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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.

This work is licensed under a Creative Commons Attribution 4.0 International
License.
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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-specific knowledge can include novel methods for
designing custom DGM architectures for computing tasks at
the heart of NIME research. Our research broadly encompasses
the task of cross-modal mapping between signal data—or more
specific 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 musician.!
MLMLMLM is intended for use within an interactive music sys-
tem for live performance settings.?

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 conditioning.?

This paper makes two main contributions. The first is 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 final remarks.

2 Background

The RAVE architecture [5] is well-represented in the literature
concerning audio DGM within interactive music systems. In the
interest of advancing NIME research, Caspe et. al [6] make a
strong case for researchers to redesign and iterate upon existing
architectures, instead of considering existing models such as
"RAVE as a one-size-fits-all tool" [6].

Likewise, Jourdan and Caramiaux [17] call attention to the
limited number of DGM techniques and rarity of custom model
architectures in NIME, for which a possible influencing 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-specific terms as a
cross-modal mapping problem.

In technoscientific 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 defines machine translation tools as "computer pro-
grams capable of automatically producing in a target language
the translation of a text in a source language" [30]. The book
portrays translation as a complex concept that is not simple to

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

%Video of the first author performing live with MLMLMLM: https://www.youtube.
com/watch?v=Y5qrDAH5ny0&list=PLrf6aP0TdLZeNa_MUNDO_8IYpRLV-qyAz
3i.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.

Strauss et al.

define, and thus open to interpretation. Furthermore, Poibeau
emphasizes that there are many different processes involved in
translation [30].

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 waveforms [3].
Cross-modal machine translation gives rise to unique challenges
stemming from mismatches in internal temporo-structural orga-
nization, as well as inherent cross-modal differences in dimen-
sionality [39] [18]. Cross-modal machine translation frequently
involves continuous data domains.* Specifically, 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-specific 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 Diffusion Transformer in combination with other architec-
tural elements, including a VAE that models raw audio signals®
[13] [14]. The Diffusion Transformer translates between text em-
beddings and audio embeddings in the VAE latent space. The
strategy of composing model architectures from different models
is typical of machine translation architectures, possibly because
translation inherently involves multiple tasks, as articulated by
Poibeau [30].

Transformers [38] are prevalent in state-of-the-art machine
translation architectures, having lead to rapid advancements in
machine translation in recent years [42]. Transformers are char-
acterized by attention mechanisms, as opposed to recurrence or
convolution and have undergone significant 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 [19]. 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 classification tasks. Mainolfi translates audio to
electroencephalographic signals [24], the opposite of our task to
translate bio-electric signals to audio. More closely related to our
research, the CAVI system generates predicted EMG signals [10].

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 signals [31] [8] [22] [40] [9] [26] [11],
yet EMG signals notoriously lack interpretability [2]. Our re-
search lays groundwork for DGM of low-interpretability signals
in NIME.

4in contrast to discrete data such as text.
Sas 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 final model architectures and training hyper-
parameters.

Both aural and visual feedback are essential during audio DGM
training because spectrograms and waveforms encode funda-
mentally different information about signals. Magnitude spectro-
grams depict useful information about frequency-domain struc-
ture and energy-based perceptual features of sound. However,
spectrograms do not depict errors in audio fidelity 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 fidelity 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 first 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)
e does the training script run?
e can the network architecture model signal data?
e is it necessary to make adjustments to training hyper-
parameters or loss balance?
(3) train model on samples of paired multi-modal signals
o 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)
e tune training hyperparameters and loss function bal-
ance
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(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. Specifically, 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 Poibeau [30]. As such, we compartmentalize
cross-modal Sig2Sig machine translation into three sub-tasks:

o Deep Generative Modeling of Audio Signals
e Deep generative modeling of EMG signals
e Cross-Modal Mapping & Latent Sequence Generation®

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 filter for offset removal and a 50Hz notch filter 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
BITalino 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].

%We 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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(a) Bela board and electrode cables used to
capture EMG signals and the reference au-
dio track. Note that the reference audio mi-
crophone is out-of-frame in this image.

(b) Violist’s point of view during record-
ing. The DPA clip-on microphone attached
to the viola records high-quality audio,
whereas the reference microphone is on the
microphone stand in front of the musician.
Also visible is a stereo-pair of microphones.
We chose to model mono audio signals and
therefore we did not use the audio from
this stereo pair in the final dataset.

Figure 3: Images photographed at the dataset recording sessions.

In the current sensing set-up, one electrode is placed over the
latissimus dorsi on the right side of the body to capture EMG
information relating to the above-mentioned specialized viola
playing technique. Other electrodes are placed over the forearms
to capture wrist flexion; under the left forearm to capture wrist
extension; the right deltoid to capture arm abduction; and the
left bicep to capture vibrato and elbow flexion.

We recorded a reference audio channel through the Bela board
using a dynamic microphone, and performed manual alignment
in REAPER (Figure 2). We augmented the dataset using time-
stretch, muted the reference audio track, and exported six-second
long windows of the 7 channels for our training dataset as a
multichannel waveform file.”

4.2 MLMLMLM Architecture

MLMLMLM performs cross-modal Sig2Sig machine translation,
a computational task that we conceptualize and define herein.
The architecture is composed of two RVQ-VAEs and a decoder-
only Transformer. Each model is trained separately, to perform
a sub-task of the multi-task machine-translation objective. One
RVQ-VAE models EMG signals; the other models audio signals.
The Transformer is implemented in latent space, using quantized
latent vectors of the audio RVQ-VAE for self-attention, and quan-
tized latent vectors of the EMG RVQ-VAE for cross-attention.
The EMG encoder produces a compressed representation in-
formed by machine-derived feature extraction and can therefore

"The lua script for exporting overlapping windows of multichannel wave files from
REAPER is available in the MLMLMLM GitHub repository.

be considered an information retrieval task. This latent signal rep-
resentation is thus richer and more informative than raw signals,
and of compressed dimensionality—a preferable conditioning sig-
nal, also in terms of computational efficiency.

We do not decode EMG signals at inference time. Nonethe-
less, we include EMG reconstruction loss during training, to
encourage information preservation and compression of essen-
tial features without losing meaningful details. Although viola
audio signals and EMG signals differ in frequency range, they
share time- and frequency-domain characteristics. Consequently,
many signal processing techniques are found in both audio and
EMG signal processing literature, such as STFT for feature extrac-
tion and analysis [32] [35]. Thus, STFT is an appropriate choice
for reconstruction loss of EMG signals, encouraging the network
(including the EMG encoder) to extract meaningful features.

Our trained MLMLMLM model generates raw audio signal
sequences up to 6 seconds in length, a limitation resulting from
hardware constraints.® We find this a reasonable length for mu-
sical phrases because MLMLMLM is intended for interactive
performance settings with continuous input from the human
musician, who can influence structure by providing new audio

8Memory requirements for Transformers generally scale quadratically with se-
quence length. VRAM hardware constraints are relevant during training, as well
as during inference time. For example, we currently have access to a laptop with
NVIDIA 3070 GPU with 8GB VRAM for running MLMLMLM in live performance
scenarios. With this set-up in mind, we did not train on longer sequences that would
have exceeded the memory constraints of our available hardware for performances.
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Figure 4: This diagram depicts the three main architectural components of MLMLMLM: a VAE of EMG signals (top); a VAE
of audio signals (bottom); and a Transformer (middle) that translates between the VAE latent spaces with a cross-attention

mechanism.

start tokens every few seconds.” However, the limit of 6 seconds
can be extrapolated in future with specialized techniques [44].

4.2.1 RVQ-VAE Architecture. The main architectural components
of the two VQ-VAEs are identical (Figure 5). We selected the
Oobleck VAE (with snake activations) because it performs well
in DGM of raw audio waveforms [14] [13]. Snake activations
facilitate the reconstruction of signal phase information [45].

The MLMLMLM VAE bottlenecks are discrete to streamline
conversion of latent vectors into token embeddings for the Trans-
former decoder. We selected RVQ bottlenecks [21] because they
are well-documented!® with robust open-source PyTorch imple-
mentations.!!

4.2.2 Cross-Attention Transformer. Similarly to MusicLM [1] and
AudioLM [4], we use a decoder-only Transformer to focus the

9A full, detailed description of the performance set-up is out of scope for this paper,
but we include a supplementary video file that features a live performance with
MLMLMLM, where the trigger mechanism for the model to start generating is a
change above a user-defined threshold of the RMS moving average of the incoming
acoustic instrument audio signal. Thereby, the musician decides when to prompt the
model to listen’ to live EMG signals an generate audio output. In this way, we use
the sequence length limitation as a meta-compositional feature of the performance.
Ohttps://drscotthawley.github.io/blog/posts/2023-06-12-RVQ.html
Uhttps://github.com/lucidrains/vector-quantize-pytorch

computing task on auto-regressive sequence generation. Further-
more, we chose Transformers over other neural audio synthesis
approaches because our computing task includes cross-modal
mapping. Transformers offer a solution for both cross-modal
mapping & latent sequence generation with cross-attention and
self-attention mechanisms respectively.

We selected the ContinuousTransformer architecture from
the open-source stable-audio-tools codebase!? for its robust Py-
Torch implementation. We modified the ContinuousTransformer
model and implemented custom training scripts towards stream-
ing conditioning during inference time. We included a cross-
attention layer in the MLMLMLM Transformer decoder to facili-
tate a learned bridge between EMG and audio latent spaces.

The Transformer (Figure 6) operates in latent space dimen-
sionality of the audio RVQ-VAE and the EMG RVQ-VAE.

4.2.3 Inference Pipeline. At inference time, we encode a short
window of audio with the audio RVQ-VAE to produce a start
token. The length of this audio (number of start tokens) is ad-
justable and the minimum length is 2048 samples. Live incoming
EMG signals are encoded by the EMG RVQ-VAE, to acquire EMG
latents. The Transformer generates future tokens, continuing

2https://github.com/Stability-Al/stable-audio-tools
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(b) The decoder of the RVQ-VAE architec-
ture. This figure depicts the convolutional
layers and activation layers for the decoder,
decoder blocks, and residual layers.

Figure 5: RVQ-VAE encoder and decoder diagrams shown side-by-side for comparison. Notice that the downsampling
convolutional layer follows the residual units in the encoder, whereas the upsampling convolutional layer precedes the

residual units in the decoder.

the latent audio sequence from the start tokens, while using in-
coming latent EMG tokens for cross-attention conditioning. The
tokens generated by the Transformer are decoded using the audio
RVQ-VAE."3

The Transformer is causal,! autoregressive, and facilitates
token-by-token generation with streaming conditioning. These
features enable us to start generating audio before the complete
EMG conditioning sequence has been received, i.e. the model
can receive a live incoming EMG conditioning stream and output
generated audio simultaneously.!® This updated functionality is
essential for live interactive performance settings.

4.3 TPR Experiment Approach

We document our TPR process of building the MLMLMLM model
architecture in the sections that follow. TPR was first proposed by
NIME researchers, with the NIME context in mind [28], providing
a means to share insights that would traditionally be excluded
from technical reports and user studies. The need for such a
methodology is evidenced by the current lack of bespoke DGM

13 At inference time, we do not use the EMG RVQ-VAE decoder; only need the
encoder is needed to produce latent vectors of encoded EMG signals.

14Both the generation modality (self-attention) and conditioning modality (cross-
attention) are causal.

5This I/O streaming involves asynchronous programming. We recommend using
the pybela library https://github.com/BelaPlatform/pybela/tree/main/pybela.

architectures in the NIME literature. In the spirit of TPR, we em-
brace the non-linear nature of this process and visibilize decision-
making towards a nuanced vocabulary for thinking about model
training in the NIME context. We consider detailed accounts of
process a strength of the TPR approach.

With this view, we document how frequent evaluations of
our model-in-development informed the decisions towards the
current MLMLMLM architecture. We developed MLMLMLM in
stages, focusing on different machine translation sub-tasks at
different moments during the design process. These tasks include:

e Phase 1: Deep Generative Modeling of Audio Signals (Sec-
tion 5)

e Phase 2: Deep generative modeling of EMG signals (Sec-
tion 6)

e Phase 3: Cross-Modal Mapping & Latent Sequence Gener-
ation (Section 7)

In the sections that follow, we recount our TPR process for
each phase. We tabulate details from training runs for ease of
comparison and share insights that we gained by observing orig-
inal and reconstructed signals, for both audio and EMG signals.
Our primary criterion for judging the success of experimental
training runs was the variety of model outputs, given that model
needs to be responsive to a range of metrics in a live perfor-
mance intended use case. It is through this TPR process that our
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Figure 6: The decoder-only Transformer architecture in
MLMLMLM. The Transformer is on the left and the Trans-
former Block is on the right.

method contribution (Section 3) and MLMLMLM architecture
contribution (Section 4.2) emerged.

Reconstructions from a selection of experiments are presented
visually in Appendix A and B.1¢

5 Phase 1: Deep Generative Modeling of Audio
Signals

During these early stages of technical practice, we were still
undecided on the computing method that we would use for cross-
modal translation. Thus, our point of entry was to train a fVAE
for signal DGM.

The models in the following experiments are trained on one
channel of raw audio waveforms from our custom dataset (Sec-
tion 4.1). Our primary objective at this stage was to train the VAE
architecture from scratch on custom dataset audio. Thus, Phase

16A verbose selection of audio and visual training feedback is available online:
https://lucystrauss.github.io/NIME_2026_examples/
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1 primarily investigates whether our dataset size is sufficient to
train this particular VAE architecture.

5.1 Experiments

Table 1 presents architectural details and training hyperparame-
ters; Table 2 presents results. For brevity, we use ‘A’ to indicate
that the input and generation modality is 1 channel of audio.
RVQ-VAE experiments are numbered 1 - 5 (eg. ‘A RVQ-VAE 1’,
and so forth).

First, we trained a SVAE using the hyperparameters recom-
mended for the Oobleck VAE architecture [14]. We name this
experiment Audio VAE (A VAE). We observed that the model
reconstructs pitch and loudness, but reconstructed audio sounds
tinny compared to the original audio. Having worked with Stable
Audio models before,'” we were aware of this sound quality limi-
tation of the model architecture beforehand, and deemed training
experiment A VAE successful-our dataset size was sufficient.

We then considered our ultimate research goals of cross-modal
Sig2Sig machine translation, identifying cross-attention Trans-
formers as a promising technical solution. In preparation for pur-
suing this approach, we exchanged the standard VAE bottleneck
for a vector-quantized latent space, towards modeling sequences
of discrete latents with a Transformer at a later stage. The re-
construction loss remained a Multi-Resolution STFT (MRSTFT)
calculation. We omitted the explicit KLD term and replaced it
with a quantizer loss, comprising a codebook loss and a com-
mitment loss averaged over 4 residual quantizers. The quan-
tizer loss is implemented within the ResidualvVQ module of the
vector_quantize_pytorch library,'® based on [43]. It is stan-
dard practice to omit KLD in the VQ-VAE literature; "Since we
assume a uniform prior for z, the KL term that usually appears
in the ELBO is constant w.r.t. the encoder parameters and can
thus be ignored for training" [37].

For A RVQ-VAE 1, we used the same architecture and training
dynamics as A VAE, but halved the sequence length.!® Listening
back to A RVQ-VAE 1 reconstructions, we observed a similar
audio quality to the A VAE reconstructions. However, we could
hear subtle audio artifacts at regular intervals—possibly a result
of vector quantization.

With A RVQ-VAE 2, we investigated whether a larger latent
dimensionality could eliminate regular audio artifacts. After 86
epochs, MRSTFT loss was greater and we could not perceive a
reduction in regular audio artifacts from the quantizer. Although
the feature-matching and discriminator loss were smaller, these
improvements were not sufficient to justify the larger latent
dimensionality at the expense of computational and memory
efficiency for the Transformer at a later stage. Although A RVQ-
VAE 2 was not unsuccessful in learning from our dataset, we
stopped A RVQ-VAE 2 early at 86 epochs.

For A RVQ-VAE 3, we reverted back to original architectural
settings to explore training on a longer sequence length, omitting
the discriminator.2’ We found that quantizer and MRSTFT losses

https://lucystrauss.com/tech-tea-exchange
Bhttps://github.com/lucidrains/vector-quantize-pytorch/tree/a8235c854f9abdf
4ba5d4907be25c045d3c4af.

The additional architectural elements required for the quantized latent space
required greater VRAM (GPU memory). We compromised on sequence length to
avoid a very small batch size (very small batch sizes can lead to noisy gradients and
destabilize training).

20We omitted the discriminator due to hardware memory constraints. This enabled
us to speed up training by using a larger sequence length, thereby saving on
computing resources.
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Table 1: Comparison of architectural and training settings experimental training runs for DGM of one audio channel.
Wherever a value is —, it is because that metric was not calculated for that training run.

dataset size num conv.  num latent KLD g learning sequence codebook
channels dimensions rate length size
A VAE unaugmented 128 64 1x107* 1.5x107* 65536 -
ARVQ-VAE1 augmented 128 64 — 1.5x107* 32768 2048
A RVQ-VAE 2 augmented 128 128 - 1.5x 1074 32768 2048
A RVQ-VAE 3 augmented 128 64 - 1.5x107* 196608 2048

Table 2: Comparison of results of experimental training runs for DGM of one audio channel. The ‘A RVQ-VAE 71’ run is
depicted twice for the respective purposes of: 1) presenting loss values at epoch 86 for ease of comparison with the ‘A
RVQ-VAE 2’ run; 2) presenting final loss values at epoch 186. All labeled columns are losses averaged over training steps
within the epoch, except ‘epoch’ and ‘inspection’. The ‘inspection’ column summarizes the qualitative judgments we made
during audio and visual inspection of generated modal outputs. Wherever a value is —, it is because that metric was not

calculated for that training run.

epoch MRSTFT| KLloss| quantizer| adversarial| feature- disc.] train| inspection
matching|
A VAE 186 0.905587 0.025764 - 0.080731 0.065305 1.565698 1.077424  successful
A RVQ-VAE 1 86 0.881584 — 0.296440 0.055323 0.065031 1.574482 1.298557  successful
A RVQ-VAE 1 186 0.832627 - 0.358071 0.033008 0.070342 1.801470 1.294094  successful
A RVQ-VAE 2 86 0.882269 — 0.291433 0.046758 0.061129  1.554498 1.281801 successful
A RVQ-VAE 3 186 0.620433 — 0.152697 - — — 0.773132  successful

were greatly improved by these adjustments?' and reconstruc-
tions sounded-to our ears—very similar to those from previous
runs.

6 Phase 2: Deep Generative Modeling of EMG
Signals

The heart of our method contribution lies in this section. The
Oobleck VAE of Stable Audio was intended to generate 1 or 2
channels [13]. Here, we document our process of adapting the
working audio DGM to account for the increased data-space
dimensionality of 6 EMG signal channels.

In practice, working with EMG and audio signals is similar.
Both are time-domain signals, thus many signal processing and
feature extraction techniques can be applied to both. Given these
similarities, we chose to use the same audio VAE that we had
already successfully trained (5.1) as a starting point to model
EMG signals.

However, we suspected that we would need to adjust the model
architecture and hyperparameters to account for the larger chan-
nel count. Our goal at this stage was to discover the appropriate
adjustments of these interdependent components.

We entered Phase 2 knowing that EMG signals are less inter-
pretable than viola audio signals in terms of human perception.
As such, we sought a solution whereby we could observe re-
constructions output by the EMG model and quickly judge the
reconstruction fidelity and accuracy in practice, without relying
on quantitative metrics alone.

Our solution to the challenge of signal interpretability was
to run a series of experiments modeling both modalities with a
VAE (7 channels), then to use the discovered architecture and
hyperparameters to train a 6-channel EMG VAE. Through this

21The improvements to MRSTFT and quantizer losses are unsurprising because the
discriminator would have introduced a competing training objective.

method, we discovered the appropriate architectural capacity
and hyperparameters for the increased dataset channel count.

6.1 EMG-+audio Experiments

We conducted the following training experiments where the VAE
input and output was paired samples of EMG and audio data
(6 channels of EMG signals and 1 channel of audio) totaling 7
channels. The objective was to discover settings for model archi-
tecture and training hyperparameters for the increased dataset
channel count.

The loss was a combination of KLD and a combined MRSTFT
reconstruction loss of all 7 channels. We used a KLD f of 1x 1074
as a starting point because this is the value stated in the original
Stable Audio publication [13]. For all experiments, the batch size
was 4 and the dataset was our custom dataset.

Architectural details and training hyperparameters from DGM
of audio (1 channel) and EMG signals (6 channels) are tabulated
in Table 3. Results are tabulated in Table 4. We refer to each
training run as EA (EMG+audio), numbered 1 - 5 (eg. ‘EA VAE 1’,
and so forth).

First, we investigated latent dimensionality. For EA VAE 1,
we used 128 convolutional channels and a latent dimensionality
of 128. We observed (Appendix A) a near-complete collapse of
diversity in reconstructions,?? and therefore deemed EA VAE 1
unsuccessful.

For EA VAE 2, we explored whether a latent dimensionality
of 128 was indeed too large, even when the number of convolu-
tional parameters is increased to 196 to account for the additional
dataset channels. Our observations were the same as for EA VAE
1.

Given that increased latent dimensionality did not prevent col-
lapse in effective generative diversity, we maintained the larger

22j.e. All generated outputs are visually and audibly indistinguishable, suggesting
convergence to a single average-like solution.
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Table 3: Comparison of architectural and training settings experimental training runs for DGM of 7 signal channels in
total (comprising 1 audio channel and 6 EMG channels). Wherever a value is —, it is because that metric was not calculated

for that training run.

dataset size num conv num latent KLD g learning rate sequence
channels dimensions length
EA VAE 1 augmented 128 128 1x107* 1.5x 1074 32768
EA VAE 2 augmented 196 128 1x107* 1.5x107* 32768
EA VAE 3 augmented 196 64 1x1075 1.5x107° 32768
EA VAE 4 augmented 196 64 1x1074 1.5x 1074 32768

Table 4: Comparison of results of experimental training runs for DGM of 7 signal channels in total (comprising 1 audio
channel and 6 EMG channels). All runs used standard VAE architecture (i.e. without a quantized latent space). Therefore,
quantizer loss is neither calculated nor depicted, unlike Tables 1 and 5. All labeled columns are losses averaged over
logged training steps within the epoch, except ’epoch’ and ’inspection’. The ’EA3’ run is depicted twice for the respective
purposes of: 1) presenting loss values at epoch 96 for ease of comparison with the ’EA2’ run; 2) presenting final loss values
at epoch 113. The ’inspection’ column summarizes the qualitative judgments we made during audio and visual inspection

of generated modal outputs.

epoch MRSTFT] KL loss| adversarial] feature- disc.] train| inspection
matching]|
EA VAE 1 113 1.406177 0.016579 0.065438 0.088408 1.559385 1.576601 unsuccessful
EA VAE 2 96 1.411290 0.000352 0.078537 0.120403 1.445802 1.610581 unsuccessful
EA VAE 3 96 1.099944 0.003866 0.011029 0.039306 1.804903 1.154145 successful
EA VAE 3 113 1.085277 0.003776 0.017864 0.033965 1.790194 1.140882 successful
EA VAE 4 113 1.372990 0.000143 0.056736 0.059722 1.685943 1.489592 unsuccessful

encoder and decoder capacity (196 convolutional channels), but
reverted to a latent dimensionality of 64 for EA VAE 3.

Promisingly, we observed accurate, diverse reconstructions
(Appendix B). The reconstructed EMG spectrograms seemed
to reproduce the general shape of the original spectrograms.
However, the spectrograms (both original and reconstruction)
look noisy to the naked eye. Furthermore, we observe a loss of
detail in the reconstructions that is especially noticeable above
35 Hz. We had anticipated some difference in quality between
original and generated signals, but were unsure whether the loss
of detail rendered our model unusable.

The additional feedback of audio reconstructions was helpful
in this regard. We observed that the model was able to reconstruct
exact audio pitches. By observing great improvements in audio
signal modeling—improved reconstruction diversity—, we were
able to make a quick judgment about the network’s ability to
model signals: that the EA3 network architecture is capable of
modeling our multi-channel, multi-modal dataset.

Although we had already found an acceptable model archi-
tecture with usable training dynamics, we sought to understand
how sensitive this architecture was to KLD f and learning rate.
For EA VAE 4, we again observed collapse in effective generative
diversity.

We were able to solve the problem of collapsed reconstruc-
tion diversity by increasing model capacity and lowering the KL
weight. This indicates that the model was over-regularized rela-
tive to its representational capacity and that the failure arose from
constrained information flow, not from adversarial instability or
intrinsic mode collapse caused by the discriminator.

6.2 EMG Experiments

We ran further experiments with only the 6 EMG channels from
our custom dataset. Table 5 presents architectural details and
training hyperparameters. Table 6 presents results.

For EMG VAE, we first replicated experiment EA VAE 3-this
time with only 6 EMG channels—to confirm whether the pre-
viously successful training dynamics and architectural settings
would produce favourable results with an EMG-only dataset.
Even with the absence of interpretable audio reconstructions,
our visual observations were similar enough to our observations
from EA VAE 3 that we supposed the model training was suc-
cessful.

We then added vector quantization for EMG RVQ-VAE (as
described in Section 5) and increased the learning rate from
1.5 X 107° to 1.5 X 107*. Our visual observations were again
similar to those of EA VAE 3 and EMG VAE, indicating that the
the EMG RVQ-VAE network architecture and training dynamics
were sufficient for modeling 6 channels of EMG signals.

7 Phase 3: Cross-Modal Mapping & Latent
Sequence Generation

Once we had two working RVQ-VAEs, our next challenge was to
implement a bridge between these two latent spaces.

Both cross-attention and self-attention are causal in the final
MLMLMLM Transformer, to facilitate token-by-token genera-
tion at inference time (Section 4.2.3). These features do require
adjustments at training time. To simplify debugging, we only
implemented these changes to the training script in the last de-
velopmental stages of the MLMLMLM Transformer.
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Table 5: Comparison of experimental training runs for DGM of EMG signals. The left column shows details about a training
run with a vanilla VAE. The right column shows details about a training run with a RVQ-VAE. The 'num conv channels’
refers to the number of convolutional channels in both the encoder and the decoder. Wherever a value is —, it is because
that metric was not calculated for that training run.

dataset size num conv num latent KLD g learning sequence codebook
channels dimensions rate length size
EMG VAE  augmented 196 64 1x1073 1.5x107° 32768 -
EMG RVQ-VAE  augmented 196 64 — 1.5% 107 65536 2048

Table 6: Comparison of results of experimental training runs for DGM of 6 EMG channels. Wherever a value is —, it is
because that metric was not calculated for that training run. All labeled columns are losses averaged over logged training
steps within the epoch, except ’epoch’ and ’inspection’. The ’inspection’ column summarizes the qualitative judgments we

made during audio and visual inspection of generated modal outputs.

epoch MRSTFT| KL loss| quantizer| adversarial|feature- disc.| train] inspection
matching|
EMG VAE 160 1.073588 0.003624 — 0.000393 0.019525 1.888853 1.097129  successful
EMG RVQ-VAE 160 0.711383 — 0.090453 — — — 0.801835 successful

We freeze both RVQ-VAEs during training to train only the
Transformer. During validation steps, we use the inference pipeline
(described in Section 4.2.3), to listen to the final audio outputs of
MLMLMLM.

7.0.1  Experiments. First, we trained the Transformer architec-
ture with a self-attention causal mask, but without a cross-attention
causal mask. We refer to this experiment as Transformer Experi-
ment 1 (TE1).

Next, we implemented kv caching and a causal mask on the
cross-attention mechanism. We made a custom generation func-
tion for autoregressive token-by-token generation, where both
self-attention and cross-attention are fully causal. We use this
function in the validation loop of Transformer Experiment 2
(TE2).

All runs were trained using teacher forcing, though we were
able to test sequence continuation with our custom generation
scripts during the validation step during training. For both ex-
periments, the vocabulary size is 8192. All runs were trained for
100 epochs. We used Adam optimization and a learning rate of
1 x 1072 and OneCycleLR annealing with a 15 epoch warm-up.

8 Discussion

The contributions presented herein form part of the first author’s
ongoing PhD research.?? A subsequent publication, currently in
preparation, will report on artistic practice involving an interac-
tive music system implementation of MLMLMLM.

In terms of future technical directions, we intend to under-
take further analysis of the Transformer decoder of MLMLMLM,
with particular focus on the strength of the cross-attention con-
ditioning signal. Additionally, there is space to undertake more
controlled RVQ-VAE experiments to fully understand the many
interdependencies of architectural choices and training dynamics
within MLMLMLM. Further exploration could also include sys-
tematic cross-modal evaluations and branching to other sensor
signal modalities.

ZResearch with MLMLMLM is ongoing. Performances and updates are documented
on the MLMLMLM project page: https://lucystrauss.com/mlmlmlm

Our method contribution and account of our TPR process
provide insight about the adaptation of audio DGM architectures
to DGM of multi-modal, non-audio sensor signals in NIME. We
speculate that our method is most likely to work for scenarios
that involve adapting neural audio synthesis architectures to
model non-audio time-domain signals, as was our case when
designing MLMLMLM.

We attempted to implement a learned start token, so that the
sequence generation could be influenced entirely by EMG latents
at inference time. However, these attempts were unsuccessful.
Our current solution is to encode audio signals (played by a live
performer or pre-recorded) at inference time with the audio RVQ-
VAE, and use these latents as start tokens for the self-attention
mechanism. With this solution, the start token can be concep-
tualised as a parameter for interactive control through sound in
live performance with MLMLMLM.?*

The most involved DGM task was the modeling of EMG sig-
nals because of their lack of interpretability. We had success
training the EMG RVQ-VAE with a learning rate of 1.5 X 107%,
whereas previous vanilla VAE runs with similar channel counts
had collapsed with that learning rate. This suggests that vector
quantization stabilizes VAE training, which is consistent with
literature on RVQ-VAEs [37]. In addition, the absence of KLD
in the loss for the EMG RVQ-VAE removed a major competing
objective from training, thus simplifying the DGM task.

Since we omitted KLD in our loss for the RVQ-VAEs, the
current MLMLMLM architecture does not necessarily support
smooth interpolations. Although this functionality is not strictly
necessary for the task of muscle-sound machine translation, there
is the potential to add these features in the future, towards a more

24Latency of MLMLMLM is configurable to some extent and is in a trade-off relation-
ship with the number of start-tokens provided at inference time (i.e. MLMLMLM is
more likely to generate well given more start-tokens, but the greater the number of
start-tokens, the greater the latency). In addition, latency is affected by computing
hardware and software signal routing routing of the interactive performance system
design in which MLMLMLM is implemented. For these reasons, we set an in-depth
discussion of latency aside for a future publication that focuses on live performance
with an MLMLMLM-based interactive performance system, whereas this paper
focuses on the TPR of our novel DGM method and serves as an initial presentation
of the MLMLMLM model, prior to its implementation in an interactive performance
system.
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versatile model architecture overall. We have not yet tested in-
cluding KLD during the RVQ-VAE training.

In hindsight, controlled experiments could have been achieved
by using RVQ-VAEs for all experiments, rather than vanilla VAEs
because findings from one architecture are not necessarily di-
rectly transferable to the other. For instance, vector quantization
can stabilise VAE training. Furthermore, we spent quite some
time tuning KLD f in the loss balance, even though we omitted
KLD from the loss function when training the RVQ-VAEs in the
current MLMLMLM architecture. Nonetheless, the vanilla VAE
experiments were useful for discovering requirements for latent
dimensionality and model size. We present our TPR process as it
happened in practice, in the hope that process may be informative
for fellow NIME researchers.

9 Conclusion

We have contributed a new method for more effectively evalu-
ating DGMs of EMG signals during the NIME design process.
This method can hold relevance for any continuous signal with
similar temporal structure to audio that has low-interpretability,
with the requirement that an interpretable companion modality
is present in the dataset.

Our method contribution emerged during the TPR process of
MLMLMLM. As such, this paper serves as an example of TPR
documentation and strengthens the argument for TPR as a mode
of research wherein knowledge emerges through the process of
doing technical work.

Complementary to our method contribution, we have con-
tributed MLMLMLM, a novel model architecture for cross-modal

Sig2Sig machine translation.?> The model training supports stream-

ing conditioning at inference time towards integration in live
performance settings.
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Cross-Modal Sig2Sig Machine Translation with Deep Generative Modeling for NIME Design

A Spectrogram Reconstructions from an
Unsuccessful Training Experiment

The following spectrograms are from the ‘EA VAE 1’ experi-
mental training run detailed in Section 6.1. The model failed to
generate a variety of model outputs. Notice that all generated
outputs are visually indistinguishable, suggesting convergence
to a single average-like solution. For comparison, we share spec-
trograms from a successful training run in Appendix B & C.%°
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Figure 7: Audio Channel. This spectrogram depicts four
pairs of original and reconstructed signals. Original and
reconstructed samples are interleaved.
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Figure 8: EMG Channel 1. This spectrogram depicts four
pairs of original and reconstructed signals. Original and
reconstructed samples are interleaved.

26 Associated listening examples are available online: https:/lucystrauss.github.io/
NIME_2026_examples/
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Figure 9: EMG Channel 2. This spectrogram depicts four
pairs of original and reconstructed signals. Original and
reconstructed samples are interleaved.
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Figure 10: EMG Channel 3. This spectrogram depicts four
pairs of original and reconstructed signals. Original and
reconstructed samples are interleaved.
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Figure 11: EMG Channel 4. This spectrogram depicts four
pairs of original and reconstructed signals. Original and
reconstructed samples are interleaved.
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Figure 12: EMG Channel 5. This spectrogram depicts four
pairs of original and reconstructed signals. Original and
reconstructed samples are interleaved.
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Figure 13: EMG Channel 6. This spectrogram depicts four
pairs of original and reconstructed signals. Original and
reconstructed samples are interleaved.
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B Spectrogram Reconstructions from a
Successful Training Experiment

The spectrograms in this section are from the ‘EA VAE 3’ experi-
mental training run (Section 6.1) at 113 epochs. The model was
able to generate a variety of model outputs.
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Figure 14: Audio Channel. This spectrogram depicts four
pairs of original and reconstructed signals. Original and
reconstructed samples are interleaved.
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Figure 16: EMG Channel 2. This spectrogram depicts four
pairs of original and reconstructed signals. Original and
reconstructed samples are interleaved.

Figure 17: EMG Channel 3. This spectrogram depicts four
pairs of original and reconstructed signals. Original and

reconstructed samples are interleaved.
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Figure 15: EMG Channel 1. This spectrogram depicts four
pairs of original and reconstructed signals. Original and
reconstructed samples are interleaved.
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Figure 18: EMG Channel 4. This spectrogram depicts four
pairs of original and reconstructed signals. Original and
reconstructed samples are interleaved.
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Figure 19: EMG Channel 5. This spectrogram depicts four
pairs of original and reconstructed signals. Original and
reconstructed samples are interleaved.
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Figure 20: EMG Channel 6. This spectrogram depicts four
pairs of original and reconstructed signals. Original and
reconstructed samples are interleaved.
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C Improvements to Reconstructions after
MelSpectrogram

More Training 120
The paper body reports loss values at 113 epochs for comparison 110
between experiments. However, we noticed during training that 100
this run seemed promising and continued training ‘EA VAE 3’ o
for 175 epochs total. Reconstruction accuracy seems to have
improved for channel 6 in particular, compared to Appendix B. 8o
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Figure 24: EMG Channel 3. This spectrogram depicts four
pairs of original and reconstructed signals. Original and
reconstructed samples are interleaved.
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Figure 22: EMG Channel 1. This spectrogram depicts four Figure 25: EMG Channel 4. This spectrogram depicts four
pairs of original and reconstructed signals. Original and pairs of original and reconstructed signals. Original and

reconstructed samples are interleaved. reconstructed samples are interleaved.
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Figure 26: EMG Channel 5. This spectrogram depicts four Figure 27: EMG Channel 6. This spectrogram depicts four
pairs of original and reconstructed signals. Original and pairs of original and reconstructed signals. Original and

reconstructed samples are interleaved. reconstructed samples are interleaved.
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