the
left side and have a red background. This area features
toggles and switches to initialise IMU and EMG inputs
and to smooth and calibrate EMG signals. There are also
multisliders to visualise sensor input, and a crosspatch
object for routing these signals. The center of the patch
has a purple background and offers dataset and machine
learning functions. The upper-center features interfaces for
labeling and saving presets, and for building, managing,
and viewing IML datasets. Below this are interfaces for
training, running, loading, and saving both classification
and regression models.

4.6 Workflow

Users activate the AFTER model in the upper left corner of
the patch, then choose an audio input type. They can then
adjust or modulate the biasers and scalers in each latent
space to explore how these impact the resulting output.
When users encounter sounds or patterns they like, they
can save their settings as a preset by choosing a numerical
label. To work with sensor data, they first attach and acti-
vate the sensors, then use the interface to receive, smooth,
and calibrate the incoming data. They can then route this
data to the latent dimensions of their choice and use these
to adjust latent biasers and scalers in real time through
movement or muscle tension. They can also build datasets
by demonstrating gestural positions alongside preset labels
or latent biaser and scaler settings and clicking a button.
To train a model on these associations, they collect several
examples, then click the training button several times until
the displayed loss function is acceptable. They then click
“run” and demonstrate their chosen gestural positions to ob-
tain predictions. Classification models allow them to shift
between selected presets using their movements, while re-
gression models allow for smooth interpolation between
selected latent biaser and scaler settings via gesture.

5 EVALUATION

During the development process the authors tested both the
functionality and creative capacities of the system, taking
notes on our observations and conducting formal testing in
our own practice upon completion. The final version of the
patch worked as intended, allowing us to explore the latent
space, save presets and datasets, receive and route sensor
data, and create reliably-performing gesture recognition
models via classification and regression. User testing pro-
vided additional confirmation that the patch performed as
designed and achieved our technical goals. Authoethnogra-
phy and one-on-one sessions with individual participants
gave us insights into how well AFTERnaut fulfilled its
role as an exploratory or creative tool for building indi-
vidualised and embodied interactions with neural audio
synthesis.

5.1 Autoethnography

Author 1 conducted a 2-3 hour formal evaluation of the
workflow through practice, using it to explore AFTER’s
latent space, identify outputs he found interesting, and
apply them in personalised embodied mappings. He took
detailed step-by-step notes on his choices and interactions
with the interface, alongside subjective impressions and
creative insights which emerged. He then reviewed these
for common themes.

For this session, he worked with a continuous oscillator
input to the structural latent space, generating variations
in pattern and texture and mapping these to specific arm
positions. Using a consistent signal input at a set frequency
allowed for methodical exploration of the impacts of dif-
ferent combinations of latent biaser and scaler settings. He
also applied a technique we encountered during develop-
ment, using the additional oscillator bank to modulate the
biasers and scalers of each latent space in multiples of the
input frequency, creating a type of Euclidian sequencer by
moving through latent dimensions at regular intervals.

Author 1 began by performing subtle manual adjustments
of latent scalers and biasers with LFO pulse or wave inputs
(2-8 Hz). He then switched to using the modulators on
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Figure 4: Screenshot of the user interface of the AFTERnaut Max patch

the latent space to generate compound rhythmic patterns,
gradually testing higher input oscillator frequencies. Inputs
of 16 or 32 Hz led to rapid, unpredictable pattern variations
akin to high-BPM deconstructed club or breakcore. Higher
input frequencies produced more textural results, with sine
waves over 100 Hz eliciting consistent tones from the per-
cussion model, and square wave pulses producing sounds
akin to a percussion orchestra conducting free improvisa-
tion. Using modulators on the latent space with frequen-
cies above 500 Hz obtained increasingly unpredictable and
abstract results, sometimes moving rapidly between per-
cussive sounds and pitched textural layers. Some areas of
the latent space also produced much quieter textures at this
frequency reminiscent of field recordings or streetscapes.

He concluded the test by returning to manual latent dimen-
sion adjustment and much slower inputs, using both 1 Hz
and 0.25 Hz oscillator waves. While changing latent set-
tings in the structural space didn’t create specific temporal
patterns, it appeared to impact the likelihood or density
of rhythmic fills and ornaments, as well as timbral and
dynamic variations, which was especially apparent at 1
Hz. This included adding subdivisions, flams, rolls, missed
beats, and noise to the audio output. The slowest input fre-
quencies had a breath-like effect, reaching silence at points
in the cycle, then slowly pulling through the latent space
in between. Disrupting these cycles via latent parameter
changes produced variations ranging from peaceful and
meditative to harsh, glitchy and alien.

Throughout this process, author 1 saved several dozen
presets, ranging from fast rhythmic patterns to noise and
ambient textures. Upon completing his explorations of the
latent space, he returned to review these presets, choosing
a group he wished to use for embodied mapping. He then
attached sensors to his hand and arm, and experimented
with different gestures while listening to the presets. He

chose positions to associate with several, including vari-
ations in arm position, tilt, extension, and tension. He
captured data for these through the interface, trained sev-
eral classification and regression models, and tested them
in live improvisation. While the audio latency of the cur-
rent version of AFTER (2-3 seconds) posed challenges in
assessing the outcome of faster movements, he was able to
successfully navigate between his pre-chosen parameters
through slower gestural shifts. He felt that this gave him an
intuitive tool for directing changes in sonic outputs using
his body, building a meaningful physical relationship with
novel patterns and textures he had uncovered by exploring
the latent space. Some results of this test are illustrated in
the accompanying videos.

5.2 User Studies

We conducted one-on-one testing sessions with a total of
seven individual participants. We recruited subjects from
the extended community of music and computational arts
students and researchers in London, UK. All had some
type of creative practice and either musical experience,
coding experience, or both. One was a trained dancer. Half
had only cursory knowledge of music AI, the other half
had detailed knowledge of the field. All participants were
informed of the aims, methods, and funding of the project
and gave written, informed consent for their participation.
Data was collected and stored in compliance with GDPR
regulations *.

Testing sessions lasted 60 to 90 minutes. We explained the
overall structure of the system to participants, then progres-
sively introduced its features. The protocol comprised:

*https://gdpr-info.eu/
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• Testing the system with audio player input, inviting
users to make adjustments to individual biasers and
scalers in structural and timbral latent spaces

• Using the oscillator input as an LFO (2 Hz pulse),
to explore how latent biasers and scalers changed the
sound

• Trying different oscillator frequencies, and introducing
modulators and preset features. We invited them to
experiment (free play) for 3 minutes, identifying and
saving at least three presets based on sounds they found

• Adding sensor inputs with the Mugic glove IMU, and
EAVI EMG electrodes on their forearm or a combina-
tion of forearm and bicep

• Free play with direct mapping of sensor inputs to latent
biasers and scalers, combining these inputs with other
settings

• IML dataset building, asking subjects to choose previ-
ously stored presets and arm positions to associate with
each. Participants recorded at least three examples of
each position for each preset class.

• Training both classification and regression models on
their data, then free play to improvise with each.

We documented these sessions via notes, audio recording,
and video, and concluded with an outgoing interview with
each participant about their experiences and opinions about
the system. We then analysed the results for emerging
themes and specific insights.

5.2.1 Observations

All participants (P1-7) approached the project with curios-
ity, but with different strategies. Some took a methodical
approach to testing each parameter to understand the sys-
tem, while others took a “free play” approach, adjusting
several parameters at a time and seeking unusual sounds.
Most gravitated to the input oscillator rather than the audio
player input once both had been demonstrated, with some
stating they found the oscillator more interesting. The
majority had an enthusiastic reaction to the sounds they
were able to produce and were drawn into experimenting
with the system for longer than expected. In most cases
we needed to interrupt the session in order to stay to time.
One described building several “sound worlds” (P2), one
conducted an extended movement improvisation (P1), and
several were drawn into looping and adjusting generated
patterns for an extended period, suggesting strong creative
engagement.

Each person took their own approach to exploring, in some
cases identifying techniques we hadn’t anticipated. P7 used
a high frequency oscillator input (over 1k Hz) to the latent
spaces and subdivided the output using the modulators.
They also set either biasers and scalers to a preset they
liked while using the sensor inputs to vary the parameters
of the other, letting them improvise within different global
settings. P6 identified several areas of the latent space
which produced near-silence and used very slow LFOs to
gradually vary it (less than 0.1 Hz), building a set of subtle,
ambient soundscapes. P2 conducted deeper exploration
of the impact of different sensor data routing options on
latent biasers, and achieved movement-sound relationships
with strong visual correlations. They also experimented
with using the patch ‘no input’ (Mudd and Brown, 2023),
scrubbing through the latent space with sensor values and
sliders.

Figure 5: Participants testing the patch with wearable sen-
sors

5.2.2 Interviews

In concluding interviews, all participants stated they felt
they could get interesting sounds from the system. Some
compared it to playing with a modular synthesiser for the
first time, in that “you don’t really know what the controls
do, and you just tweak them until you have a sound you
like” (P4). Many felt that the preset system was helpful
in giving them a foothold. One user expressed skepticism
over their own role in creating the sounds versus the model.
For many, it was initially “difficult to figure out which
dimension, which axes, created which change in the sound”
(P2). However, most were drawn to exploring until they
found elements they could work with, and the impacts of
different latent scalers and biasers became clearer with
practice.

Most participants were able to find embodied interactions
which felt intuitive or useful to them, and felt the use of
wearable sensors enhanced the experience of working with
the patch. While P2 stated that direct sensor interaction
with latent dimensions was helpful in exploration, the ma-
jority expressed a preference for machine learning mapping
of sensor data to pre-discovered settings. Many felt this
made it easier to perform with the system intentionally and
reliably, and some therefore perceived this embodied map-
ping as the patch’s primary purpose. P1 stated that “the
embodied parameter really made me want to think of how
it could be put into a performance somehow”. However,
it was still difficult for most to establish direct or precise
control with the sensors, with several recognising that they
would need more practice.
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Most felt the interface was missing very little, with P3
stating “The patch was really cool, it had everything I
would have wanted to play around with the model”. The
most interesting part of the interface for participants was
the process of trying to explore and understand the latent
space of the model, and working with the sensors, both of
which were novel for many. Critiques included a desire
to try the system with a different AFTER model, and the
length of time it took to get sounds they wanted. Some
also suggested small tweaks to the system, including the
ability to scale the range of latent sliders in the GUI, or to
selectively freeze some of them.

6 DISCUSSION

In our evaluations, AFTERnaut successfully helped both
ourselves and study participants to explore the latent space
and define individualised and embodied interactions with
neural audio synthesis. Although participants still encoun-
tered some challenges with the interpretability of the latent
space, all were able to identify sounds they found interest-
ing and recall them to build gestural relationships with the
sonic outputs of the system. Users achieved a wide range
of sounds and mappings from a single percussion model
through the interface and demonstrated a high level of cre-
ative engagement. Participants’ reports of feeling more
connected to the model’s outputs via sensor-based IML
support our longer-term goal of making the latent space
more "graspable" or relatable via embodied interaction. In
our personal testing, we found the system highly useful for
purposeful and productive exploration of the latent space.
Although the model’s latency placed some constraints on
improvisation, we also found the IML workflow valuable
in helping us relate to and perform with the sounds we
discovered.

In the bigger picture, building and testing this interface
offered useful insights into systems which prioritise listen-
ing and moving in divergent musical applications of NAS.
While the system we present is in its first iteration, it repre-
sents a productive step towards multifaceted interfaces and
workflows which enable a wider population of musicians
to develop personalised, embodied interactions with neural
audio synthesis through practice. In our future work, we
hope to expand on the machine learning workflow in the
patch, including hands-free capture of data examples and
training strategies which enable a wider variety of gesture
types, including time-series approaches. We also intend to
experiment with a broader range of AFTER models, and to
train our own models, to explore the resulting differences
in latent space behaviour. Finally, as the system evolves
we aim to conduct further user studies with a wider group
of musicians. This system will be available open-source at
the time of publication†, and we welcome other users to
fork it and add additional features that meet their creative
needs.

7 CONCLUSION

In this paper we describe the design and evaluation of a
multimodal interactive interface which facilitates explo-
ration, mapping, and bespoke embodied interaction with
neural audio synthesis latent spaces. Through individual
evaluation and testing with lay users, we identified numer-
ous creative affordances of this approach and demonstrated

†https://github.com/evvvvod/AFTERnaut

its potential in developing individualised sounds and em-
bodied mappings. The system makes the abstract nature
of latent space navigation more intuitive and embodied
for musicians seeking new sounds, and contributes to the
development of interactive systems which help a broader
population of creatives explore and define bespoke uses of
generative music models via practice-centered methods.
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