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Abstract

Neural audio autoencoders, a deep learning method for sound
synthesis, are increasingly popular in Al-enhanced NIMEs. It is
timely to explore as a community how this technological opportu-
nity has opened a domain of design in NIME. This paper focuses
on one compelling technique of using autoencoders for sound
synthesis: navigating their latent space as a generative sound
space. We introduce Latent Terrain, a Max/MSP tool package
designed to tailor latent spaces into corpus-based sound spaces
for NIMEs. We describe the rationale and development process
of Latent Terrain to offer insights into the use of autoencoders
in a material-oriented crafting space of musical interface design.
We present an annotated portfolio resulting from a collaborative
artistic exploration of Latent Terrain with four NIME makers, to
showcase the design possibilities opened by autoencoders. We re-
flect on our practice-based account to discuss the challenges and
opportunities of enabling neural audio autoencoders as design
materials for Al-enhanced NIMEs.
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1 Introduction

Neural audio autoencoders (or neural audio codecs), a deep learn-
ing method for sound synthesis [16, 22], have become increas-
ingly popular in developing Al-enhanced sound and music appli-
cations [18, 23]. Research in Music Information Retrieval yields
models that can effectively learn compact latent representations
from audio for sound analysis and synthesis [51]. In the field
of NIME, such a unique affordance is enabling new ways of
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approaching musical interaction design [79, 95]. Neural audio au-
toencoders are increasingly engaged as interactive, exploratory,
and expressive computational materials [36, 47, 54, 55, 65, 76, 87],
expanding the ways of using and appropriating Al in musical in-
terfaces. Given the multifaceted challenges and opportunities of
neural audio autoencoders, it is timely to explore as a community
how they have opened a domain of design [26] in NIME.

One approach to unpack this domain of design is through
the lens of material-oriented musical interaction [44] — that is,
acknowledging technologies’ role in shaping creative actions,
and treating them as the site for exploring musical activities
[44, 97]. In particular, it draws attention to how makers craft
and experiment with technologies to explore their use “at play”
in interaction design [17, 64]. NIME research has employed this
material-oriented view to observe the emerging affordances of
tools and technologies in musical activities [59, 96].

However, we argue that artists and designers’ hands-on en-
gagement with neural audio autoencoders remains constrained
for various reasons. First, technical Al research is typically po-
sitioned outside audio production and creative coding environ-
ments, offering limited means for NIME crafting [18, 64]. Second,
limited resources such as technical support and documentation
raise the barrier to learning and using the underlying models and
data [15, 19]. Last, the opaque and high-dimensional nature of
model parameters [13] makes their sonic behaviours harder to un-
derstand than conventional NIME materials. In other words, the
need for tools and resources that enable artist-led and practice-led
engagement with autoencoders has emerged.

This paper focuses on one compelling technique of using au-
toencoders, the decoder-only technique that involves overriding
latent representations with user inputs to use the decoder as a
sound synthesis model [87]. As a platform to explore nuanced
control over Al generative models [79, 95], the decoder-only
technique allows musicians to “navigate” or “walk” in the latent
space as a sound space for musical expressions [47, 65]. We con-
tribute Latent Terrain,' a Max/MSP package with a repository of
resources for sound synthesis with neural audio autoencoders.

!Project homepage: https://jasper-zheng.github.io/nn_terrain/
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Latent Terrain allows makers to tailor autoencoders into cus-
tomised sound spaces that yield spectrally complex and varied
musical phrases,? aiming to bridge autoencoders with broader
NIME materials. We use this package to explore our research
question: What are the challenges and opportunities of using neu-
ral audio autoencoders as design materials for NIME makers?

We offer an account of how we transform our technical ex-
perimentation of neural audio autoencoders into the Max/MSP
package. Inspired by practice-led works that embrace artistic
contextualisation of the artefact during its iteration [5, 27, 70],
we engage in a collaborative exploration with four artists and
musicians to illustrate a design space of Latent Terrain in NIME.
This leads to the creation of an annotated portfolio [26] that of-
fers insight into the design thinking and experience behind four
artistic pieces. Together, these technical practices and artistic
practices allow us to reflect on the opportunities in NIME that
have opened by neural audio autoencoders, and the challenges
of adapting them as materials in a crafting space.

2 Background

Here we introduce the technical background of autoencoders,
the decoder-only technique, and the corpus-based method to
build musical interfaces. We also introduce our perspective, the
material-oriented exploration of neural audio autoencoders in
Digital Musical Instrument (DMI) design.

2.1 Audio Latent Space and Latent Trajectories

There have been comprehensive reviews of autoencoders and
latent spaces [79, 95]. Here we summarise their essential back-
ground. An audio latent space is a multi-dimensional vector space
learned from a corpus of audio data [28, p. 501], typically learned
by an autoencoder. The components of an autoencoder include (i)
an encoder that compresses audio waveforms into a sequence of
vectors in the latent space, referred to as a latent trajectory, and
(ii) a decoder that takes the latent trajectory to reconstruct audio
waveforms, which aims to resemble the original waveforms.

An emerging way of using autoencoders for sound synthesis
in NIME design is a decoder-only approach that involves over-
riding the latent vectors with continuous user input to create
synthetic latent trajectories [41, 55, 87, 89]. This way of treat-
ing the decoder as a generative model has been referred to as
latent space navigation or latent space walk by practitioners in
neighbouring fields [2], and widely adopted in NIME design
[65, 76]. However, as “black box” Al models, latent spaces do
not encode musical controls in easy-to-understand ways [13, 46].
Consequently, existing practices typically rely on the musician
to “blindly” explore in the space and discover ways of using it
[47]. In addition, general-purpose autoencoders can have a latent
dimensionality that exceeds the upper limit of usable dimensions
in an instrument [40]. These pose the challenge of designing
interfaces with low-dimensional controls to access latent spaces,
which we aim to address in this paper.

2.2 Corpus-Based Sound Spaces

Research in eXplainable AT (XAI) has explored ways of projecting
the high-dimensional latent space into a low-dimensional control
space [13] for accountable and steerable generation. A common
approach is using Dimensionality Reduction (DR) to extract low-
dimensional representations of latent spaces. The use of DR can
be seen in a range of works on corpus-based sound spaces [62, 63],

2See Section 3.1.2 for details.
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aiming to use sound descriptors to build and access a sound
corpus and preserve essential characteristics of it [34]. Recent
works have explored the creation and interaction of sound spaces
for a range of musical applications [1, 25, 62, 83]. Other sound
space mapping methods such as musical parameter mapping [85]
and latent mapping [29, 45] are less relevant to our work because
they do not emphasise the use of audio corpora.

The goal of our proposed sound space construction method,
Latent Terrain, is related to but distinct from DR. It also aims to
build low-dimensional control interfaces for high-dimensional
latent spaces. However, rather than clustering latent codes in the
interface as typical DR approaches do, we aim to construct “maps”
for latent spaces that resemble the high-dynamic nature of latent
trajectories, which in effect offer higher spectral complexity for
richer and more varied musical phrases.

2.3 Material-Oriented DMI Design

The applications of neural audio autoencoders in DMI design
have focused on supporting functional tasks such as timbre trans-
fer [18], conditional synthesis [21, 46], and text-to-audio [23].
These contrast our goal of exploring neural audio autoencoders
as design materials, which we introduce below.

To position neural audio autoencoders as design materials, we
take on Mudd’s view of material-oriented musical interaction
[44], which treats materials’ resistance and constraints to be
revealed and worked with to explore them as creative mediations
[27] for DMI design. This reflects Barad’s notion of intra-action [9,
p- 189], which locates agencies in the entangled coupling between
the designer and the technologies. Works that foreground this
material-oriented view can embrace practice-related approaches
that involve iterative crafting, prototyping, and experimenting
with the material [70, 96]. For instance, early contextualisation of
artistic practice during the technical development process [5, 70],
or considering technical research as practice to be documented
by first-person reflexive accounts [53].

Following this material-oriented view, we define our goal as
treating autoencoders themselves as the site for exploring musical
activities to understand their materiality in NIME.

2.4 Material-Oriented Exploration of Neural
Audio Autoencoders

Various NIME examples illustrate how DMI designers unpack the
materiality of neural audio autoencoders to explore their creative
possibilities. For instance, the embodied and somatosensory as-
pects of latent representations have inspired works on movement-
sound interactions [42, 47] and studies that look into performing
techniques in latent spaces [55, 99], and the autonomous feature
of latent spaces has been explored in live improvisations [7, 78],
in which their uncertain and generative characteristics [10] are
used as a source for music creativity. Moreover, various new
interfaces for music composition [82], notation [8, 39, 99], and
sound design [36] have been explored. Our approach focuses
on constructing sound spaces for latent spaces and their use in
musical interface design.

3 Algorithm Design and Experiments

Our exploration started by experimenting with the sound space
construction method. This section focuses on technical chal-
lenges of the method, such as the mapping accuracy, underfitting
and overfitting, and low-latency. We outline our design principles,
algorithmic method, and data-driven experiments.
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3.1 Design Principles of Latent Terrain

In Section 2.2 we reviewed notable approaches for constructing
latent sound space, below we follow up with two interaction
design principles that are unique in our work.

3.1.1  Constructing sound spaces with latent trajectories. To offer
intuitive controls over sound synthesis with latent spaces, we
aim to create a coordinate-to-latent mapping that maps a control
space to the latent space. Our initial design was inspired by the
work of Vigliensoni and Fiebrink [87] (illustrated in Figure 1a).
They used a Multi-Layer Perceptron (MLP) as the mapping model,
which takes control space coordinates as inputs and is trained
to output latent vectors. The core idea is that the MLP is trained
with interactive machine learning [24]. In practice, the users
explore and find interesting points in the latent space as targets,
and select points in the control space that should map to these
targets to create MLP training data [87]. At each timestep during
inference, the trained MLP maps a control space coordinate to a
latent vector, which is then reconstructed to audio waveforms
by the decoder.

We extend the work of Vigliensoni and Fiebrink [87] from
modelling latent vectors to modelling latent trajectories (see
Section 2.1 for latent trajectory). This enables the sound space to
be constructed by long audio samples rather than single audio
frames, therefore allowing longer musical phrases to be captured
by the sound space. As shown in Figure 1b, the training data of
our MLP are (i) sequences of control space coordinates (spatial
trajectories) plotted by the user, and (ii) sequences of latent
vectors (latent trajectories) encoded from an audio collection,
together forming the coordinate and latent pairs.

To state this problem precisely, Figure 1b uses a 2-dimensional
control space as an example. Given a neural audio autoencoder
with k-dimensional latent space, a c-channel audio segment
x € RT can be encoded to a discrete latent sequence Z =
E(x) ={z1,22,...,2:} € RF¥*t where T and t denote time at audio
sampling rate and time at latent frame rate, respectively. The ra-
tio between T and t is defined by the autoencoder’s compression
ratio. A discrete coordinate sequence V = {v,vz, ..., 0;} € R2%t in
the control space is arranged by the user, where v; = (x;,y,) € R2.
Our goal is to train a MLP model fy : R* — RF with paired V
and Z. Trained fp parameterises a latent trajectory as a function
of continuous coordinates v. Models tackling similar tasks have
been referred to as coordinate-based MLPs [80] or Compositional
Pattern Producing Networks (CPPNs) [72, 81].

3.1.2  The high-frequency nature of latent trajectories. However,
the practical challenge of training fy : R? — R lies in the high-
frequency nature of how audio samples traverse the latent space.
The latent trajectory shown in Figure 2 (top, dots) demonstrates
that a sequence of vectors in a latent dimension can contain high-
frequency components, in which latent values change rapidly.
These components are crucial in synthesising phrases that have
dynamically changing structure or timbre [21]. However, when
mapping these components to coordinates in dense Euclidean
spaces, such as 1D linear timelines or 2D planes, standard MLPs
can fail to model frequent changes in the sequence [80], illus-
trated in Figure 2 (top, the orange solid curve). This difficulty of
approximating high-frequency components has been referred to
as the phenomenon of spectral bias in machine learning liter-
ature [57]. As a result, modelling latent trajectories in this way
typically results in sound spaces that are overly smooth and lack
musical dynamics. Although this way of smoothly interpolating
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Figure 1: Comparing the coordinate-to-latent mapping
method by Vigliensoni and Fiebrink [87] with our method.
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Figure 2: Latent codes of a 1-sec audio encoded by the au-
toencoder in Stable Audio Open [23], showing the first
latent dimension. Codes are converted to a latent signal
by a zero-order hold. MLPs are trained to parameterised
the signal given time ¢. A standard MLP (top: solid curve)
have difficulty approximating the target signal. In contrast,
MLPs with Fourier features (bottom: dashed and dotted
curves) yield results that overcome “spectral bias”.

between sounds has indeed fostered remarkable NIME designs
[76, 86], we hope to explore an alternative approach that can
model high-dynamic musical phrases, to offer it as a variation to
NIME designers.
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Table 1: Our selection of autoencoders/codecs.

Autoencoder Year Latent dim. Latent type’® Regularisation® Comp.” In Max® Used in NIME design

RAVE! 2021 Various’ Continuous Various’ 2048 Yes [8, 18, 30, 36, 41-43, 47, 54, 55, 65, 66, 68, 69, 73, 76, 86, 88, 93, 98]
Music2Latent? 2024 64 Continuous Variational 4096 Yes [48, 82]

Stable Audio Open® 2024 64 Continuous Variational 2048 Yes (7, 20, 75]

FlowDec* 2025 128 Discrete RVQ [38] 1764 No None

! Realtime Audio Variational autoEncoder (RAVE) [16], Max/MSP version available at https://github.com/acids-ircam/RAVE

2 Music2Latent (M2L) [51] is a consistency autoencoder. Our Max/MSP implementation: https://github.com/jasper-zheng/music2latent-scripted

3 The autoencoder in Stable Audio Open (SAO) 1.0 [23]. Our Max/MSP implementation: https://github.com/jasper-zheng/streamable-stable-audio-open
4 FlowDec [90] is a neural audio codec with discrete latent codes, with underlying codecs from [38]. We only used the NDAC-25 configuration due

to its low latent dimensionality and low latent frame rate (25 Hz).

5 Latent type: Specifies whether the latent representations are in a continuous space or quantised into discrete codes.

¢ Regularisation: Defines how latent representations are learned during training, affects how information can be distributed in a latent space.

7 Here we define Compression Ratio as the proportion by which the audio sampling rate is reduced to the latent frame rate, different from [52].

8 Whether there is a version of that autoencoder implemented for realtime continuous inference in Max/MSP, by the time of writing.

 We used two RAVEs with Wasserstein regularisation and 16 latent dimensions, and one with variational regularisation and 4 latent dimensions.

3.2 Modelling High-Frequency Latent
Trajectories with Fourier Features

Here we address the challenge formulated in Section 3.1.

3.2.1 Fourier feature mapping. Fourier feature mapping is a tech-
nique that allows neural networks to learn high-frequency func-
tions in dense Euclidean coordinates [80], proposed by Rahimi
and Recht [58], primarily applied it in computer vision for image
and geometry synthesis [81]. Here we apply it to our coordinate-
based MLP. Precisely, in a d-dimensional control space with co-
ordinates v € R, we sample a matrix B € R"™*? from N (0, o?)
with mapping size m and Gaussian scale o. Before passing v to
the MLP, we apply the Fourier feature mapping y(v):

y(v) = [Sin(ZJ‘[BU), cos(erBv)] (1)

Equivalently, writing by € R? for the k-th row of B shows
that inputs in the control space is transformed by a series of
sinusoidal functions with varying frequencies:

y(v) = [sin(27rb1TU), ..., sin(2xzb}0),

T T (2)
cos(2rb0), ..., cos(27rbm0)]

In the following sections, we show our experiments on har-
nessing it for latent trajectory regression.

3.2.2 Experiments and results. We selected a range of autoen-
coders to form a plurality of materials, presented in Table 1,
aimed at covering those that (i) have open-source pre-trained
models (ii) have been used in NIME for artistic practices, (iii) vary
in configurations including dimensionality, regularisation, and
compression ratio. We use the three autoencoders that have a
Max/MSP version later in our NIME making.

To stay focused on the practical use of our mapping approach,
we put the majority of our technical evaluation in the Appen-
dix. In summary, shown in Table 2, Fourier features improve
the mapping accuracy across all autoencoders, and the addition
of the mapping MLP only minimally impacts the fidelity of re-
constructed audio. Full details on the task, datasets, implemen-
tations,? results, and discussion can be found in Appendix A.1
and A.2. We also inspect the training error with respect to mul-
tiple frequency components to verify that the Fourier features

3The source code of all experiments is released at: https://github.com/jasper-zheng/
latent-terrain-pytorch

Table 2: Regressing trajectories with the drum collection.

(a) Peak Signal-to-Noise Ratio between original latent trajectories
and regressed trajectories (higher is better).

Peak Signal-to-Noise Ratio T
Regression Config RAVE M2L SAO

FlowDec

No Fourier features  27.516 29.774 21.697 23.530
Fourier features 41.369 40.368  32.069 32.566

(b) Fréchet Audio Distance of audio sets reconstructed from the
original trajectories (encoder-decoder recon) and the regressed
trajectories, comparing to the original audio set (lower is better).

Fréchet Audio Distance |

Regression Config RAVE M2L SAO  FlowDec
Encoder-decoder recon. 7.664 6.659 2.324 2.009
No Fourier features 14.188  12.354  28.163 28.069
Fourier features 8.139 7.511 2.387 2.473

are enabling the MLP to learn high-frequency details as claimed,
results can be found in Appendix A.3.

3.3 Configuring Fourier Features in Practice

Here we experiment with the mapping model with a 2D control
plane with coordinates (x, y) € [0, 1]?, which is a common setting
in the practice of sound space [63]. As shown in Figure 3, we
train the mapping MLP with random control space trajectories
(in practice these should be defined interactively by the user)
paired with latent trajectories. We then visualise the sound space
by sampling the MLP with coordinates in the [0, 1]? interval and
display the first latent dimension as a greyscale matrix.

The Gaussian scale o is a key parameter in configuring Fourier
features when constructing the sound space. This mirrors the
findings in [80] that o qualitatively affects the balance between
underfit and overfit. Visulisations in Figure 3 illustrate this point
by showing the effect of ¢ on the overall flatness of the sound
space. As described in the caption, a proper o leads to a terrain
with a steep and mountainous surface, which in effect leads
to spectrally complex and varied sound when navigating the
control space. We therefore expose this parameter to the API (see
Section 4) to defer the practical parameter tuning to makers and
designers who will be creating the sound space.
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Figure 3: Latent terrains created by pairing controls space trajectories (randomly sampled) and latent trajectories (encoded
by SAO using a set of 1-sec drum samples from MUSDB18 [56]). Visualisations of magnitude at the first latent dimension
with various Gaussian scales 0. Lower o causes overly flattened interpolation (underfit). Larger o causes noisy sound space
and poor generalisation to areas not covered by training data (overfit). This is subject to experimentation, but we found

o € [0.1,1] generally can lead to a musically interesting result.

3.4 On-the-fly Training and Inference

Relevant works on neural audio typically evaluate model effi-
ciency at inference [18]. However, in our setting the interactive
training also plays an important role in adapting autoencoders.
We therefore also evaluate the on-device training speed.

We measured the time taken to train the mapping MLP for 1000
steps across various training batch sizes. A training step is defined
as one optimisation cycle in which one batch of training data is
processed. Results in Figure 4 (Left) were tested on the CPU of
an Apple Silicon M4 Max laptop with 48GB RAM. Training in all
conditions can be done within 2 seconds. To put this into context,
encoding a 10-sec audio sample results in 215 latent codes. With
a batch size of 16, one training epoch can be done by 14 steps.
In our experience, 500 epochs can ensure a converged training,
therefore yields roughly 1.2 minutes training time. This matches
works such as [71] that involve training MLPs as mapping models,
claiming an under 2 minutes training time.

For real-time sound synthesis, we measured the four autoen-
coders across various streaming buffer sizes by Real-Time Factor
(RTF), calculated as the ratio between the time taken to process
a buffer and the temporal duration of that buffer. We compared
RTFs under two conditions: inference of the decoder together
with the mapping MLP, and inference of only the decoder with
randomly sampled latent vectors. Results in Figure 4 (Right) were
tested on the GPU of the same M4 Max laptop, showing that the
addition of the MLP only introduces a minimum increase in the
RTF. Full results across more devices are shown in Appendix A.4.

4 Situating Latent Terrain in DMI Design

We developed nn.terrain~,* a package of Max/MSP objects for
NIME makers, encapsulating the sound space method described
in Section 3. We refer to the sound space as terrain to draw an
analogy to wave terrain synthesis [33]. Objects in the package
provide Max-style APIs that allow users to build, adapt, and
use terrains with pre-trained autoencoders. The package also
includes utility objects for interactive trajectory plotting, real-
time latent recording, trajectory playback, and more.

The nn.terrain~ online project page provides installation
guide, API documentation, instructions, tutorials, and Max help
files. It also includes artist-contributed patch examples and demos.
We hope to use this collectively built repository to respond to
the conference theme Communities. In particular, the musical
and technical communities that are exploring Al-enhanced DMIs
such as neural audio autoencoders [16, 43, 49].

“https://jasper-zheng.github.io/nn_terrain/
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Figure 4: Left: Average time needed to train the MLP for
1000 steps against training batch size, across MLP config-
urations. Right: Mean real-time factor against buffer size,
across all decoders, comparing with and without the MLP.
Mean values were computed over 100 runs per condition.
Both metrics are lower the better.

4.1 Origin Story

To situate the algorithm into the environment of DMI design, the
development of nn.terrain~ is informed by the first author’s
practices of music compositions with neural audio autoencoders.
The API implementation is shaped by the author’s intended ways
of building sound spaces and using them for music compositions
in practice. At the time of writing, the author had been using
nn. terrain~ for DMI design for 12 months, from the initial pro-
totype to the publicly released package. This continuous technical
practice [53] is documented by write-ups and presentations at a
series of public engagement events across the start, middle, and
end of the project, combined with major technical change logs
(shown in Appendix B). Here we report three design milestones
that focus on the minutiae and rationale of appropriating the
technical artefact into creative practices. The aim is to demon-
strate how musical interactions can emerge from, and be shaped
by, the material-oriented resistances and constraints.

4.2 Milestones and Design Artefacts

We describe three Graphical User Interface (GUI) designed along
with the package development. These interfaces mark the mile-
stones that lead to the latest release of nn. terrain~. All GUIs
(screenshots in Figure 5) explore ways of using nn. terrain~ for
music compositions and performances.


https://jasper-zheng.github.io/nn_terrain/
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Interface A: Embodied Sound Space Navigation. The first GUI
design with nn. terrain~ focuses on exploring the embodied
movement-sound coupling in the sound space. It offers a drawing
pad as the control space, in which the stylus (x, y) location is
used to navigate in the sound space and produce real-time sonic
feedback. The artistic intent behind the interface is to use the
drawing canvas as a space to create graphical music scores, and
to trace the musical gestures in the scores. One of the emerging
strategies of using it is annotating sonically interesting zones on
the drawing pad and experimenting with ways of re-enacting
sounds in these zones.

Interface B: Interactive Sound Space Construction. In the second
design and development phase, we explore the use of terrains in
a wider range of models and audio collections. Therefore the API
design focuses on supporting the interactive terrain construc-
tion within the Max/MSP environment. As a result, the cycle of
training pairs gathering, model training, monitoring, and infer-
ence was distributed to three interdependent Max objects. One
emerging way of using the terrain for sound synthesis is looking
for ways of programming the terrain navigation. For instance,
we added the right-most panel that allows modulating the stylus
(x, y), mimicking existing practices of composing with sound
spaces, such as the “oscillations and orbits” control in [61].

Interface C: Programming Trajectory Playback. In the third phase,
we explore more ways of navigating the terrains in sample-based
music composition. The input control space coordinates were
exposed to the API to allow for customised input devices, rather
than constrained to the stylus drawing pad to open the design
space of input devices. An nn. terrain.gui object is refined as
a utility object to control the playback of trajectories. As shown
in Figure 5C, the user first loads audio samples and plots trajec-
tories in the “train mode” the same way as the previous interface.
Then in the “playback mode” they define a new set of trajecto-
ries from the 2D canvas as “latent samples”. Trajectories can be
programmed by the pattern in the step sequencer on the left.

5 Practice-Based Exploration

After the initial release of the nn. terrain~ package, we collab-
orated with four artist-researchers to explore NIME design with
autoencoder and latent terrain. The connection with each artist-
researcher is motivated by a mutual interest in exploring neu-
ral audio synthesis in NIME. We aimed to situate nn. terrain~
within the practice of each artist-researcher [74], in particular,
audio programming, music performance, DMI, and sound instal-
lation design.’ The collaborations started in the summer of 2025
and lasted over three to five months. During the period, we had
regular meetings (either bi-weekly or monthly, with a combina-
tion of remote and in-person modes) with each artist-researcher
to catch up on the progress. The ideation and conceptualisation
of each work are done by the artist-researcher after their first
meeting with the first author to grasp an initial understanding
of the package. Whereas the role of the first author is a facilita-
tor who briefs and explains the use of nn. terrain~, signposts
relevant resources and documentation, and provides technical
support throughout the process. The artist-researchers join this
paper as the second to fifth co-authors to bring their voices into
our discussion and acknowledge their project contribution.

SDetailed positionality statement of each artist can be found in Appendix C.
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Interface B (Mar 2025)

Interface C (Jun 2025) - Playback Mode

Figure 5: Three GUI designs with Latent Terrain, span from
Dec 2024 to Jun 2025. Recorded demos of each interface
can be found in the online project page.

5.1 Portfolio of Works

To collectively showcase artist-researchers’ ways of integrating
nn.terrain~ into NIME design, we create an annotated portfolio.
An annotated portfolio [26] brings together design artefacts into
a systematic body of work, to share the design thinking and
experience behind them, and show the broader design issues the
collection addresses. The following sections and Table 3 present
a summary of each project. The full portfolio is also showcased
on the project website.®

Project 1: Repressive Terrain by Keigo Yoshida. A data soni-
fication patch (Figure 6) that aims to create a meditative listen-
ing experience, in which the audience’s time-varying Electroen-
cephalography (EEG) data is sonified to a real-time synthesised
soundscape. The artistic theme is the active manipulation of con-
sciousness in a focused meditation, and an adversarial tension
between the audience’s striving for calm and the algorithm’s im-
pulse toward arousal sonic responses. It exploits the interactive
sound space adaptation aspect of the Latent Terrain toolkit to
create a real-time evolving soundscape.

Project 2: nn/mémoire by Jiatong Liu. An audio-visual virtual
environment (Figure 7) that aims to create an embodied listen-
ing experience that reimagines the sound of cultural heritage
in Hutongs, a type of traditional northern Chinese courtyard
house in Beijing. The environment is a virtual gallery that allows
audiences to wander through and hear the real-time generated
soundscape that captures the sound of Hutongs. The sound space

Chttps://jasper-zheng.github.io/nn_terrain/posts/annotated-portfolio/
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Table 3: Summary of the four projects in our portfolio.

Type of work Autoencoder Audio collection Key aspect explored by the work
Project 1 A data sonification patch RAVE Samples of vintage music Interactive sound space adaptation by biofeedback
Project 2 An audio-visual environment  Stable Audio Open  Archival and field recordings in Hutongs  Crafting a sound space for an virtual gallery
Project 3 A live performance patch RAVE Samples of organ instrument recordings ~ Autonomous micro-variations in latent space navigation
Project4 A soundscape composition Stable Audio Open  Various (drum loops, vocals, and piano) Neural synthesis as a resampling tool for composition

Figure 6: Screenshots of the customised patch created by
Keigo Yoshida and the first author, using with signals from
an OpenBCI EEG headset.

Figure 7: A screenshot of nn/mémoire by Jiatong Liu.

is constructed with archival recordings from the Sound Art Mu-
seum Beijing, aiming to preserve the vanishing living culture
that is now vanishing due to urban changes. It explores methods
to craft latent spaces into an immersive sound environment and
how latent spaces open a new approach to sound design.

Project 3: Trek by Nico Garcia-Peguinho and Nikhil Bul-
lock. A collaborative composition and live performance system
that aims for controlled timbral materials creation from minimal
gestural input. It explores sampling and interpolation strategies
for the latent space. Specifically, coordinates in the latent space
are indexed into zones based on their acoustic characteristics.
It then uses a boids algorithm’ to create micro-variations to
navigate these zones, to generate naturalistic sonic drift. It uses
post-synthesis signal processing techniques to sculpt the sound.
The autoencoder is in duet with a generative drum patch.

Project 4: ambient_terrain_1 by Dan Hearn. A soundscape
composition produced by resampling recorded audio and field
recordings. Dan explores ways of adapting autoencoders to his
own existing music production practice. He created a customised

"https://cs.stanford.edu/people/eroberts/courses/soco/projects/2008-09/modeling-
natural-systems/boids.html
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Figure 8: Nico Garcia-Peguinho and Nikhil Bullock per-
forming their piece at the Interactive Digital Multimedia
Techniques Concert at Queen Mary University of London.
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Figure 9: Screenshots showing the cutomised Max/MSP
patch by Dan Hearn.

patch to generate short audio loops by sampling in the latent
space. Audio materials derived from the patch are used through-
out the track with non-AI composition tools. This composition
process explores the combination of Al and non-Al materials in
ways that the use of an Al tool is not immediately apparent to
listeners, but seamlessly integrated in the sample-based music
production workflow.

5.2 Annotated Themes

To elicit the design considerations and artistic choices raised by
each project, we conducted a semi-structured interview with
each artist-researcher after the completion of their project. The
interviews are either 60-min live or asynchronous, focusing on
artist-researchers describing the concept and matter of concern
of their work. We then transcribed the interview audio record-
ings to analyse emerging themes that bridge between their work
and broader research opportunities in NIME, Human-Computer
Interaction (HCI), and Al, which could inform future works. Here
we present these themes.
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Uncertainty and ambiguity as characteristics. Across NIME
and HCI, uncertainty and ambiguity have been considered as con-
stitutive qualities that can be engaged by artistic practice [14, 17],
requiring artists to deliberately work and cultivate their practices
to respond to the unpredictability [77]. In the making process of
all four pieces, the uncertainty and ambiguity features of neural
audio autoencoders have been discussed repeatedly. “Learning
to deal with the unpredictability” (Jiatong) has become a central
aspect to be considered in the interface design. For instance, Dan
characterised his workflow as “explorative and serendipitous”,
Nico referred to an “active listening” [49] way of composing in
which ambiguity remained but became legible through embodied
exploring and listening. In Keigo’s piece, the constantly changing
sound space is seen as an adversarial entity that actively resisted
the performer’s intentions, turning uncertainty into a compo-
sitional driver. In this respect, the complex and opaque aspects
of latent spaces is acknowledged, and captured as a source for
uncertainty and ambiguity within design processes.

Entangled agencies in material-centred design. In a material-
centred view, the computational materiality of Al is considered as

an active medium [64], in which creative practice is shaped and
constrained by materials rather than solely directed by human
intention imposed upon tools [92]. In musical interaction, such
perspectives locate agencies in the engagement and negotiation
between the designer and their materials [44]. In our portfolio,
Jiatong describes that “[the design of the virtual gallery space]

reveals itself” through the movement and listening in the latent
space, whereas Keigo describes “let it traces and accesses past
states (training data) in real-time, not to establish full control
over the outcome”. Taken together, design intent arise not from
transparent control over the materials, but from learning how
the material’s capacities act, respond, and transform the creative

process.

Designing with a material assemblage. Across all four pieces
in our portfolio, the autoencoder itself is not an isolated instru-
ment. Instead, makers worked with a material constellation in
which the autoencoders interact with other materials in the
workspace, forming an ecology of processes and environment
[60]. Such as Jiatong’s virtual gallery space, which was built ac-
cording to the latent sound space. In this respect, design intents
arise not from the autoencoder alone, but from its entanglement
with tools, bodies, and environments. From an assemblage view
[27] of AL autoencoders belong to a broader constellation of hu-
man and non-human actors, including other synthesis algorithms,
sensors, other coding environments, and the listening and com-
posing practices. This assemblage is not a static configuration of
materials, but an ongoing process in which materials are contin-
uously constructed and de(con)structed [12]. For instance, Dan
described that “[autoencoder] gradually finds its place within my
sample-based music production workflow”-the role of autoen-
coders in the creative practice became clear through repeated
trials and errors, rather than a predetermined identity.

6 Discussion

The material-oriented exploration presented in this paper is not
about inventing new neural audio autoencoders, nor propos-
ing new model steering strategies that surpass works such as
[21, 46, 87]. Instead, it aims to use the Latent Terrain package
to position neural audio autoencoders within a space of NIME
crafting, where they are engaged as materials to be probed and
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learned through practice. Here we discuss our response to the re-
search question: What are the challenges and opportunities of using
neural audio autoencoders as design materials for NIME makers?

6.1 Latent Spaces as Tailorable Sound Spaces

We highlight two aspects of neural audio autoencoders that were
explored by the makers to discuss their opportunities in NIME
making.

First, makers explore ways of constructing the latent sound
space that align with their creative intent. Latent Terrain can be
seen as a way of adapting autoencoders with a curated audio
collection. In the broader space of Al as material for artworks,
building and curating training datasets has been an approach for
artists to intervene in generative models and bring agency into
their work [6, 17]. Latent Terrain offers an alternative way for
artists to integrate their curated audio collection: tailoring the
latent spaces of large generative models into a smaller and cus-
tomised subset, in the form of a sound space. The use of curated
datasets was explored in Jiatong’s work, in which the choice of
using archival recordings as the audio corpus aligns with the
themes of the vanishing living culture. In addition, Keigo’s work
explored the interactive adaptation of the sound space, in which
the mapping model is constantly being trained and updated,
forming the theme of uncertainty in the listening experience.

Second, makers explore ways of navigating the latent sound
space to balance control and uncertainty. Latent Terrain can
be seen as an approach of tailoring the high-dimensional latent
space into a low-dimensional control space. In our portfolio, ways
of navigating the latent sound space are entry points to make
clear the connection between the autoencoder and a range of
non-Al materials in the makers’ existing workspace or practices.
For instance, Dan’s practice of sample-based music composition
informed his way of sampling in the latent space to derive mate-
rials for composition, whereas Nico’s use of the boids algorithm
to navigate the space has become a unique theme in his work.

In summary, we suggest that future work explore the use of
curated audio collections, the interactive adaptation of latent
space, and the plural ways of navigating the latent sound space
to discover its opportunities in NIME.

6.2 Toward a Shared View on Autoencoders

In Section 1 we highlighted several practical challenges of en-
abling hands-on engagement with neural audio autoencoders
such as technical barriers, lack of resources and support, and the
complex nature of latent spaces. Reflecting on the development
of nn.terrain~ and the artistic exploration, we argue that the
lack of a space to share practice, knowledge, and techniques can
be another challenge in unpacking the creative possibilities of
autoencoders in NIME making.

When collecting the four pieces into the portfolio, each maker
uses domain-specific techniques to work with autoencoders, such
as the “active and embodied listening” approach by Jiatong and
Nico. They also invent unique vocabularies to articulate their
technical practices, such as Dan’s way of describing his latent
resampling approach and Keigo’s way of describing the syn-
thesis process as “tracing and accessing past state”. We suggest
that these multifaceted approaches can benefit from a sustained
community that establishes shareable practices [91], technical
know-how [84], and folk theories [67] to explore Al materials
in NIME making. In a broader DMI design view, cultural ex-
changes with and within artists’ communities play an important
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role in supporting digital luthiers’ practice-based engagement
with technical artefacts [4]. An example can be drawn from how
the turntable was transformed into a musical instrument by the
development of its own musical culture, techniques, and virtuosi
[35, p. 326]. Neural audio autoencoders, on a similar trajectory,
become design materials in NIME through sustained, practice-
based engagement within a crafting space that is shared by both
music communities and technical communities.

7 Conclusion

We contribute a technical method, a Max/MSP package, and a
practice-based account that foregrounds crafting as a site to ex-
plore emerging Al-enhanced NIME designs. We focused on the
decoder-only latent space walk technique with neural audio au-
toencoders. Our technical experimentation with autoencoders
resulted in Latent Terrain, a Max/MSP package that constructs
low-dimensional sound spaces from high-dimensional latent tra-
jectories. By positioning neural audio autoencoders within a
crafting space, we explored the challenges and opportunities of
using them as design materials in NIME. Through a collabora-
tive exploration with four artist-researchers, we delivered an
annotated portfolio to showcase a domain of design opened by
neural audio autoencoders. We highlighted that makers explore
ways of constructing the latent sound space that align with their
creative intent, and ways of navigating them to establish control
over the sound synthesis. We called for a community view of au-
toencoders in which artists and makers are empowered to share
technical know-how and practices with Al materials to unpack
their creative possibilities in NIME making.

8 Ethical Standards

All autoencoder models used in the papers are pre-trained models
trained on audio files licensed under CC0, CC BY, or CC Sampling
Plus. Data used for interactive machine learning is either under
CCO0 or CC BY licences, or created by the authors themselves.

The practice-based exploration described in the paper is con-
ducted within the authors and did not involve experiments with
other human participants. The project was approved by the
Queen Mary University of London ethics committee, reference
number: QMERC20.565.DSEECS25.026.
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pre-trained model provided by the original works is used across
all audio collections. For RAVE, three pretrained models from
online repositories [16, 32] are used for three audio collections, re-
spectively. This is due to the common practice of training RAVEs
on domain-specific datasets.

A.2 Additional Results

Standard MLPs without Fourier features are used as benchmarks
to validate the benefit of applying Fourier feature mappings. Peak
Signal-to-Noise Ratio (PSNR) is used to compare the regressed
latent trajectories with the original latent trajectories. Table 4a
shows that integrating Fourier features offers better latent PSNRs.
The better PSNR on RAVE is suspected to be due to its smaller
latent dimensionality than the others. The better PSNR on M2L
is suspected to be due to its larger compression ratio [51], so the
same length audio segment is encoded to fewer latent vectors,
resulting in less dense input coordinates.

Fréchet Audio Distance (FAD) [37] is used to evaluate the
overall similarity between original audio collections and recon-
structed audio collections, which contain those reconstructed
from the original latent trajectories (i.e., directly forward passed
by encoder-decoder), and the regressed latent trajectories by
MLPs. We use the VGGish [31] embeddings to compute the audio
distance. Table 4b shows that with Fourier features mapping, the
regression of latent trajectories only minimally degrades FAD
compared to the encoder-decoder reconstruction, which largely
depends on the capacity of the autoencoder itself.

A.3 Training loss frequency components

We inspect the training error with respect to multiple frequency
components to verify that the Fourier features are enabling the
MLP to learn high-frequency details as claimed. We separate the
training error with respect to different frequency components.
Figure 10 shows a typical record of training errors: the model
without Fourier features converges better in the low-frequency
band but fails to converge further on the high-frequency band,
whereas the two models that have Fourier features converge
faster on all bands. This verifies that the introduction of Fourier
features has allowed the model to resemble the high-dynamic
nature of latent trajectories, and shows that the Gaussian scale o
is a key configuration that affects the model behaviour, which
we elaborate on in Section 3.3.
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Figure 10: Absolute errors in each training step with respect
to three frequency bands from low to high.

A.4 On-the-fly Training and Inference

We present full results for the on-the-fly training and inference
evaluation from Section 3.4 in the main text. Results shown in

Figure 12 were tested on an Apple Silicon M4 Max MacBook Pro
with 48GB RAM, and a Dell G16 7630 with NVIDIA RTX4070

GPU.
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B Detailed Milestones and System Design

We present full details for each interface and milestone from
Section 4 in the main text, in combination with major change
logs and the details of the public engagement events shown in
Table 5.

Interface A: Embodied Sound Space Navigation

The first GUI design using nn. terrain~ focuses on exploring
the embodied movement-sound coupling in the sound space. It
offers a drawing pad as the control space, in which the stylus
(x, y) location is used to navigate in the sound space. The GUI is
used with a stylus as the input device to explore real-time sonic
feedback in response to stylus movements. It renders the sound
space using the visualisation method described in Section 3.3. The
interface is presented in a series of “Soundwalking Workshops” in
which musicians are tasked to explore the GUI as an instrument
and create musical scores on the drawing pad. It was also used
in a guest performance that premiered at the Interactive Digital
Media Technology concert at Queen Mary University of London.

At this stage, it only marks a minimal viable prototype of using
pre-built terrains at the inference stage. Consequently, it relies
heavily on programming the MLP mapping model in Python and
then exporting it to TorchScript® to load in Max. This offline
manner of integrating the sound space led to a long waiting
time between programming it and actually seeing and hearing it.
In this way, the time for musical exploration was spent mostly
in navigating the sound space, annotating sonically interesting
zones on the drawing pad, and experimenting with expressive
ways of re-enacting sounds in these zones.

Interface B: Interactive Sound Space
Construction

The second development phase targeted an interactive talk and
demo at the IRCAM Forum Workshop 2025, and a guest perfor-
mance that premiered at Queen Mary Music Festival 2025. The
API development in this phase focused on the interactive con-
struction of terrains. We attempted to match the workflow of
building terrains in Max/MSP with the workflow in Python. As a
result, the cycle of training pairs gathering, model training, mon-
itoring, and inference was distributed to three interdependent
Max objects. We considered concepts of coupling and cohesion
[3] in software engineering when defining the objects’ APIL The
GUI design focuses on presenting the terrain building workflow
in a straightforward way. In particular, loading customised au-
dio samples, plotting trajectories on the 2D plane, and iterative
training while monitoring the terrain visualisation.

We considered potential ways of programming the stylus input.
Therefore, the drawing pad allows for modulating the stylus
coordinates with an external source. In addition, the autoencoder
that was previously encapsulated in the system was removed.
In this way, nn.terrain~ only fulfils the coordinate-to-latent
mapping, and the autoencoder real-time inference relies on the
existing nn~° object from ACIDS-IRCAM, which has already been
widely used by practitioners. Given this flexibility, in Interface
B we created the right-most panel that allows modulating the
stylus (x, y) as a way of programming the trajectories in a terrain,
mimicking the “oscillations and orbits” control in [61].

8https://docs.pytorch.org/docs/2.5/jit html
“https://github.com/acids-ircam/nn_tilde
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Table 4: Regressing trajectories with the three audio collection across four autoencoders.

(a) Peak Signal-to-Noise Ratio between original latent trajectories and regressed trajectories (higher is better).

Peak Signal-to-Noise Ratio T

|
| Drum | String | VCTK
|

Regression Config | RAVE ~ M2L SAO  FlowDec | RAVE ~ M2L SAO  FlowDec | RAVE ~ M2L SAO  FlowDec

No Fourier features | 27.516  29.774  21.697 23.530 19.463  29.003  20.666 22.837 18.345  29.075 19.459 20.768
Fourier features 41.369 40.368 32.069 32.566 28.328 38.966 28.024 31.997 30.591 38.104 30.786 30.052

(b) Fréchet Audio Distance of audio sets reconstructed from the original trajectories (encoder-decoder reconstruction) and two sets of
regressed trajectories, comparing to the original audio samples (lower is better).

‘ Fréchet Audio Distance |

‘ Drum ‘ String ‘ VCTK
Regression Config | RAVE  M2L  SAO FlowDec | RAVE M2L  SAO FlowDec | RAVE M2L  SAO  FlowDec

Encoder—decoderrecon.‘ 7.664 6.659 2.324 2.009 ‘ 2.718  2.859  2.642 2.102 ‘ 3313 5439 1546 1.039

No Fourier features 14.188 12.354  28.163 28.069 17.665  9.267  10.542 10.322 25.801 8.451 50.474 19.592
Fourier features 8.139 7.511  2.387 2.473 4.783 5.092 4.023 2.498 3.689 7.562 2.180 1.259
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Figure 11: Average time needed to train the MLP for 1000 steps against training batch size, across various MLP configurations
and devices.
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Figure 12: Mean real-time factor (lower the better) against buffer size, across all decoders and devices, comparing with and
without the MLP. In all plots, mean values were computed over 100 runs per condition.

Interface C: Programming Trajectory Playback 1D timeline is replaced by a 2D sample canvas. This is practically
impossible when sampling in the waveform domain because the

sound playback cannot interpolate between spaces that are not
filled with audio samples, unless using a discrete corpus-based
sound space, as in concatenative synthesis [25, 83]. However,
when sampling in the latent domain, the learned MLP mapping
model can cover the entire 2D canvas with continuous coordinate
input, and also generalise to spaces that are not initially arranged
with samples, by interpolation.

The third development phase targeted an interactive project ex-
hibition at Sénar+D 2025. We considered potential ways of using
the terrains other than the stylus. Therefore, the input (control
space coordinates) and output (latent vectors) were exposed to
the API to allow for appropriation for other modes of interaction.
The initial project idea was to create a “2D Granular Synth” or a
“2D Sampler”, in which the standard audio sample arranged on a
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Table 5: Milestones of practice-led explorations that have guided the technical development.
++ Exporting trained mapping model from PyTorch, loading it in MaxMSP
<% @ ++ Creating mapping visualisation in MaxMSP
5 %o ++ Tracking the stylus position as input
= . .
@) ++ Logging stylus behaviours
++ Encapsulating nn~ for simplicity
. » ‘ Time Event ‘ Type Input Devices Autoencoder
o 9
E § Oct 2024 | Soundwalking Workshop Interactive demo Stylus and tablet interface RAVE
® | Dec 2024 | Interactive Digital Multimedia | Composition and performance Stylus and tablet interface RAVE

Techniques Concert

Change
Logs

—— Logging stylus behaviours

—— Removed nn~ to expose latent signals for appropriation

++ Defined independent objects nn.terrain~, nn.terrain.encode, and nn.terrain.gui for cohesion
++ Interactive building sound space in MaxMSP: Encoding audio buffers to latents and interactive plotting spatial trajectories

++ Modulating stylus coordinates to program the trajectory playback

stones

Mile-

‘ Time ‘ Event ‘ Type ‘ Input Devices ‘ Autoencoder
Mar 2025 | Queen Mary Music Festival Composition and performance Mixing desk knobs RAVE
Mar 2025 | IRCAM Forum Workshop Demonstration Stylus and tablet interface RAVE

++ Refined nn.terrain.gui for trajectory playback

Change
Logs

++ Added the checkpoint method to save trained terrain

++ Exposed more MLP and Fourier feature’s hyperparameters

++ Added nn.terrain.record to record trajectory, to record trajectories from higher dimensional control space (e.g., 3D)

Initial release of the MaxMSP objects package

o é ‘ Time ‘ Event ‘ Type ‘ Input Devices ‘ Autoencoder
I~
s % ‘ Jun 2025 ‘ Sénar+D Project Area ‘ Interactive demo ‘ Touchscreen ‘ RAVE, Music2Latent
g‘b > ++ Multi-threaded nn.terrain~ for on-the-fly machine learning
5 bon ++ Added support for stereo channels to support the autoencoder in Stable Audio Open
o=
]

To achieve this, the nn.terrain.gui object was refined. As shown
in Figure 5C, the user first loads audio samples and plots trajec-
tories in the “train mode” the same way as the previous interface.
Then in the “playback mode” they define a new set of trajectories
from the 2D canvas as “latent samples”. Trajectories are triggered
by the pattern in the step sequencer on the left. In addition, it
integrates the M2L [51] model as the underlying autoencoder. As
a result, more MLP hyperparameters were exposed to the API to
allow for hyperparameter tuning given the versatility of M2L.

C Artists Statements

Here we include the bio of the four artist-researchers (group)
who participanted in the practice-based exploration in Section 5.

Keigo Yoshida is a Tokyo-based artist and scientist who inte-
grates neuroscience and computer science to explore novel forms
of artistic expression. His notable works include the A/V perfor-
mances "Propagation” and "Mineral Neurons", both presented at
Sénar+D 2025, and "liberated frequencies" (Installation and A/V
performance). The latter work was supported by Flying Tokyo
2024, involved collaboration with METI and Rhizomatiks, and
was also presented at IRCAM Forum Workshops 2025 Hors-les-
Murs.

Nico Garcia-Peguinho is an artist and researcher investigat-
ing machine listening and algorithmic composition. His work
has been exhibited and performed at venues including Creative
Coding Utrecht (live-coding AV performance), Manchester His-

tories Festival Opening Ceremony (8-channel installation), and
MANTIS festival (multichannel fixed compositions). He is a first-

year PhD student at the Centre for Digital Music (C4DM), Queen
Mary University of London, and a member of the Sensing the
Forest project. Nikhil Bullock is a London-based musician and
researcher whose music is influenced by UK club culture and
algorithmic composition. His practice explores generative pro-
cesses as a tool for sonic exploration. He is currently pursuing an
MSc in Sound and Music Computing at Queen Mary University
of London.

Jiatong Liu is a Creative Technologist studying at the Creative
Coding Institute, University of the Arts London. Their practice
and research revolve around Machine Learning, Composition and
Film - combining narrative design, spatial design and technology.

Dan Hearn is a creative technologist and musician work-
ing with interaction, sound, and machine learning. His work
centres on building tools and interfaces that invite exploration
rather than automation. He works across software, hardware,
and machine learning to develop prototypes, instruments, and
installations.
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