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Figure 1: Proposed physical controller for latent space traversal.

Abstract

Recent advances have made deep generative models practical for
live music performance. Moreover, latent spaces are increasingly
exposed as sites of musical interaction. However, their use as
control substrates remains overall under-explored as a first-class
design problem. We propose a tangible, reconfigurable controller,
conceived as a design probe for investigating the tradeoff between
exploration and reproducibility affordances across different map-
ping and visual feedback strategies. The system is demonstrated
through three use cases for as many representative models for
real-time synthesis of audio or symbolic music: RAVE, for neural
synthesis with high-dimensional opaque latents; MT-GEN_DDSP,
exploiting a known latent space with labeled timbre cluster; and
GrooveTransformer, for semantically-structured rhythm pattern
generation. Each use-case employs distinct sensor-to-latent map-
pings and visual feedback approaches tailored to the model’s
characteristics, ranging from 3D latent traversal with interaction
heatmaps, to semantic dimension mapping with timbre cluster
visualization, to descriptor-guided space navigation. By treating
latent spaces as explicit interaction surfaces, rather than imple-
mentation details, this work contributes to ongoing discussions
about controllability, legibility, and appropriation in machine
learning-based musical instruments.
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1 Introduction

While early deep generative models for music largely operated
in offline rendering workflows [17,/51], recent advances in deep
learning and computational power have enabled their use as
practical, instrument-like systems, capable of real-time audio
synthesis, timbre transfer, and symbolic generation [8, 20, [28].
Additionally, the NIME community has a long tradition of using
machine learning to build new instruments and performance
relationships, which constitutes a natural playground for investi-
gating modes of interaction with such systems [10} 36].

In particular, latent spaces - the internal representations
through which deep models encode and organize learned musical
concepts - offer a distinctive interaction opportunity, especially
when exposed as control parameters. Exposing and navigating
latent spaces as an input control can yield learned non-linear
transformations [40] that are difficult to access through conven-
tional mappings.

Although several works have begun to address interaction
with latent spaces [29] 44, [48|57], performance-oriented interac-
tion with these remains comparatively under-explored relative
to other aspects of generative music systems, especially as a
first-class design problem [1} 5]. Latent spaces are often treated
as implementation details rather than performance surfaces, as
interaction layers frequently default to fader/knob interfaces and
simple mappings [3}/6]. In addition, established NIME and HCI
perspectives argue that the design focus should be on interaction,
intended as what people can do, perceive, and learn, rather than
on the interface artifact itself [2]. From this viewpoint, latent
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spaces are not merely control domains: they are interaction sub-
strates whose navigability, legibility, and appropriability can be
designed, tested, and iterated [18].

However, latent spaces as interfaces to sound synthesis dis-
play idiosyncratic characteristics such as high-dimensionality,
no guaranteed alignment of dimensions to human concepts (i.e.,
semantic-opaqueness) [7,/49], and entangled / non-orthogonal
dimensions [44]. Due to these properties, the use of learned latent
spaces as control interfaces may not introduce a fundamentally
new interaction challenge, but rather, it recontextualizes within a
qualitatively different type of control space the well-established
tradeoff between variability and reproducibility affordances of
musical interfaces (concepts close to those of explorability and
virtuosity [35]).

Supported by recent findings from other voices in NIME and
real-time deep generative audio research [29]/44,57], we argue
that some established interaction design strategies must be re-
considered for the new learned and emergent structure of latent
interfaces.

In this paper, we present a physical interface for performance
with real-time deep generative audio models, made to explore
tradeoffs between explorability and reproducibility afforded by
different sensor and visual-feedback mappings - Fig.[1] As such,
in this work, we intend the device as a design probe [47], which
we apply to three representative use-cases among real-time deep
generative models:

e RAVE [8];
o MT-GEN_DDSP [15]
e GrooveTransformer [27, 28]

The 3D interface presented here is composed of a 2D sensing
surface suspended over springs, with vertical excursion as the
third axis. A matrix of RGB addressable LEDs is used as visual
feedback, either displaying a slice of a 3D space or information
about the model’s output. The source code for the interface,
models, and manufacturing designs are provided in the project’s

repositoryﬂ

2 Background

2.1 Machine Learning and Generative Models
in NIME

The use of machine learning as a material for musical instrument
design has a long tradition within the NIME community, from
early work on gesture recognition and mapping strategies [22],
to recent approaches based on deep generative models [36} 48]
In this context, learned models have been repeatedly framed as a
means to establish novel performance relationships [23] 53]
Early work demonstrated that autoencoder-based architec-
tures can learn meaningful low-dimensional embeddings of in-
strument sounds, enabling interpolation and timbre morphing
between instruments. For example, Engel et al. [21]] showed that
a WaveNet-style autoencoder can synthesize realistic musical
notes while providing a latent manifold suitable for musical con-
trol and timbral interpolation. More recently, advances in model
architecture and computational efficiency have significantly im-
proved the feasibility of deploying neural generative models in
real-time musical contexts. In particular, RAVE [8] represents a
key milestone in this direction, enabling fast, high-quality neural
audio synthesis suitable for live performance. In parallel, hybrid
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approaches such as DDSP [20}26] combine learned representa-
tions with structured synthesis models, offering new perspectives
on controllability and interpretability in neural audio systems.
Together, these developments reinforce the view of deep genera-
tive models as practical, instrument-like systems within NIME
practice.

Despite this growing body of work, surveys and meta-analyses
of machine learning in NIME point out that interaction design
is often treated as secondary to model performance or technical
novelty [36]]. This motivates a closer examination of how mu-
sicians can meaningfully interact with learned representations,
particularly latent spaces, in real-time performance settings.

2.2 Latent Spaces Interaction in Musical
Systems

The idea of using learned latent spaces from real-time deep gen-
erative models as a control surface for musical expression has
gained traction in recent years. While early systems often ex-
posed latent variables through simple parameter mappings [30],
more recent work has explicitly focused on how performers
navigate, explore, and appropriate these spaces during musical
interaction. A central challenge lies in providing intuitive, human-
centered control over latent spaces, often high-dimensional and
semantically opaque. The proof-of-concept system by Vigliensoni
and Fiebrink [52] maps a low-dimensional human performance
space to the latent space of a neural audio model by training
a regression model on a set of demonstrative actions, enabling
real-time steering. Ai-Terity 2.0 by Tahiroglu et al. [48] explores
the latent space of a GANSynth [19] model through a tangible, de-
formable interface designed to probe control directions through
physical interaction. Nebula, introduced by Horta Valenzuela
and Tomas [29], employs PCA to reorganize RAVE latent spaces
into performable timbral dimensions, supported by a graphical
interface and sensor-based instruments that enable visualized
trajectories and gestural control.

At the same time, intuitivity may not always be the primary
goal of interface designers for interfaces to deep generative audio
models. Stacco, by Privato et al. [44], provides control over latent
spaces through a set of magnetic attractors with inherently inter-
twined magnetic fields, deliberately leaning into the entangled
and opaque nature of latent dimensions.

Alternative metaphors for latent space exploration have also
been proposed. Scurto and Postel [46] introduced an approach
in the form of a sound walk, where users move through a 3D
virtual environment to explore a latent sound space generated by
deep learning. Complementarily, Zheng et al. [57] investigate the
subjective, embodied experience of navigating audio latent spaces
using gestural interfaces and graphic scores, providing insights
on how musicians develop performance techniques and gestural
vocabularies through repeated exploration of latent terrains.

These works demonstrate a growing interest in latent spaces
as sites of musical interaction.

2.3 Interaction Design, Tangibility, and
Control Intimacy

Beyond model architecture and control mappings, many stud-
ies report on the importance of interaction design principles
in shaping how musicians engage with complex computational
systems [12} 14} 24]. Within HCI and NIME, interaction is often
framed not as the manipulation of parameters, but as what users
can do, perceive, and learn through sustained engagement [2}18].
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From this perspective, latent spaces can be intended as interaction
substrates whose navigability and legibility are central design
concerns.

A foundational tension in the design of digital musical instru-
ments concerns the balance between explorability and repro-
ducibility. The most comprehensive account of this relationship
is given by Jorda [35]], who frames it through the lens of expressiv-
ity versus virtuosity, declining these into more granular concepts
like variability and reproducibility of an instrument’s musical out-
put. Moore [41] first introduced control intimacy as a performer’s
perception of the match between the behaviour of an instrument
and their capabilities when controlling it. Wessel and Wright
[54] expanded on the concept, relating it to virtuosity. Similarly,
Hunt et al. [31}/32] often mention instrument-effectiveness and
mapping-learnability in their research on instrumental mapping,
which are tightly linked to reproducibility. Magnusson [38] intro-
duces an 8D epistemic space for musical devices that provides a
framework for analyzing these tensions. Several of its dimensions
relate closely to explorability and reproducibility (i.e., Improvisa-
tion+Generality and Magnusson’s Explorability+Expressive Con-
straints). Furthermore, Boden [4] highlights how full explorability
without reproducibility can be futile, as some locations of a large
search space may be irrelevant to the task at hand.

Research on tangible and physical interfaces for musical in-
teraction provides further grounding for embedding latent space
control into physical artifacts. Early work on tangible user in-
terfaces demonstrated how physical affordances can support
expressive and exploratory interaction with digital systems [33]].
In the musical domain, matrix-based and spatial controllers have
long been explored as alternatives to linear parameter mappings,
supporting multidimensional navigation and embodied interac-
tion [43].

Recent work on explainable Al in creative practice has mo-
tivated designs where visual feedback, spatial metaphors, and
interaction traces function as situated, performative explanations
that emerge through interaction itself [1,5]. Across these per-
spectives, a recurring theme is the need for interaction designs
that remain understandable, transferable, and reusable beyond
their original technical context. This issue has gained increasing
attention in discussions of documentation, reproducibility, and
longevity within the NIME community [9} [13}/36].

Where prior work has focused on synthesis quality, algorith-
mic control strategies, or software-based exploration of latent
spaces, physical, tangible, high-dimensional control surfaces explic-
itly designed to traverse and sculpt latent spaces in performance
remain relatively underexplored. The present work contributes
to this emerging area.

3 Physical Interface

The proposed physical controller is a 3D interface revolving
around a 2D resistive touch surface (GT@70E), a distance sensor,
and a matrix of addressable RGB LEDs (WS2812B 16x16) for visual
feedback. The interface (Fig. left) consists of a flat upper surface
(containing the matrix and transparent touch surface) which is
mounted on four spring-loaded brass rods. Pressing on the upper
surface causes the rods to go through the lower plate and the
entire surface to lower, while return is granted by the springs
(Fig. [2Jright). The touch surface provides 2D data while a time-of-
flight distance sensor (VL53L0X) measures the third dimension.
An Arduino Uno is used to interface with a computer running the
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Figure 2: Overall view of the device (left) and detail of the
spring suspension system for the moving surface (right).

models. The collapsing surface is inspired by the Trautoniumn’s
pressure/depth-sensing rails [45]].

The interface is composed of low-cost components and mate-
rial offcuts (MDF wood, acrylic), which were laser-cut at a local
FabLab. Additionally, small 3D printed anchors were made to
connect rods to the upper surface through screws. Designs are
open-source and accessible in the project’s repositoryﬂ

4 Three Use Cases

After the development of the hardware controller, we identi-
fied three existing real-time capable generative models in the
literature, each with peculiar capabilities and musical behav-
iors. For each, we devised a distinct mapping strategy for the
control and visual feedback (Table . Such ideas did not arise
from a strict design process: they instead emerged spontaneously
through hands-on interaction with the chosen models. Previous
exploratory use revealed distinctive affordances and limitations,
which, in turn, suggested how control parameters and visual
feedback could be meaningfully exposed through the interface.

For the sake of conciseness, this section provides an overview
of the overall process for adapting models to the interface. For
additional technical details of architectures and training pipelines,
please refer to the repositoryﬂ

Table 1: Model comparison across mapping strategy and
visual feedback

Model Mapping Strategy Visual Feedback

RAVE [8] 3D direct Traversal Heatmap
MT-GEN_DDSP [15] Dimension upscaling 3D Landmarks
GrooveTransformer [28] | Semantic dimensions Model informed

4.1 RAVE

A RAVE decoder [8] was chosen as one of the use cases, as a prime
example of real-time deep audio synthesis methods still widely
used in literature (e.g., [29, [44]]. RAVE is a variational autoen-
coder operating directly on audio signals, capable of shrinking
audio frames down to 8D or 4D latent vectors while maintaining
good reconstruction metrics. As a result of the neural compres-
sion, RAVE’s latent space is defined by relevant dimensions that
have no semantic meaning or clear mapping to the synthesized
sound (e.g., no pitch slider, attack control). While a full RAVE
architecture can be used for timbre transfer, a RAVE decoder
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Figure 3: Heatmap visualization method, dynamically showing most visited areas of the 3D space, with a color scale that
shows decay of “heat” through time.

Figure 4: Cluster visualization method showing colored instrument clusters at a specific slice of the 3D space, controlled by
the depth motion.

Figure 5: Semantic feedback method for the GrooveTransformer, showing on the left three columns with live feedback
from x, y, and depth sensor input, and on the right four rhythm sequence patterns outputted by the model.
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alone can be used for synthesis. We chose a pretrained model
(i.e., Sol_ordinario, from the Acids groulﬂ)‘ The model is run
in a Pure Data (Pd) patch (Plugdata port) through the nnﬁtildeﬂ
external. The interface communicates through serial messages
with the Pd patch directly (Fig. @

4.1.1 Mapping Strategy. RAVE exposes a low-dimensional la-
tent representation (4D in the selected configuration) that can
be directly manipulated at inference time, fostering immediate
and reactive interaction. Therefore, we adopt a 3D direct latent
mapping, where we map the 3D controller axes to the first three
latent dimensions of the RAVE decoder. The 4th dimension can
be left fixed or set as a linear combination of the three dimensions
in the Pd patch.

4.1.2  Visual Feedback. RAVE’s latent dimensions are not ex-
plicitly associated with semantic musical attributes; therefore,
we choose a visual feedback that could balance the exploration-
learning mapping strategy. We implement a heatmap visualiza-
tion to keep track of the recent and most visited loci (Fig. .
During performance, the Arduino monitors the current position
at 20ms intervals and adds heat to corresponding cells of a down-
sampled representation of the 3D sensor space. Heat decays in a
non-linear fashion in time. This is rendered on the LED matrix to
show the slice of the heatmap at the current depth/vertical axis
value. Heat is rendered with a color scale, resulting in a colored
map that emphasizes regions of sustained activity. Heatmap vi-
sual feedback is meant to support orientation and path retracing.
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Figure 6: Plugdata patch with a serial message receiver,
feeding controls from the physical interface to a XXX
RAVE decoder running in nn_tilde.

4.2 MT-GEN_DDSP

MT-GEN_DDSP [15] is a generative architecture in which a
DDSP [20] decoder is trained directly from latent representa-
tions encoded, offline, by a variational autoencoder (VAE). The
VAE learns a disentangled representation that separates timbre
and dynamics: this information, along with pitch and envelopes,
is jointly used by the decoder to generate audio signals.

The VAE model is explicitly trained to separate the latent space
into meaningful timbre clusters and, therefore, already provides
an ideal access point for latent control. We first train a small
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version of an MT-GEN_DDSP model in its 4-timbre configura-
tion, adding a phase-preserving mechanism for continuous audio
streaming. Training data consists of instrumental samples from
the TinySOL [11] dataset, i.e., horn, accordion, violin, and bass
clarinet. Therefore, the disentangled representation was achieved
by exploiting the instrumental labels from the dataset as separate
timbre classes. Due to its small size, the model can efficiently be
inferenced in real-time (in our case, through a Python script).

4.2.1 Mapping Strategy. We decided to use the controller to
navigate the timbral latent space as direct access to this space
represents the most peculiar property of the model, leaving pitch,
dynamics, and envelope parameters to be controlled by external
systems, such as MIDI keyboards or sequencers. Unlike RAVE,
where a compact subspace is exposed directly for interaction,
the 16-dimensional latent space of MT-GEN_DDSP is trained
to encode semantically meaningful timbral factors but does not
provide a low-dimensional control space. Consequently, a projec-
tion between the latent space and the controller’s 3D interaction
domain is required.

For each training sample, we extract the corresponding 16-
dimensional latent vector and project the full latent dataset into
three dimensions using t-SNE. The resulting 3D coordinates,
paired with their respective 16-dimensional vectors, are used to
train a small MultiLayer Perceptron (MLP) that learns the inverse
transformation (i.e., dimensionality upscaling). During inference,
the controller provides 3D coordinates, which are upscaled by
the MLP into 16-dimensional latent vectors and passed to the
MT-GEN_DDSP (see Fig.[7).

4.2.2  Visual Feedback. The 3D space generated through t-SNE
dimensionality reduction for control mapping is repurposed to
visualize the aforementioned meaningful data clusters. Instru-
mental timbre clusters are color-coded by their label for visual
separation in the 3D space. The LED matrix is set to display depth
slices of the resulting space, corresponding to vertical-excursion
sensor readings.

To obtain cluster positions, we normalize [-1,1] the t-SNE space
and compute the center of mass and diameter for each timbre
cluster. When the model is loaded, this information, along with
color relative to each cluster, is sent to the controller for direct
visualization - Fig.

TIMBRE

Figure 7: MT-GEN_DDSP mu_t t-SNE latent representation
and the respective rendering on the controller. With the
surface at the upper position (i.e., not depressed), the top

of the sole upper cluster is visible.

4.3 GrooveTransformer

GrooveTransformer [28] is a transformer-based drum pattern
generator which infers a bar-level HVO representation, i.e., a
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discrete-time matrix encoding hits (H), velocities (V), and micro-
timing offsets (O), for multiple drum voices. We use the light-
version model from the original repository, pretrained on the
Groove MIDI Dataset (GMD) [25], and segment performances
into individual bars (empty bars and outliers are filtered out).

4.3.1 Mapping Strategy. The mapping strategy selected for
GrooveTransformer consists of forcing semantic meaning on la-
tent control dimensions. To do so, we extract the encoder memory
for each bar and compute three continuous descriptors (density,
intensity, timing looseness). An AutoEncoder (AE) is then trained
to reconstruct the encoder memory while constraining its first
three latent dimensions to match the standardized descriptors,
an approach inspired by Fader Networks [37] (see Fig. [3).

During inference, 3D coordinates are mapped to nearby points
in this guided space via k-nearest neighbors; one neighbor is
sampled, decoded back into encoder memory, and passed through
the GrooveTransformer output stage to recover an HVO matrix,
which is finally converted to OSC events. OSC messages are used
to trigger drum samples.

4.3.2  Visual Feedback. For visual feedback, we chose to provide
model-specific information by displaying the generated HVO ma-
trix directly onto the controller surface. Since the model operates
in discrete time at the bar level, we realized that it was important
to display the upcoming pattern before it is played. We there-
fore used four columns of LEDs as step sequencers, where colors
encode different drum voices, and luminosity reflects velocity.
Microtiming offsets are ignored in the visualization. Remaining
empty columns were used to display density, intensity, and tim-
ing looseness sensor input, helping support proprioception when
interacting with the interface (see Fig.[5).

Figure 8: Latent representation of the AE injected into the
GrooveTransformer, color-coded by (a) density; (b)
intensity; and (c) timing.

5 Design Reflections

Here, we report on our reflections on the design and first interac-
tions with the three distinct approaches to physical control and
visual feedback for real-time generative sound models.

5.1 Latent Spaces and Explorability -
Riproducibility
The three approaches to latent space control occupy different
points along the explorability-reproducibility spectrum [34].
The direct mapping approach used with the RAVE model can
be positioned towards the explorability end of the spectrum, as
it leans into the semantic opaqueness and entangled nature of
latent space dimensions [7,/49]. Despite the deterministic nature
of the mapping from 3D control space to latent dimensions, the
intertwined nature of the space itself makes it hard to predict
exact musical output resulting from a given control input, and
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was found to encourage exploration. This resonates with Stacco’s
approach [44], though the entanglement here is confined to the
latent dimensions rather than extending to the control interface.

The GrooveTransformer-based approach, on the other hand, is
at the reproducibility end of the spectrum. The control mapping
is based on forcing structure on the latent space around known
and understandable musical dimensions, inspired by descriptor-
guided approaches [28] [37]. This is desirable in terms of control
and reproducibility, as it allows the performer to have a clear
understanding of how their control input will affect the sound
output, therefore favoring learnability and intentional repetitions
[56].

Finally, the MT-GEN_DDSP-based approach can be positioned
in the middle of the spectrum, as the latent space, although high-
dimensional, is explicitly structured around timbral semantics
through training [15]. The upscaling network offers full con-
trol over latent dimensions and supports a certain degree of
exploration. In this sense, it relates to the RAVE case, preserving
continuous latent traversals, yet it is also close to the Groove-
Transformer case, in that semantic, timbre-related landmarks
constrain the space and support reproducibility. This strategy
is conceptually close to Nebula [29], which reorganizes latents
towards performability; here, however, landmarks provide orien-
tation without restructuring the space into orthogonal control
axes.

5.2 Visual Feedback as Legibility

In the three systems, the visual feedback has been designed to
be not solely ancillary to latent control, but as an additional
interaction layer that supports how the space is perceived and
appropriated [50]. Indeed, each display enacts peculiar forms
of legibility, resulting from different assumptions about what
musicians need to see to produce meaningful actions. These
assumptions were derived from practical considerations that
emerged spontaneously during exploratory sessions with the
models and mappings.

Moreover, visual feedback strategies resulted also from the
relative sensor mapping strategies, either by following a similar
concept, or by counterbalancing characteristics of the sensor
mapping. Compounded with sensor mapping modalities, these
promoted different modes of interaction.

In the case of the GrooveTransformer, mirroring the model
output anticipates a preview of the upcoming generated bar,
reinforcing predictability and intentionality. With RAVE, the
heatmap reflecting history supports self-guided traversal explo-
rations without imposing semantic interpretation. Finally, the
fixed landmarks for the MT-GEN_DDSP provide orientation but
also leave room for discovery. This resonates with recent argu-
ments that explainability for creative practices can be enacted
through situated performative feedback [1}5].

Finally, visual feedback was found to be more immediate than
the sole audio component, thereby allowing for partial offloading
of cognitive processes into it while performing, in line with e.g.,
[16,139].

5.3 Transversal Considerations

Beyond control mapping reflections, other practical aspects
emerged during development. Notably, implementing the RAVE-
based approach entirely within a Pd patch enabled rapid proto-
typing and iteration.
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More complex mapping strategies were easily implemented
and tested (e.g., for example creating combinations of control
axes to control additional latent dimensions). Additionally, RAVE
models were easily swapped in and out. This supports practices of
appropriation of the instrument and mappings [55]. On the con-
trary, MT-GEN_DDSP and GrooveTransformer-based approaches
were more reluctant to change. For MT-GEN_DDSP, control map-
ping and visualization are based on a known latent space and re-
quire both a reduction and an upscaling step. This makes it more
difficult to test different sounds and latent spaces. For Groove-
Transformer, the control mapping is intrinsically less flexible.

5.4 Limitations and Future Directions

This paper uses three models as situated probes across the ex-
plorability/reproducibility spectrum, consistent with interaction
perspectives in NIME and HCI [2,[18]. We reported on develop-
ment considerations arising from the design process and first
experiences with the use cases as performers. Accordingly, we
acknowledge the limited scope of preliminary findings on the
proposed design probe. Future work will include longitudinal
user studies of performer learning, as virtuosity and instrumental
identity emerge through sustained practice [34}42].

Moreover, the system was intentionally designed using rela-
tively low-cost components, offcuts, and other material ready-
at-hand, which introduced hardware limitations: the reduced
microcontroller memory constrained both the spatial and color
resolution of most visual renderings, and the spring mechanism
worked but did not provide consistent pressure at all corners.
A more refined future iteration should be based on a more apt
microcontroller and explore gear-matched lowering mechanisms,
striving for robustness and longevity [9]13].

6 Conclusion

This paper presented a physical controller designed as a probe for
exploring latent space interaction in real-time generative audio
models. Through three distinct use cases, RAVE, MT-GEN_DDSP,
and GrooveTransformer, we demonstrated how different map-
ping strategies and visual feedback approaches can address the
explorability-reproducibility tradeoff inherent in latent space
navigation. Each use case occupied a different position along
this spectrum: RAVE prioritized exploration through direct 3D
mapping with heatmap traces; MT-GEN_DDSP balanced both
affordances via dimensionality upscaling and cluster landmarks;
and GrooveTransformer emphasized reproducibility through
semantically-guided dimensions with anticipatory feedback.

By treating latent spaces as explicit interaction surfaces, this
work contributes to ongoing discussions about controllability,
legibility, and appropriation in machine learning-based musical
instruments.
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