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ABSTRACT

The application of neural audio synthesis methods for sound
generation has grown significantly in recent years. Among
such systems, streaming autoencoders such as RAVE are
particularly suitable for instrument design, as they map au-
dio to and from control signals in an abstract latent space
with acceptable latency. Despite the uptake of autoencoders
in NIME design, little research has been done to character-
ize the latent spaces of audio models, and to investigate
their affordances in practical musical scenarios. In this pa-
per we present Stacco, an instrument specifically designed
for the intuitive control of neural audio synthesis latent pa-
rameters through the displacement of magnetic objects on
a wooden board with four magnetic attractors. We then ex-
amine models trained on the same data with different seeds,
we explore strategies for more consistent mappings from au-
dio to latent space, and propose a method for stitching the
latent space of one model to another. Finally, in a user
study, we investigate whether and how these techniques are
perceived through embodied practice with Stacco.
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In recent years, neural audio synthesis (NAS) has emerged
as a novel approach to sound synthesis, considerably ex-
panding the creative possibilities of technologists, musicians
and sound artists [8]. NAS models consist of artificial neu-
ral networks trained to predict or reconstruct corpora of
raw sounds, learning in the process to represent them in the
network’s hidden layers. The activation values of neurons
encoding a sound can be thought of as a point in a multi-
dimensional latent space, whose manipulation is among the
most compelling features of NAS.

Historically, neural models powerful enough to handle raw
audio with any degree of realism were difficult to run in real
time, but the recent introduction of RAVE [8], a model ca-
pable of real-time performances and easy to integrate into
existing workflows, has led to a plethora of use cases en-
compassing instrument design [30, 26], sound engineering1

and music composition [23].
This diverse corpus of contributions demonstrates the rife

interest in this novel approach to sound synthesis among
artists and designers. But incorporating black-box neu-
ral synthesis models in compositional and design practices
raises challenges for explainable artificial intelligence (XAI),
as these do not expose the processes leading to the gen-
eration of their outputs and tend to distribute the sound
features of the dataset in unpredictable ways [7].

Among the first applications of XAI in the artistic do-
main, Bryan-Kinns et al. proposes to map specific latent
dimensions with meaningful musical parameters in a Mea-
sureVAE model, providing feedback on the distribution in
the latent space through a visual interface [6]. Complement-
ing this approach, the diverse contributions from the 2023
workshop on XAI for the Arts [7] reframe the explainability
problem from a broader perspective, encompassing the na-
ture of explanation, how AI models, features, and training
sets affect explanation, user-centred software and hardware
design, and interaction design for explainability [5].

In line with this, Privato and Armitage [24] extend the
Explanatory Pragmatist framework to XAI in music per-
formance, arguing that there is no universal approach to
explainability and that context (encompassing instrument,
performer and audience), is crucial for effective XAI strate-
gies.

This paper aims to address XAIxArts from this latter
angle. How do algorithmic strategies for understanding la-
tent space manifest in a NIME specifically designed for neu-
ral synthesis? What can the DMI designer expect when
training neural synthesis models and mapping their latent

1https://semilla.ai



spaces? And what novel compositional and performative
strategies emerge around latent spaces’ peculiar affordances?
In the following sections, we overview RAVE’s features

and frame our contribution within diverse XAI approaches.
We then introduce Stacco, a Digital Musical Instrument
(DMI) specifically designed for the intuitive and playful nav-
igation of latent spaces, and explore strategies for adapting
latent distributions from one model to another. We finally
use Stacco to explore how users perceive and understand
the adapted latent spaces through embodied interaction.

2. BACKGROUND

2.1 RAVE
The Real-time Audio Variational Encoder (RAVE) is a neu-
ral audio synthesis method introduced in 2021 by Caillon
and Esling [8]. Its relatively high-fidelity sound and low la-
tency have drastically facilitated the applications of neural
synthesis in interactive contexts.
RAVE learns by a two-phase procedure, consisting of a

representation learning phase as a variational autoencoder
(VAE) [15] followed by an adversarial fine-tuning phase which
improves sound quality. Training requires many hours of
GPU computation, but once trained, models can run in
real time on laptop CPUs, through Pure Data, Max/MSP
[1] and SuperCollider [11] plugins, or direct implementation
in Python or C++ programs.
As an autoencoder, RAVE consists of two main functions

that the user can call separately: an encoding phase com-
presses a 48 KHz stream of audio to a stream of latent
vectors, typically with a sampling rate of about 23Hz and 4
to 32 channels, and a decoding phase that synthesizes audio
from latent vectors.
A trained RAVE model is typically used by feeding a

sound through both encoder and decoder to reinterpret it
through the model’s training data, or by using control-rate
signals to manipulate directly the latent space before de-
coding. These methods may also be creatively combined in
various ways, for instance by directly controlling one latent
variable while taking the others from a sound fed into the
encoder.
RAVE has appeared in diverse contributions to recent

NIME conferences and beyond: it is part of the synthesis
engine in the Living Looper [30], in Thales [26] and Semilla
[31]. Pelinsky includes RAVE in a pipeline for embedded
synthesis [22], and others have explored its embodied navi-
gation through spatial metaphors [29, 3].
Yet, incorporating RAVE and other audio autoencoders

in compositional and design practices raises unique XAI
challenges. Among these are the model’s arbitrary distribu-
tion of the sound features in the latent space and entangle-
ment of the latent dimensions, with one latent responding
differently as the state of the other is changed, making the
navigation less predictable [25].

2.2 Understanding Latent Spaces
One approach to making latent spaces more understandable
is to align them with known features of the audio, either
by pulling out certain aspects (e.g. pitch) to be controlled
explicitly, or attempting to factor the latent space into inde-
pendent parts dealing with distinct aspects of sound. Devis
at al. [10] show how to use explicit audio descriptors to-
gether with a learned latent space while preventing redun-
dancy between explicit descriptors and learned latents, so
that descriptors can later be modified to control the sound.
Relatedly, Nercessian [21] separates pitch and a phonetic

encoding out of the RAVE latent space, targeting singing
voice synthesis.

A different line of research focuses on post-hoc explana-
tions of how sound is represented in learned latent spaces.
Hawley and Steinmetz [13] visualize the latent space of au-
dio autoencoders, finding that as audio effects are applied,
the movement of sounds in latent space is visible but not
easy to describe.

A third approach is to understand latent spaces in terms
of one another, “stitching” neural networks together so that
e.g. the encoder of one model and the decoder of another
can communicate. This was first studied for computer vi-
sion models [16][9][4]. In these methods, a linear transfor-
mation is fit such that it maps a hidden layer of one model
to the same layer of another, and the resulting hybrid model
is found to retain most of the performance of the originals.

Moschella et al. [20] introduce a related method, using
similarity to anchor points rather than a linear transforma-
tion. Though this allows them to stitch two models without
an extra training step, it assumes that the decoder model
has already been trained using their method. The modified
latent space is also semantically different from either origi-
nal model, which poses difficulties in a context where latent
space is meant to be manipulated directly. For these rea-
sons, we eschew relative representations and return to the
technique of model stitching in Section 4.2.

Finally, we identify a fourth approach in the embodied
understanding of latent spaces. Scurto and Postel’s la-
tent soundwalks [29] explore a literal equivalence between
RAVE latent space and 3D space as mediated by a virtual
avatar, Valenzuela’s Semilla [31] maps the positions of seeds
cast across a table by hand, and Armitage and Privato in-
vestigate the three-dimensional projection of latent spaces
through sound spatialisation [3]. This line of investigation
is particularly relevant for a community focused on instru-
ment design and music creativity such as NIME, in that it
recognizes the role played by our instruments and compo-
sitional practices in interpreting the algorithm’s workings,
and explores how the principles of XAI apply to such con-
texts.

3. STACCO

Figure 1: Stacco.

In line with this approach, we developed Stacco, an in-
terface that facilitates the interaction and composition with
RAVE whilst providing a rich and playful musical experi-
ence. We used Stacco to investigate the application of XAI




