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Figure 1: Composite image featuring superimposed elements: a viola photographed from the musician’s perspective,
electrode cables, EMG signal waveforms, a deep generative model network architecture diagram, a Bela board.

Abstract

NIME researchers frequently work with sensor signals that lack
interpretability, such as signals from movement sensors and bio-
electric sensors. However, there is a lack of NIME-specific ap-
proaches for building and evaluating deep generative models
(DGM) of such signals, even though DGM are increasingly preva-
lent in NIME.

Our research focuses on cross-modal Sig2Sig machine trans-
lation, a sensor-sound mapping task using DGM. We present
the Muscle-Listening Machine Learning Model for Live Music
(MLMLMLM), a novel DGM intended for use within an inter-
active music system. MLMLMLM is trained on a bespoke time-
aligned dataset of audio and electromyographic (EMG) signals
and features a decoder-only Transformer and two RVQ-VAEs.

We position the technical work of designing bespoke DGM
architectures as a NIME practice in its own right and employ
a Technical Practice Research (TPR) approach to document the
process of building MLMLMLM. Through our TPR process, a new
evaluation method emerged for DGM with low-interpretability
signals.

The contributions of this research are two-fold: 1) a novel
DGM architecture for EMG-conditioned sequence generation of
audio signals; 2) a method for more effectively developing and
evaluating DGMs of multi-channel time-domain signals with
low-interpretability.
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1 Introduction

Mapping between sensor signals and sound is a strong theme
in NIME since the inception of the conference. Recent advances
in Deep Generative Modeling (DGM) have transformed cross-
modal machine translation in other research areas. However,
there are obstacles when attempting to transfer this interdisci-
plinary knowledge to NIME design.

In practice, custom DGMs undergo lengthy development pro-
cesses before culminating in functioning, usable arefacts. Fel-
low NIME researchers have proposed innovative technical and
methodological solutions to this problem.

Technical solutions include specialized pipelines that expedite
functioning prototypes [27] [29]. The nature of DGM develop-
ment also gives rise to methodological implications for NIME
design; much technical design work of DGM architectures is
overlooked by traditional human-computer interaction method-
ologies.

To close this methodological gap, Technical Practice Research
(TPR) [28] positions technical work as a practice in an of itself.
Pelinski et al. [28] describe TPR as:

2

‘an alternative mode of research in technical prac-

tice that places the locus of knowledge production

in the practice rather than the technical artefact, by

focusing on the first-person and real-time nature

of technical practice” [28]
Complementary to technical and methodological solutions, we
propose building specialized knowledge of DGM within NIME
to streamline knowledge transfer from other DGM literature.
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Such NIME-speci ¢ knowledge can include novel methods for
designing custom DGM architectures for computing tasks at

Strauss et al.

de ne, and thus open to interpretation. Furthermore, Poibeau
emphasizes that there are many di erent processes involved in

the heart of NIME research. Our research broadly encompasses translation [30].

the task of cross-modal mapping between signal data or more
speci ¢ to DGM, cross-modal Sig2Sig machine translation.

We present the TPR process of designing the Muscle Listen-
ing Machine Learning Model for Live Music (MLMLMLM), a
DGM that generates sequences of audio signals conditioned on
electromyographic (EMG) signals from a performing musictan.
MLMLMLM is intended for use within an interactive music sys-
tem for live performance setting%.

MLMLMLM is trained on a bespoke dataset of time-aligned
audio and EMG signals of viola playing. The MLMLMLM ar-
chitecture comprises two Residual Vector-quantized Variational
Autoencoders (RVQ-VAE) and a cross-attention Transformer de-

coder in latent space. The RVQ-VAEs each perform representa-

tion learning and latent space mapping of audio and EMG signals
respectively. The Transformer performs causal, autoregressive
sequence generation with streaming conditionifg.

This paper makes two main contributions. The rstis a method
contribution that emerged from the TPR process: a novel evalu-
ation method for use while developing DGMs of multi-channel
signals with low-interpretability. The second contribution is an
artefact: the MLMLMLM architecture itself.

We provide a background of machine translation, relevant
DGM architectural classes, and technical challenges (Section 2)
Section 3 presents our novel method for building DGMs. Section 4
presents the experiment design. In Sections 5, 6 & 7, we provide a
TPR account of the MLMLMLM development process. We include
a discussion (Section 8), and nal remarks.

2 Background

The RAVE architectureq] is well-represented in the literature
concerning audio DGM within interactive music systems. In the
interest of advancing NIME research, Caspe et.Ghlrhake a
strong case for researchers to redesign and iterate upon existing
architectures, instead of considering existing models such as
"RAVE as a one-size- ts-all tool" [6].

Likewise, Jourdan and Caramiauk{ call attention to the
limited number of DGM techniques and rarity of custom model
architectures in NIME, for which a possible in uencing factor is
specialized technical knowledge required to build custom archi-
tectures [17].

These insights point towards a need for NIME-compatible
methods for DGM development. Moreover, NIME is not only
concerned with audio; we also work with movement sensors.
We therefore frame this need in more NIME-speci ¢ terms as a
cross-modal mapping problem.

In technoscienti c literature, machine translation is a multi-
faceted computing task with a long history, stretching back to
the mid-20th century [30] [42]. Poibeau's foundational book on
the subject de nes machine translation tools as "computer pro-
grams capable of automatically producing in a target language
the translation of a text in a source language3dq. The book
portrays translation as a complex concept that is not simple to

1The MLMLMLM codebase is available in our open-source GitHub repository:
https://github.com/lucystrauss/MLMLMLM

2Video of the rst author performing live with MLMLMLM: https:/Awww.youtube.
com/watch?v=Y5qrDAH5ny0&list=PLrf6aPOTdLZeNa_MUNDOQ_8IYpRLV-qyAz
3j.e. The model does not require the full conditioning sequence to be observed
upfront and can thus can start generating outputs before the full conditioning
signal is available essential for interactive live performance settings.

Machine translation traditionally entails working with text
and language, but also holds relevance to other domains. Transla-
tion is also possible between data modalities. For example, Bisig
and Tatar translate pose sequences into raw audio wavefoi3ps [
Cross-modal machine translation gives rise to unique challenges
stemming from mismatches in internal temposstructural orga-
nization, as well as inherent croswodal di erences in dimen-
sionality [39 [18. Cross-modal machine translation frequently
involves continuous data domairfsSpeci cally, Sig2Sig is a trans-
lation task that models relationships between signals by learning
a mapping between two signal domains [20].

In the paragraphs that follow, we provide an overview of
DGM architectures most relevant to cross-modal Sig2Sig machine
translation to sharpen our scope to the NIME-speci ¢ problem of
cross-modal mapping.

The multi-faceted characteristic of machine translation is evi-
dent from the prominence of composed state-of-the-art model
architectures. In the generative music context, Stable Audio fea-
tures a Di usion Transformer in combination with other architec-
tural elements, including a VAE that models raw audio sigrals
[13 [14. The Di usion Transformer translates between text em-
beddings and audio embeddings in the VAE latent space. The

.strategy of composing model architectures from di erent models

is typical of machine translation architectures, possibly because
translation inherently involves multiple tasks, as articulated by
Poibeau [30].

Transformers B8 are prevalent in state-of-the-art machine
translation architectures, having lead to rapid advancements in
machine translation in recent yeargl§]. Transformers are char-
acterized by attention mechanisms, as opposed to recurrence or
convolution and have undergone signi cant developments since
their invention, such as cross-attention conditioning through
dual-branch architectures [7].

Transformers have been used in speech-to-speech translation
architectures using mel-spectrogram representations of audio
signals [L9. Transformers also perform well for DGM of musical
audio signals 41. However, Transformers featuring in previous
NIME proceedings only model MIDI representations of music
[23] [16] [12] [25].

DGMs capable of generating bio-electric signals are unusual,
where bio-electric signals are usually framed as control signals
in regression or classi cation tasks. Mainol translates audio to
electroencephalographic signalg4, the opposite of our task to
translate bio-electric signals to audio. More closely related to our
research, the CAVI system generates predicted EMG sigridls [

A challenge of DGM of non-audio signal data is a lack of
interpretability. Whereas humans can easily make quick judg-
ments about musical audio signal quality by listening, we are less
perceptually attuned to non-musical, non-audio signals. NIME
researchers utilize control signals from a varied range of sensor
modalities, such as EMG signaB1] [8] [27 [40 [9] [26 [11],
yet EMG signals notoriously lack interpretability?]. Our re-
search lays groundwork for DGM of low-interpretability signals
in NIME.

4in contrast to discrete data such as text.
5as opposed to spectrogram representations of audio
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3 Method

We present a novel method for building DGMs of multi-channel
signals with low-interpretability. This method contribution emerged
through our TPR process documented in Sections 5, 6 & 7.

In the practice of building and evaluating DGMs, researchers
frequently inspect reconstructions and compare them with sam-
ples from the original dataset. These qualitative inspections en-
able researchers to make quick judgments about the generative
capabilities of models-in-development, thus informing key de-
cisions towards nal model architectures and training hyper-
parameters.

Both aural and visual feedback are essential during audio DGM

NIME '26, June 23 26, 2026, London, UK

(4) train model on less-interpretable, multi-channel signal
data (without the audio channel) using the discovered
architecture and hyperparameters

4 Experiment Design

The experiment design serves our design goal of a DGM capa-
ble of cross-modal Sig2Sig machine translation, wherein a DGM
translates between raw signal data of two (or more) data modali-
ties. Speci cally, we sought to design a model that could translate
EMG signals into viola-like audio signals.

We conceptualise machine translation as a multi-task process,
as portrayed by PoibeawB[]. As such, we compartmentalize

training because spectrograms and waveforms encode funda- cross-modal Sig2Sig machine translation into three sub-tasks:

mentally di erent information about signals. Magnitude spectro-
grams depict useful information about frequency-domain struc-
ture and energybased perceptual features of sound. However,
spectrograms do not depict errors in audio delity that can be
easily detected by listening to waveforms. As such, looking and
listening serve crucial, complementary functions when modeling
musical audio signals.

However, the method of qualitative aural and visual inspection
is less informative when developing DGMs of non-audio signals
that are less perceptually interpretable. Humans are perceptually
attuned to notice variations in musical audio signal quality, yet we
are not as perceptually well-equipped to make quick judgments
about the delity of raw sensor signals without additional data-
sound mapping designs [15]. We encountered this imbalance in
our perceptual understanding between music and EMG signals
during our TPR process, where EMG signals are less interpretable
than audio signals.

To overcome the challenge of modeling less-interpretable sig-
nals, we devised a method whereby we rst train a multi-modal
DGM on a time-aligned dataset wherein one of the channels
is audio and the remaining channels are EMG signals. This in-
terim training phase facilitates a quick evaluation of generated
signals through looking at and listening to interpretable audio
channel reconstructions. Once the desired network architecture
and training hyper-parameters are discovered, we remove the au-
dio channel from the training dataset and train the model again.
Through this process, we are able evaluate a multi-channel DGM
of EMG signals.

Our method is not entirely peculiar in DGM practice. For exam-
ple, Tatar et al. discover model hyperparameters by training on a
reliable image dataset during bespoke audio DGM development
[36].

We summarize our method contribution below:

(1) source (or create) a time-aligned, multi-modal dataset of

which one modality is audio

(2) train model on signal modality with higher interpretability

(eg. audio)
does the training script run?
can the network architecture model signal data?
is it necessary to make adjustments to training hyper-
parameters or loss balance?

(3) train model on samples of paired multi-modal signals
what adjustments are necessary to accommodate for the
increased channel count?
adjust model architecture to discover model capacity
requirements (eg. increase network width or depth)
tune training hyperparameters and loss function bal-
ance

Deep Generative Modeling of Audio Signals
Deep generative modeling of EMG signals
Cross-Modal Mapping & Latent Sequence Generafion
In this section, we present our dataset (4.1), the MLMLMLM
architecture (4.2), and our TPR experiment approach (4.3).

4.1 Dataset

MLMLMLM is trained on a custom dataset of time-aligned EMG
and audio signals of improvised viola playing. The dataset has
7 channels, including 1 audio channel and 6 EMG channels. We
captured 130 minutes of multi-channel signal data and augmented
the dataset using time-stretch operations, totaling 420 minutes
of training data. EMG signal pre-processing included a 1Hz high-
pass lter for o set removal and a 50Hz notch lter to suppress
power-line interference.

Viola sound was captured at 44100Hz with a DPA violin/viola
clip on condenser microphone for consistency with the intended
real-world stage performance conditions at inference time.

Figure 2: Screenshot showing the time-aligned multi-
channel dataset in REAPER. From top to bottom, the tracks
are: the high-quality viola audio track, the muted reference
audio track, then the 6 EMG channels.

We recorded EMG data at 22050Hz on a Bela board with Plux
BlTalino EMG sensors, employing a non-invasive EMG sensing
set-up with gelled surface electrodes.

Electrode placements were informed by our prior work, in-
cluding VAE training on a dataset of EMG signals of viola playing
[34, and the analysis of a specialized movement technique in

viola performance that engages the right side of the violist's torso

to produce subtle timbral variations on the instrument [33].

SWe use a Transformer decoder architecture to perform both cross-modal mapping

and latent sequence generation. We group both tasks into one sub-task point
(rather than two points) to represent how we compartmentalized the overall design
objectives in practice.
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